
123

A Useful Tool for Clinical 
Decision-Making

Giuseppe Biondi-Zoccai
Editor 

Diagnostic 
Meta-Analysis



Diagnostic Meta-Analysis



Giuseppe Biondi-Zoccai
Editor

Diagnostic Meta-Analysis

A Useful Tool for Clinical 
Decision-Making



Editor
Giuseppe Biondi-Zoccai
Department of Medico-Surgical Sciences
Sapienza University of Rome
Latina
Italy

ISBN 978-3-319-78965-1    ISBN 978-3-319-78966-8 (eBook)
https://doi.org/10.1007/978-3-319-78966-8

Library of Congress Control Number: 2018949118

© Springer International Publishing AG, part of Springer Nature 2018
This work is subject to copyright. All rights are reserved by the Publisher, whether the whole or part of 
the material is concerned, specifically the rights of translation, reprinting, reuse of illustrations, recitation, 
broadcasting, reproduction on microfilms or in any other physical way, and transmission or information 
storage and retrieval, electronic adaptation, computer software, or by similar or dissimilar methodology 
now known or hereafter developed.
The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication 
does not imply, even in the absence of a specific statement, that such names are exempt from the relevant 
protective laws and regulations and therefore free for general use.
The publisher, the authors and the editors are safe to assume that the advice and information in this book 
are believed to be true and accurate at the date of publication. Neither the publisher nor the authors or the 
editors give a warranty, express or implied, with respect to the material contained herein or for any errors 
or omissions that may have been made. The publisher remains neutral with regard to jurisdictional claims 
in published maps and institutional affiliations.

Printed on acid-free paper

This Springer imprint is published by the registered company Springer International Publishing AG part 
of Springer Nature.
The registered company address is: Gewerbestrasse 11, 6330 Cham, Switzerland

https://doi.org/10.1007/978-3-319-78966-8


To Vincenzo, brother, friend, and father



vii

Foreword

When they wake up in the morning in the third millennium medical students silently 
give thanks that they are no longer required to do diagnosis by tasting their patients’ 
urine. Truly diagnosis has come a long way since then.

The growth of interest in the scientific study of diagnosis goes back many years 
and has its origins in a number of issues which emerged in the second half of the last 
century. The desire to compare the health not just of people within countries but also 
between countries gave rise to international classifications like that of the World 
Health Organization with its successive International Classification of Diseases. 
The regulation of medicinal products and their use gave rise to clinical trials of the 
new medicines and these trials triggered interest in precise and operationalizable 
diagnostic criteria. Finally researchers in various countries started international 
comparative studies of the causes and prognosis of disease and they needed to be 
sure that each team meant the same by each diagnostic label.

An interesting development in the last quarter of the last century was the realiza-
tion that patients did not always present early in the course of their illness and so 
opportunities for effective intervention were being missed with resultant human 
suffering. In many cases this late presentation was perfectly understandable as the 
disease was often silent in its early stages. The technology of screening was rapidly 
developed but also revealed that the criteria for a successful screening test were very 
stringent as sensitivity and specificity needed to be very high. Low sensitivity would 
mean missing many true cases of disease which rather defeated the object of screen-
ing for it. Low specificity would mean, especially when the disease was of low 
community prevalence, that many true non-cases were erroneously identified and 
subject to both unnecessary follow-up investigations but also equally unnecessary 
anxiety and distress. Estimating the high values of both sensitivity and specificity 
was going to demand very large studies.

As interest in diagnosis began to grow for the reasons we have outlined it also 
became clear that many studies were far too small. There were many reasons for 
this. Researchers did not usually have as their primary interest the development and 
testing of their diagnostic tools and in their anxiety to proceed to the main part of 
their epidemiological study or clinical trial they understandably did a good job 
rather than an optimal one. Obtaining funding to develop diagnostic tools was dif-
ficult as such work often did not fit into the priorities of governments and charities.
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Against all this background it is easy to see why researchers interested in diag-
nosis were attracted to the possibilities of taking some of the methods which their 
colleagues in clinical trials had been so keen to adopt to meta-analyze study results. 
It is the technology which diagnostic study meta-analysis requires which is both 
similar to but also subtly different from that for clinical trials that this book sets out.

King’s College Michael Dewey
London, UK

Foreword
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Preface

Kindness is the language which the deaf can hear and the blind can see

Mark Twain

What is the first goal that comes to my mind when conceiving the idea of a new 
book? Summarizing the evidence base on an intriguing topic? Leading an authorita-
tive team of international experts? Forcing my personal agenda in shaping the pres-
ent and future of scholarly endeavors? Actually, none of them. In all truth, I 
conceived the idea of this book devoted to diagnostic meta-analyses, my third opus 
on evidence synthesis after the others focusing on network meta-analyses and 
umbrella reviews [1–2], with a very personal goal. I wanted to thank and provide 
recognition to someone I have always felt very special to me: my brother, Vincenzo.

He has always been a father and a friend, on top of being a brother. He has always 
proved a formidable mentor, not simply a technical or knowledgeable one, but a true 
expert in empathy and affection. This holds even truer in these last years, which 
have been among the toughest for me and my sons, Attilio Nicola, Giuseppe Giulio, 
and Giovanni Vincenzo. Through his support, as well as the guidance of my mother, 
Giulia, my father, Gianni, and my sisters, Erica and Gina, I have been able to over-
come several personal and professional hurdles, and luckily could complete the 
unique opportunity of editing this book.

On top of my family, I really wish to testify my gratitude to my friend and men-
tor, Antonio Abbate, who, despite the distance, has been as close as ever. Enrico 
Romagnoli, much closer in distance and as tight in friendship, has patiently listened 
to all my personal and professional complaints and has inspired me through his 
outstanding bearing as father and physician. Giacomo Frati, who has always 
believed in me and continues to do so in professional and personal terms, despite 
my ups and downs, is also to be thanked wholeheartedly for combining friendship 
and alliance for a common success. Last but not least, Laura Gatto lighted my recent 
path with her wholehearted, caring and forceful support.

Paradoxically, I also want to thank all those people who have criticized, debased, 
or challenged me professionally or personally in the last few years. They have been 
many and enthusiast in their ominous purpose, and this is one of the reasons I prefer 
to avoid identifying them. Despite often leaving marks and bruises, and occasion-
ally scars, some quite profound, they have confirmed me that only our inner drive to 
sacrifice, success, and sharing can bring forward our very best.
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Thinking about challenges, I often face people skeptical or derisive towards 
meta-analysis, who ask me why I have taken so much at heart and continue to focus 
attentively on a topic that many consider non-scientific at best. I have previously 
recounted my personal and professional journey into meta-analysis (now totaling 
more than 200 of them) [1–2]. Accordingly, I will be very brief: META- ANALYSIS 
IS FUN! Indeed, the best meta-analysis is a unique combination of clinical exper-
tise, methodological insight, and communication skills, leading together towards a 
piece of original research that can guide researchers, clinicians, and patients, while 
also satisfying your ego and supporting your career [3]. No other type of research 
endeavor can timely combine these potent ingredients and eventually provide you 
an edible product.

Despite their fun, meta-analyses are facing several challenges in recent years [4]. 
The first obvious challenge is that, being relatively easy to plan and perform, at least 
in skilled hands, there are now several redundant if not copycat meta-analyses avail-
able [5]. In addition, in the information technology era, it is conceivable that meta- 
analyses as currently conducted will become obsolete and self-learning approaches 
will automatically provide comparable results in a fraction of a second [6]. Third, 
conversely, there is a booming literature on alternative methods for meta-analysis, 
which creates uncertainty on which method is best, and may also undermine the 
credibility of previously established methods [7]. As commonplace in research, 
“prediction is very difficult, especially about the future” [8]. However, we expect 
that some sort of expertise will always be required to conduct a meta-analysis, and, 
even in the worst-case scenario, to interpret and apply one correctly.

And this preamble brings forward the need for the present book, aiming at boost-
ing methodological and operative knowledge in this field, with a specific focus on 
diagnostic tests. Indeed, most meta-analyses published today represent systematic 
reviews and pooled analyses at the study level of controlled clinical trials [1, 9, 10]. 
Other types of meta-analyses are available as well, but they are less prominent. One 
specific type of meta-analysis is the one focusing on diagnosis rather than therapy, 
i.e., a meta-analysis pooling diagnostic test accuracy studies [11]. While random-
ized trials of diagnostic strategies are also possible, they are quite uncommon, thus 
leaving the evidence on diagnostic decision making mainly relying on studies of 
diagnostic test accuracy [12].

As there is no book to date devoted to this interesting field of clinical and statisti-
cal research, we have aimed at filling such gap and provide clinicians and research-
ers with state-of-the-art guidance to conceive, design, conduct, report, and apply a 
meta-analysis of diagnostic test accuracy studies. Readers should be aware though 
that the Cochrane Library has put enormous efforts at improving the methodology 
of this type of research synthesis, and draft chapters of their upcoming book on this 
topic are available for free online [13]. Finally, diagnostic studies should best be 
viewed in the continuum of clinical practice, from prevention, to treatment, and 
rehabilitation. Accordingly, the best test of a diagnostic study remains, only appar-
ently paradoxically, a randomized trial (or a set of randomized trials summarized in 
a dedicated meta-analysis) [14].

Preface
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Despite these caveats, we hope people interested in evidence synthesis, clinical 
practice, and statistical methodology will find reading this book fruitful and enjoy-
able as much as we found editing it.

Because, in all truth, meta-analysis is fun!

Latina, Italy Giuseppe Biondi-Zoccai
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1Introduction to Clinical Diagnosis

Giuseppe Biondi-Zoccai, Mariangela Peruzzi, 
Simona Mastrangeli, and Giacomo Frati

Since its initial formalizing attempts, medical practice has focused on the precise 
characterization of a patient’s ailments and their cure. Whereas cure may often 
be beyond reach, no constructive management plan can be envisioned if the dis-
ease has not been identified and characterized in a formal and reproducible fash-
ion, through the process of clinical diagnosis. Diagnosis, which has been 
formalized thousands of years ago in Ancient Greece, means indeed knowing 
through [1]. It is based on the iteratively approximating process of identifying 
the actual cause(s) of a complex maze of pathological signs and symptoms from 
beginning to late consequences, pinpointing management and providing an 
opportunity to improve health while minimizing the risk of adverse effects of 
clinical intervention [2].

Diagnostic practice, thus, is based on comparative analysis and probability 
concepts, in as much as a given diagnosis appears more likely than a competing 
one, eventually toppling in the practitioner’s mind the less plausible alternatives, 
albeit using the falsification framework formalized by Karl Popper [3]. However, 
establishing a diagnosis requires the application of a rule or test, or set of them, 
that definitely or likely identify a given condition. Absolute certainty is not always 

Art is long, life is short

Hippocrates

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-78966-8_1&domain=pdf
mailto:giuseppe.biondizoccai@uniroma1.it
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required for clinical diagnosis, as a careful balance between efficiency and plau-
sibility is always sought (Fig. 1.1) [4, 5]. In the absence of a pathological or post-
mortem characterization, any diagnostic test requires comparative support from 
another test (typically called reference standard or gold standard), thus defining 
the peculiarity of studies appraising diagnostic tests [6, 7]. Once the features of 
the index and reference test have been defined and data collected, dimensions of 
comparative accuracy can be appraised quantitatively and their yield used to guide 
decision-making.

1.1  Index Test

The index test is the diagnostic test which is of interest to the clinician, as a novel 
diagnostic tool to identify a given condition. Several reasons may make it more 
appealing than the reference test. For instance, it may be less expensive, less inva-
sive, and ultimately safer [8, 9]. Otherwise, it may be performed earlier than a refer-
ence test, and thus provide ampler means to prevent or treat the condition of interest 
[10]. Finally, it may serve as an add-on to refine diagnostic clustering after a pre-
liminary test has been completed [11].

Typically, any diagnostic test, including thus the index test, provides a range of 
results, which may have a varying range of strengths of association with the condi-
tion of interest. There may be key exceptions to this paradigm (e.g., genetic tests 
aimed at identifying a specific mutation), but most tests used in clinical practice do 
not provide per se a yes or no answer. Accordingly, a diagnostic threshold is applied, 
such that test results lower than the threshold are considered negative and those 
higher than the threshold positive (Fig.  1.2) [12]. This continuum of possible 
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Arterial hypertension
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example

Fig. 1.1 Impact of 
different diagnostic levels 
in clinical practice, with 
suitable examples of 
clinical scenarios

G. Biondi-Zoccai et al.
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diagnostic thresholds can be formally appraised in a comparative analysis with spe-
cific dimensions of diagnostic test accuracy [13]. Usually, there is indeed an obvi-
ous trade-off between a lower and a higher threshold. For instance, using a lower 
threshold to define the presence of diabetes based on fasting blood glucose testing 
will lead to more patients being considered diabetics (Fig. 1.3). This could result in 
more subjects being offered promising preventive means but could also increase the 
risk of side effects and inappropriate disability labeling. Conversely, using a higher 
threshold when interpreting the results of fine-needle aspiration biopsy for a breast 
lump might limit chemotherapy and radiotherapy to the few patients with large 
malignant masses but could also prevent other subjects with borderline lesions to 
receive timely and potentially life-saving treatment (Fig. 1.4).

Non-diseased

Threshold

Diseased

TN

FN FP

TP

Fig. 1.2 Graphical 
representation of different 
results of the index test in 
non-diseased and diseased 
subjects (according to a 
dichotomous interpretation 
of the reference test), 
highlighting the choice of a 
threshold which balances 
sensitivity and specificity. 
FN false negatives, FP 
false positives, TN true 
negatives, TP true positives

Non-diseased

Threshold

Diseased

TN

FN FP

TP

Fig. 1.3 Impact of a lower 
diagnostic threshold when 
interpreting different 
results of the index test in 
non-diseased and diseased 
subjects (according to a 
dichotomous interpretation 
of the reference test), 
highlighting the increase in 
sensitivity offset by a 
decrease in specificity 
(compared to the previous 
figure). FN false negatives, 
FP false positives, TN true 
negatives, TP true positives

1 Introduction to Clinical Diagnosis
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1.2  Reference Test

Any diagnostic test which is considered clinically established can be used as a refer-
ence test for a comparative diagnostic test accuracy study. In most clinical and 
research settings, a reference test is a testing procedure which is established and 
reliable, despite its inherent limitations. Obviously, in most cases, what is currently 
considered a reference test might well have been labeled in the past an index test 
requiring external validation. Thus, the arguments proposed beforehand to index 
tests may also apply to reference tests. Of course, in some cases the ultimate refer-
ence test is the self-evident clinical diagnosis itself, either considered clinically or 
appraised pathologically, e.g., post-mortem. Paradoxically, limitations in the accu-
racy of pathologic and post-mortem diagnosis can also apply. In any case, waiting 
for disease onset or even fatal disease is clinically inefficient and unethical, thus the 
need for more timely diagnosis. Typical reference tests can be considered, for 
instance, a diagnosis of myocardial infarction based on a complex set of symptoms, 
permanent electrocardiographic abnormalities, and changes in serum levels of car-
diac biomarkers, or the pathognomonic features of brain magnetic resonance imag-
ing shortly after and long after an ischemic stroke.

1.3  Dimensions of Diagnostic Accuracy

The comparison of two diagnostic tests, such as the index and the reference tests, 
can be considered as an appraisal of the consistency of the association between 
two variables [14]. The simplest scenario is when both provide a yes and no 
answer, leading to the creation of a two-by-two table with the accompanying mea-
sures of association (Tables 1.1 and 1.2). When one variable is continuous and the 
other dichotomous, different thresholds can be considered, or a continuous 

Non-diseased

Threshold

Diseased

TN

FN FP

TP

Fig. 1.4 Impact of a 
higher diagnostic threshold 
when interpreting different 
results of the index test in 
non-diseased and diseased 
subjects (according to a 
dichotomous interpretation 
of the reference test), 
highlighting the increase in 
specificity offset by a 
decrease in sensitivity 
(compared to the previous 
two figures). FN false 
negatives, FP false 
positives, TN true 
negatives, TP true positives
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threshold approach can be used. If both variables are continuous, then different 
thresholds for both tests can be used. Otherwise, standard approaches to appraise 
correlation, regression, and bias (e.g., the Bland-Altman method) can be employed 
[15, 16].

The most common and clinically relevant scenario is however one in which both 
tests provide a yes and no answer, leading to the definition of four groups of patients: 
true negatives, false negatives, true positives, and false positives, with accompany-
ing results for prevalence, sensitivity, and specificity.

 Conclusion
Diagnosis is based on testing, and thus the precise purpose and context of the test 
must be borne in mind. Eventually, the test must be considered capable of 
improving patient health or, at the very minimum, provide societal utility, [17, 
18] thus requiring proof of benefit from a randomized controlled trial [19]. More 
pragmatically, the applicability of the test, for screening, as an add-on, or a 
replacement of an existing test, impacts on its comprehensive evaluation and 
adoption [20].

Funding/Disclosure None.

Table 1.1 Appraisal of the diagnostic accuracy of an index test in comparison to a reference test 
(used to define disease status) using a 2×2 table

Diseased Non-diseased
Positive test TP FP
Negative test FN TN
Prevalence = (TP + FN)/(TP + FN + TN + FP)
Sensitivity = TP/(TP + FP)
Specificity = TN/(TN + FP)

Other dimensions of diagnostic accuracy can be appraised formally using similar data, such as 
likelihood ratios, predictive values, and diagnostic odds ratios (see the Sect. 1.3)
FN false negatives, FP false positives, TN true negatives, TP true positives

Table 1.2 Example of the 
appraisal of the diagnostic 
accuracy of an index test in 
comparison to a reference test 
(used to define disease status) 
using a 2×2 table, assuming a 
total of 100 patients tested, 
with 50% diseased, 
sensitivity of 80%, and 
specificity of 90%

Diseased Non- diseased
Positive test 40 5
Negative test 10 45
Prevalence = 50%
Sensitivity = 80%
Specificity = 90%

Other dimensions of diagnostic accuracy can be appraised for-
mally using similar data, such as likelihood ratios, predictive val-
ues, and diagnostic odds ratios (see the Sect 1.3)
FN false negatives, FP false positives, TN true negatives, TP true 
positives

1 Introduction to Clinical Diagnosis
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2The Evidence Hierarchy

Mical Paul

Systematic reviews typically provide quantitative estimates of the pooled evidence. 
A crucial part of the systematic review is to appraise and report the quality of the 
evidence for the pooled estimates. This ranking then goes on to guideline panels and 
recommendation statements to support the strength of recommendations for or 
against an intervention or a test.

The classical evidence-based medicine hierarchy ranked evidence from system-
atic reviews of randomized controlled trials (RCTs) and randomized controlled tri-
als at the top to cohort studies, followed by lower degrees of evidence and ending 
with expert opinion (Fig. 2.1) [1]. The underlying understanding was that unbiased 
comparisons can be achieved only through adequate, unbiased randomization. 
While this remains true, GRADE has taken a step further in appraising the evidence 
[2–5]. GRADE starts with the study design and the classical risk of bias assessment 
that appraises if and what internal biases exist in the studies and asks further:

 1. Whether the evidence derived from different sources is consistent or not
 2. Whether the evidence addresses directly the clinical question that was posed
 3. The importance of the outcome assessed from the patient’s perspective
 4. How precise and how large the effect estimate is, considering the totality of the 

evidence
 5. The existence of publication bias
 6. Once again the risk of bias is addressed, specifically addressing plausible 

confounding
 7. Whether a dose-response gradient exists that strengths our belief in the plausibil-

ity of an effect

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-78966-8_2&domain=pdf
mailto:paulm@technion.ac.il
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Thus, GRADE expands risk of bias assessment of individual studies to an 
appraisal of the quality of the evidence for specific interventions, considering the 
totality of evidence, its relevance to the clinical scenario, its importance to patients, 
and its plausibility. Evidence is summarized in four grades from high to very low. 
GRADE has been largely accepted into evidence-based recommendations.

GRADE can be directly applied to diagnostic tests or strategies that were tested 
in RCTs. Such trials randomize patients to receive a new diagnostic test or strategy 
vs. the standard or older diagnostics and examine the impact of the test choice on 
patient-relevant outcomes. These constitute the real and only high-level evidence 
for diagnostic tests. A systematic survey of RCTs examining diagnostic tests pub-
lished in MEDLINE up to December 2013 described a random sample of 103 such 
RCTs (out of an assumed total of 781 RCTs) [6]. Trials were rare prior to 2000, and 
since then their number seems to increase. Most trials (70%) assessed diagnostic 
imaging, and the leading fields were cardiology and general surgery. The review 
included only trials that examined at least one patient-important outcome. Of these, 
41 (39.8%) reported on mortality, 63 (61.2%) on morbidities, and 14 (13.6%) on 
symptoms, quality of life, or functional status. A significant difference in patient 
outcomes was reported only in 12 (11.6%) RCTs. Similarly, diagnostic tests can be 
assessed in observational studies examining the association between diagnostic 

SR of RCT 

Randomised controlled 

trials 

Observational cohort studies 

Case reports, case series, expert opinion 

Fig. 2.1 The classical evidence hierarchy for intervention studies
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testing and patient outcomes. These can be evaluated by GRADE, receiving a priori 
lower quality of evidence due to unavoidable selection bias.

However, the large majority of the evidence on diagnostic tests relies on diagnos-
tic studies examining test accuracy alone (sensitivity and specific, positive, and 
negative predictive values). A GRADing scheme has been devised to place such 
studies in the evidence hierarchy [7, 8]. The principle of this scheme is to proceed 
from the evaluation of the quality of diagnostic test accuracy studies to inferences 
regarding the effect of the test of patient-important outcomes, lacking clinical stud-
ies that have tested this. This is a multistage process. First, risk of bias of the diag-
nostic test accuracy study or studies in a systematic review is appraised using 
available tools such as the QUADAS-2 score (described in Chaps. 9 and 11) [9]. 
Then, assumptions have to be made regarding the effects that the diagnostic accu-
racy will have on patient outcomes. These outcomes should be defined. The effect 
on patient outcomes depends on the availability of treatment for the diagnosis and 
patients’ prognosis with and without treatment. The consequnces of false positives 
and false negatives to the patient have to be considered; these include superfluous or 
missed treatment, further testing, and psychological consequences [10].

The same criteria used for GRADing interventions can be applied with slightly 
different definitions for diagnostic studies (Table 2.1) [7]:

Table 2.1 Quality of the evidence grading in systematic reviews of diagnostic test accuracy 
studies

N Factors GRADE classificationa

1 Study design Studies assessing consecutive representative patients and using an 
appropriate reference standard should be ranked as no serious bias

2 Risk of bias Use the QUADAS-2 tool to perform quality assessment of the diagnostic 
studies included in the systematic review. Summarize the QUADAS-s score 
of studies included in the specific comparison to rank the overall risk of bias

3 Inconsistency Inconsistency in sensitivity, specificity, or likelihood ratios. Very frequent in 
diagnostic systematic reviews

4 Indirectness Deduct from results the presumed influences on patient-important 
outcomes, considering the implications of true and false positives and 
negatives and the potential complications of the test. Accuracy studies 
typically qualify as serious or very serious indirectness

5 Imprecision Wide confidence intervals for estimates of test accuracy or true and false 
positive and negative rates results in serious to very serious risk. Consider 
the 95% confidence intervals of the hierarchical summary curve. Large 
confidence intervals typical in diagnostic systematic reviews

6 Other 
considerations

Consider the risk of publication bias

* Importance Consider the overall importance of the index test assessment, considering 
its applicability and potential implications to patient management given the 
assumed outcomes

aGRADE classifies each factor as not serious, serious, and very serious risk of bias. From factors 
1–6, a single GRADE score is generated of high, moderate, low, or very low quality of the evi-
dence. In addition, importance of the question on 1 (not important) to 9 (critical) scale. Guidance 
on classification is available at https://gradepro.org/

2 The Evidence Hierarchy
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 1. Study design: When comparing outcomes for patients undergoing different diag-
nostic tests (interventional diagnostic studies), RCTs will be graded highest fol-
lowed by cohort studies. Diagnostic test accuracy studies are scored as no serious 
risk of bias if assessing an index test on consecutive and representative patients 
(i.e., those patients for whom the diagnostic test is relevant) and selecting a valid 
reference standard.

 2. Risk of bias: The QUADAS-2 scoring system assesses four domains referring to 
the patient selection, index test, reference standard, and study flow [9]. A higher 
score is given to studies assessing the test among consecutive patients for which 
the test is intended (rather than case-control studies), when the index test and 
reference standard are evaluated independently of each other, when the reference 
standard adequately separates patients with and without the condition and does 
not define the condition, and when all patients undergo the index test and refer-
ence standard. RCTs and cohort studies are assessed using different domains. 
The most transparent strategy is that of The Cochrane Collaboration using the 
individual domain approach and available through the open access Cochrane 
Library.

 3. Whether the evidence derived from different sources is consistent or not: 
Heterogeneity is very frequent in diagnostic meta-analyses, relating to different 
populations, tests, and reference standards. Even when assessing the same index 
tests and reference standard, local differences in test performance and interpreta-
tion may cause heterogeneity. Heterogeneity that can be explained by varying 
thresholds for test positivity is acceptable. Unfortunately, all too frequent thresh-
old effects do not explain all heterogeneity, and the quality of the evidence must 
be downgraded for inconsistency.

 4. Whether the evidence addresses directly the clinical question that was posed: 
Evidence that relies only on test accuracy studies is scored low on directness 
since the effects on patient-relevant outcomes were not measured but have to be 
inferred. Similarly, the directness of the patient population studied and testing is 
evaluated; was the relevant patient population included in the studies? Were the 
index test and reference standard applied in the studies as they would be applied 
in clinical practice? If competing index tests are evaluated, were they directly 
compared to each other?

 5. How precise and how large the effect estimate is, considering the totality of 
the evidence: Similar to intervention effects, the confidence intervals sur-
rounding test accuracy estimates determine the quality of evidence related to 
precision.

 6. The existence of publication bias.

These six criteria are summarized to generate a GRADE score from high to 
very low quality of evidence. In addition to the quality of the evidence, the impor-
tance of the specific question addressed is ranked on a nine-point scale from criti-
cal to not important (Table  2.1) considering its impact from the patient’s 
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perspective. In clinical studies evaluating diagnostic strategy effects, the impor-
tance of the outcomes assessed in the studies can be appraised. In test accuracy 
studies, the overall importance of the index test assessment should be assessed, 
considering the need for the test, its applicability, and potential implications to 
patient management.

Clearly, the large majority of the evidence on diagnostic tests is ranked as low- 
quality evidence. When only studies evaluating sensitivity and specificity are avail-
able, evidence will be typically downgraded for heterogeneity, indirectness, and 
imprecision. The importance of ranking test accuracy studies as low-quality evi-
dence in systematic reviews was demonstrated in a review of RCTs assessing the 
impact of different diagnostic tests on important patient outcomes, where only a 
small minority (12/103, 11%) of trials showed a significant difference in one or 
more of the outcomes [6]. Thus, excellent test performance should not be automati-
cally assumed to change patients’ outcomes.

GRADE has simplified the reporting of bias in systematic reviews, classify-
ing the evidence on interventions or diagnostic tests into four simple categories: 
high, moderate, low, and very low quality of evidence. An open-access software 
(https://gradepro.org/) allows to perform evidence GRADing and provides guid-
ance and easy creation of evidence tables. Many regulatory bodies, including 
the World Health Organization, have endorsed this strategy to summarize evi-
dence for guidelines [11, 12]. GRADE simplifies reading through systematic 
reviews and guidelines. However, its disadvantage is common to risk of bias 
scores, where the final grade summarizes different domains that are not trans-
parent. Thus, “low” quality evidence might derive from RCTs with risk of bias 
concerns (e.g., open trials), while “high” quality evidence can be derived from 
cohort studies that were considered to be well-conducted showing a large asso-
ciation and a dose-response gradient. The GRADE system has not undergone 
strict validation and the inter-reviewer agreement in scoring was not strong [12, 
13]. Thus, systematic reviewers are encouraged to provide explicitly data on the 
study designs that have contributed to the final GRADE, their internal risk of 
bias, and the criteria that led to downgrading or upgrading the level of evidence. 
Readers are encouraged to look into the risk of bias assessment in systematic 
reviews further than the final GRADE, to better understand the quality of the 
evidence.

Evidence-based medicine places the patient at the center. At the top of the evi-
dence hierarchy is research that is devoid of internal bias and assesses outcomes 
relevant to patients. The current understanding with regard to the evidence hierarchy 
is plotted in Fig. 2.2. Diagnostic test accuracy studies are rarely ranked as high- 
quality evidence, since the impact of patients’ outcomes can only be assumed. 
Systematic reviews of diagnostic test accuracy most commonly will not result in 
higher quality evidence than the original studies because heterogeneity will pre-
clude firm conclusions. Diagnostic systematic review has yet to find its place in the 
evidence hierarchy for diagnostic tests.

2 The Evidence Hierarchy
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3Peculiarities of Diagnostic Test Accuracy 
Studies

Giuseppe Biondi-Zoccai, Simona Mastrangeli, 
Mariangela Peruzzi, and Giacomo Frati

3.1  Introduction

Given the unique goals and features of the diagnostic process, studies focusing on 
diagnostic tests are characterized by a set of specific methodological issues and 
sources of bias, as well as distinctive dimensions of accuracy [1, 2]. Of course, on 
top of such specificities, diagnostic test accuracy studies also share common meth-
odological features and suitability for analysis with other types of clinical research 
endeavors [3]. This chapter highlights first the key methodological features of diag-
nostic test accuracy studies and then provides a synthetic overview of the main 
dimensions of diagnostic accuracy. Suitable examples are provided with the perti-
nent computing codes. Awareness of the premises and technicalities involved in the 
design, conduct, analysis, and reporting of a diagnostic test accuracy study remains 
a pivotal preliminary step before embarking in the qualitative and quantitative syn-
thesis of a collection of several of such studies [4, 5].

The best physician is also a philosopher

Galen
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3.2  Methodological Issues and Sources of Bias

The most important sources of bias for any clinical study include selection bias, 
performance bias, detection bias, attrition bias, and reporting bias [3]. There is 
ample literature on their features and impact, but in most cases elaborate discus-
sions on these sources of bias focus on their impact in controlled studies [4, 5]. 
These types of bias can be better analyzed and expanded in a more analytical fash-
ion for diagnostic test accuracy studies, focusing on the key features of this type of 
research endeavor, and on the different phases and steps in which such sources of 
bias can impact untowardly on the study and its impact for decision-making 
(Table 3.1) [6–13].

Table 3.1 Key methodological features and sources of bias of diagnostic test accuracy studies

Feature Explanation
Availability of 
clinical information

The index and reference test should be performed based on similar 
preceding tests and data

Blinding Readers of index test should be unaware of results of the reference 
test, and vice versa, to reduce confounding

Clinical review Readers interpreting the reference test are aware of clinical features
Definition of the 
target condition

The target condition should be defined in the same fashion for the 
purpose of both index and reference test

Diagnostic 
uncertainty

Diagnosis should be uncertain before performing the index and the 
reference test to ensure internal validity

Differential 
verification

Parts of the results of the index test are compared to another reference 
test

Disease prevalence Disease prevalence directly impacts on predictive values
Disease progression Time lag between index and reference test may bias the comparison 

between the two, with subclinical disease inappropriately labeled by 
early tests as non-disease

Disease severity Disease severity may impact on diagnostic performance of the index 
or reference test

Inappropriate 
reference standard

The reference test may be biased itself or imprecise

Incorporation Results of the index test are actually used to define disease status
Observer variation Variability in test interpretation between readers or by the same reader 

in different times may undermine the test internal validity
Partial verification Only a subset of patients receiving the index test eventually receive the 

reference test
Prior testing Tests conducted before the index or the reference test may impact on 

patient selection and study results
Reference standard 
data completeness

The reference standard should be performed in all suitable patients, 
and not only a subset of them

Rule-in performance Capacity to establish the presence of disease among tested patients
Rule-out performance Capacity to establish the non-diseased status among tested patients
Sample selection Patients selected for the study are not representative of the whole 

population of at risk subjects

G. Biondi-Zoccai et al.
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In extreme synthesis, the first general feature that must be appraised is whether 
the study design and scope is coherent with the ultimate goal of the index test, 
which can be categorized as screening, replacement, or add-on. Most importantly, 
patient selection and attrition are subject to precise scrutiny. Patients should be 
representative of the actual population which will be the subject of the test. The 
index test and the reference test should be interpreted as eventually used in clinical 
practice, but each should be read independently from each other, which is often not 
the case in clinical outcome and observational research. The choice of threshold is 
also important. In most cases the threshold to define an abnormal test result is not 
pre- specified, yielding potentially overoptimistic effect estimates. It remains 
utmost difficult to conduct a diagnostic test accuracy study devoid of any risk of 
bias. Thus in most cases common sense and judgment must be applied, and reason-
able robustness can be assumed unless the threat of bias is evident. Eventually, 
only a pairwise or network meta-analysis of diagnostic test accuracy studies can 
pinpoint and establish the presence of major bias, for instance, small study bias or 
confounding.

3.3  Dimensions of Diagnostic Accuracy

The appraisal of diagnostic tests is typically based on one or more index tests being 
compared to a reference test [1, 2, 14, 15]. The most common scenario is an index 
test providing a continuous result, which is interpreted dichotomously applying a 
specific threshold, to define abnormal versus normal test results, indicating diseased 
versus non-diseased status. Other scenarios are possible, such as an index and a 
reference test both providing dichotomous or otherwise categorical (usually hierar-
chically) results. In other less common scenarios, both tests provide continuous 
results. A sample dataset is provided to familiarize the reader to the above three 
types of subdatasets (Tables 3.2 and 3.3). In keeping with definitions provided in the 
Introduction to diagnosis chapter, we may thus introduce the most important 

Feature Explanation
Test execution Details on how the index test is performed and reviewed are 

incompletely described
Test review Readers interpreting the index test are aware of the results of the 

reference test
Test technology Features of the index test change over time as result of experience or 

developments
Threshold selection Diagnostic threshold should be chosen before analysis in order to 

avoid overoptimistic and non-replicable effect estimates
Treatment paradox Treatment is initiated following the results of the index test, but before 

the reference test is administered
Withdrawals Cases dropping out from the study before receiving either the index or 

the reference test, or both

Table 3.1 (continued)
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Table 3.2 Sample dataset for a study comparing a diagnostic index test with continuous results 
with a reference test (both tests are considered abnormal if ≥50)

ID
Index test 
dichotomous

Index test 
continuous

Reference test 
dichotomous

Reference test 
continuous

1 1 89 1 88
2 1 84 1 89
3 1 71 1 70
4 1 67 1 66
5 1 61 1 60
6 1 59 1 61
7 1 59 1 58
8 1 55 1 51
9 1 53 1 53
10 1 51 1 51
11 0 47 1 52
12 0 34 1 52
13 0 29 1 53
14 0 19 1 51
15 1 52 0 44
16 1 64 0 29
17 1 53 0 44
18 1 51 0 49
19 0 34 0 24
20 0 32 0 31
21 0 31 0 33
22 0 30 0 41
23 0 28 0 25
24 0 26 0 26
25 0 25 0 24
26 0 23 0 31
27 0 22 0 21
28 0 17 0 17
29 0 16 0 14
30 0 9 0 11

Table 3.3 Summary contingency table for a study comparing a diagnostic index test with 
continuous results with a reference test (using a 50 cutoff to define an abnormal index test)

Index test
Positive Negative Subtotal

Reference test Abnormal 10 (34%) 4 (13%) 14 (47%)
Normal 4 (13%) 12 (40%) 16 (53%)
Subtotal 14 (47%) 16 (53%) 30 (100%)

G. Biondi-Zoccai et al.
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dimensions of diagnostic accuracy (Table  3.4), with accompanying analytical 
results (Table 3.5).

Briefly, prevalence is the proportion of diseased patients in the whole study and 
may be considered as the pretest probability. Indeed, when results of a given diag-
nostic test accuracy study are applied to other patient groups, more or less informal 
estimates of pretest probability of disease are always assumed. Sensitivity and spec-
ificity define the accuracy of the index test in recognizing diseased patients and in 
correctly identifying non-diseased subjects, respectively. Of course, sensitivity and 
specificity vary inversely changing the diagnostic threshold, with their overall cov-
erage being potentially maximized in keeping with the maximum value of the 

Table 3.4 Dimension of diagnostic test accuracy

Feature Explanation Elaboration
Sensitivity TP/(TP + FN) Capacity of a test of labeling as abnormal a 

diseased patient
Specificity TN/(TN + FP) Capacity of a test of labeling as normal a 

non-diseased patient
Positive predictive 
value

TP/(TP + FP) Prevalence-dependent capacity of an abnormal 
test of recognizing a diseased patient

Negative predictive 
value

TN/(TN + FN) Prevalence-dependent capacity of a normal test 
of recognizing a non-diseased patient

Positive likelihood 
ratio

Sensitivity/
(100 − specificity)

Prevalence-independent capacity of a test of 
increasing the probability of diseased status in 
a patient with abnormal test

Negative likelihood 
ratio

(100 − sensitivity)/
specificity

Prevalence-independent capacity of a test of 
decreasing the probability of diseased status in 
a patient with normal test

Diagnostic odds ratio (TP/FN)/(FP/TN) Prevalence-independent ratio of the odds of an 
abnormal test among diseased against the odds 
of an abnormal test among diseased

Diagnostic accuracy (TP + TN)/
(TP + FP + FN + TN)

Summary of the correct diagnostic yield of the 
index test

Youden index Sensitivity + 
specificity − 1

Estimate of the comprehensive diagnostic 
accuracy of a test

FN false negatives, FP false positives, TN true negative, TP true positives

Table 3.5 Analysis for a 
study comparing a diagnostic 
index test with dichotomous 
results with a reference test

Feature
Point 
estimate

95% confidence 
interval

Prevalence 47.0% 28.0–65.7%
Sensitivity 71.4% 41.9–91.6%
Specificity 75.0% 47.6–92.7%
Positive likelihood ratio 2.86 1.15–7.11
Negative likelihood ratio 0.38 0.16–0.91
Positive predictive value 71.4% 41.9–91.6%
Negative predictive value 75.0% 47.6–92.7%
Diagnostic odds ratio 7.50 1.55–36.40

3 Peculiarities of Diagnostic Test Accuracy Studies



24

Youden index. In addition, sensitivity and specificity may be best appraised together 
with the area under the curve of the receiver operating curve, with coin tossing 
assuming a 50% prevalence having a 0.50 value and a perfect test with a 1 value 
(Fig. 3.1).

In the past it was commonplace to consider predictive values as useful measures 
of diagnostic accuracy. They represent the probability of a patient with an abnormal 
test to actually be diseased (positive predictive value) and that of a subject with a 
normal test to actually be non-diseased (negative predictive value). Despite their 
clinical soundness in a specific practice scenario, they are not prevalence- 
independent and thus cannot be used to compare different studies on the same index 
test or on alternative ones.

Likelihood ratios are instead prevalence-independent and can be immediately 
used given an estimate of pretest probability of disease to provide estimates of post-
test probability of disease. The application to specific prevalence scenarios are 
clearly illustrated by means of the Fagan plot (Fig. 3.2) [16]. In particular, it has 
been argued that positive likelihood ratio > 10 is required to reliably rule in the 
disease, whereas a negative likelihood ratio <0.1 is required to reliably rule out the 
disease [17]. Less accurate tests may still be informative, especially with an inter-
mediate pretest probability of disease (Fig. 3.2), but they may end up less useful 
when disease prevalence is low (Fig. 3.3) or high (Fig. 3.4). Finally, the diagnostic 
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Fig. 3.1 Receiver operating characteristic (ROC) curve and corresponding area under the curve 
(AUC) for a diagnostic index test with continuous results compared with a reference test, using a 
nonparametric method
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odds ratio remains a useful individual summary of diagnostic test accuracy, given its 
efficiency and prevalence-independency [18].

At odds with scenarios in which the reference test is categorical or dichotomous, 
other methods of analysis are required when both index and reference tests are con-
tinuous. Such cases resemble those in which the goal is to appraise the association 
between continuous variables, thus requiring correlation and regression methods 
(Fig. 3.5) [1–3]. More poignantly, the Bland-Altman method should be routinely 
employed in such cases to obtain effect estimates of average bias between the two 
tests at hand (Fig. 3.6) [19, 20].

 Conclusion
Detailed knowledge of the methodological subtleties, key sources of bias, and 
dimensions of accuracy are crucial to thoroughly understand and optimally 
exploit diagnostic test accuracy studies for evidence synthesis. While the enter-
prise of seamlessly completing a diagnostic study which is free of bias and 
meticulously analyzed may appear overwhelming, robustness often overcomes 
limitations, supporting the inclusion of most diagnostic test accuracy studies in 
a systematic review and meta-analysis. Nonetheless, careful readers must 
remain aware that the ultimate and most rigorous proof of the internal and 
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Fig. 3.5 Scatterplot for a diagnostic index test with continuous results compared with a reference 
test with continuous results (Pearson r = 0.850, Spearman rho = 0.799)
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external validity of a diagnostic test remains a pragmatic randomized trial, as 
well as the eventual inclusion of a set of such studies in an ad hoc meta-analy-
sis [4, 5, 21].

Funding/Disclosure None.

 Appendix

Stata code to repeat all the analyses and graphs reported in this chapter:

diagt Referencetestdichotomous Indextestdichotomous
roctab Referencetestdichotomous Indextestcontinuous, table graph 
summary
fagani 0.47 2.86 0.38, scheme(s2mono)
fagani 0.07 2.86 0.38, scheme(s2mono)
fagani 0.87 2.86 0.38, scheme(s2mono)
graph matrix Indextestcontinuous Referencetestcontinuous
ci2 Indextestcontinuous Referencetestcontinuous, corr
spearman Indextestcontinuous Referencetestcontinuous
concord Indextestcontinuous Referencetestcontinuous, summary loa

y=0 is line of perfect average agreement
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Fig. 3.6 Bland-Altman plot for a diagnostic index test with continuous results compared with a 
reference test with continuous results (mean bias = −0.933)
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4Meta-Analyses of Clinical Trials Versus 
Diagnostic Test Accuracy Studies

Michail Tsagris and Konstantinos C. Fragkos

4.1  Introduction

Meta-analysis has become an important part of modern research. Meta-analysis was 
traditionally applied in the context of synthesising results from studies that had a 
form of intervention (e.g. a clinical trial). However, it is moved to include other 
outcomes as well and other types of studies. In healthcare, meta-analysis is being 
readily applied to diagnostic accuracy study which is a type of study examining 
performance of test measures. Hence, in the present chapter, we initially discuss 
meta-analysis of clinical trials followed by meta-analysis of diagnostic accuracy 
studies and conclude with their comparison.

4.2  Meta-Analysis of Clinical Trials

Prior to discussing about meta-analysis, it would be convenient to give a short defi-
nition or description of clinical trials first. These are experiments applied in humans 
or animals in order to see the efficacy of a new intervention (e.g. drug). They usually 
involve two comparison groups, and the design is ideally a double-blind, ran-
domised, placebo-controlled study. In their simplest form, the one group receives a 
treatment, and the other group receives placebo. None of the patients is aware of 
their type of treatment. The aim is to examine whether the treatment’s effect is not 
statistically but also clinically or scientifically significant. The allocation to each 
group is usually random and ideally double blind. Many steps and protocols have to 
be adhered to; hence the amount of time and money required is usually large.
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Meta-analysis of clinical trials can include many types and variations (e.g. net-
work meta-analysis, meta-epidemiology, umbrella reviews, overviews of reviews, 
etc.) (see Tsagris and Fragkos [1] for more information). It is a statistical method, 
and the aim of a meta-analysis is to combine all different and previous studies in an 
efficient and valid way in order to make broader conclusions than by looking at each 
study separately.

4.2.1  Fixed and Random Effects Models

The main models of analysis in meta-analysis are through a fixed or random effects 
model [2–4]. Let us assume, without loss of generality, that the odds ratio (OR) is 
of interest and information has been gathered from many different clinical trials. If 
we assume that there is no variability between the different clinical trials, we can 
apply a fixed model and estimate the combined odds ratio as
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τ2 denotes this heterogeneity. The latter leads to what is called random (or mixed in 
general) effects model. Numerical (iterative) methods are employed to estimate τ2.

The random effects model in general is expressed as yi = μi + εi, where μ ~ N(μ, 
τ2) and ε σi iN~ 0 2,( ) . If τ2 = 0 then μi = μ and we end up with the fixed effects 
model. An advantage of meta-analyses is that the random effects model can capture 
the variation satisfactorily. The form of the covariance matrix necessary to capture 
the between variation in the mixed effects models is a really difficult and in some 
cases impossible (at the present) task to do.

The assumption of homogeneity (τ2  =  0) between the estimated odds ratios 
of many clinical studies can be assessed using the Cochran-Mantel-Haenszel test 
[5–7]. This tests whether the fixed model type of weights can be used. It does not 
give an estimate of τ2 in the heterogeneous case.

The assumption of no heterogeneity can lead to false conclusions. On the other 
hand, an estimate close to 0, i.e. nonsignificant heterogeneity, is not that impactful. 
DerSimonian and Laird [3] were the first to suggest the mixed effects model for this 
purpose. More recently they published an update of that paper [4]. Prior to that, 
DerSimonian and Kacker [2] reviewed iterative and closed form formulae for esti-
mating τ2.

DerSimonian and Kacker [2] suggested the use of the Paule and Mandel [8] esti-
mate of τ2 as being more robust than the asymptotic method of DerSimonian and 
Laird [3]. The Paule and Mandel estimate does not assume normality, but when this 
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assumption holds, the method is statistically optimal. This does not come by sur-
prise, since under the normality assumption, their estimate is the restricted maxi-
mum likelihood (REML) estimate of τ2 which is known to be unbiased.

4.2.2  Funnel Plot

An important part of meta-analysis is examining the presence of publication bias 
which is most frequently performed with a funnel plot [9, 10]. A funnel plot is a 
scatter plot of the effect estimates from individual studies against some measure of 
each study’s effect or precision [11]. The inverse of the standard error of the esti-
mates is usually chosen to be the effect. Other effects can be the variance or the 
inverse of the standard deviation or the variance [12]. Figure 4.1 presents a funnel 
plot created using the R package metaphor [13].

As for the shape of the funnel plot, that is a triangle,1 where the middle is located 
at the combined estimate and the two bottom vertices of the triangle are the plus/
minus 1.96 (or the 1-α/2 percentile of the standard normal distribution in general) 
standard errors. In the absence of bias and heterogeneity, the 95% of the estimates 
is expected to lie within the triangle region.

Another characteristic of the funnel plot is asymmetry. There can be many rea-
sons for this to occur, and Sterne et al. [11] summarise a few. They suggest that the 
author of a systematic review or a meta-analysis (not only in clinical trials) should 

1 This is true in the case of the vertical axis being the standard error. See Sterne and Egger [12] for 
more options and shapes.
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know or at least investigate in detail the collected studies because this will help 
identify some of these reasons. In Fig. 4.1, we can clearly observe that most of the 
log odds ratio estimates are gathered on the left side of the plot, indicating asym-
metry. The presence of asymmetry traditionally indicates the presence of publica-
tion bias.

Sterne et al. [11] correctly points out that statistical tests devised for testing the 
symmetry assumption of a funnel plot are not unbiased. One reason is the lack of 
knowledge of the mechanism that created these numbers. Sterne et al. [11] suggest 
some guidelines, but again, they are predominantly rules of thumb. Bootstrap meth-
odology is something that could perhaps be examined more [14, 15]. Closing our 
brief mention to funnel plots, we must say that mixed models are also suggested in 
this case [11].

4.2.3  Sources of Heterogeneity in Meta-Analyses of Clinical 
Trials

When dealing with many clinical trials in order to estimate a pooled effect, the 
researcher must take into consideration the different sources of variations or hetero-
geneities often present in clinical trials. Statistical heterogeneity is the assumption 
that the effect is not different from study to study. This can be a strict assumption 
and violation of this can lead to serious flaws.

Clinical heterogeneity refers to different features of characteristics measured 
between among the studies. The effect or the variable of interest is the same, but the 
means to achieve can be different among the studies. Finally, an example of meth-
odological heterogeneity is when the studies have not followed the same methods or 
the standard methods.

4.2.4  Network Meta-Analysis

Network meta-analysis is a rather new technique in the field. It is a meta-analysis in 
which multiple treatments (three or more) are being compared using both direct 
comparisons of interventions within randomised controlled trials and indirect com-
parisons across trials based on a common comparator [16]. Figure 4.2 shows an 
example of a network created using the R package netmeta [17].

A disadvantage of the classical meta-analysis is the fact that one can only com-
pare pairs of treatments. Network meta-analysis can provide a global estimate of 
efficacy or safety of multiple experimental treatments that have not before been 
directly compared with adequate precision, or at all [18].

A key feature is its ability to combine direct and indirect evidence; for example, 
the comparison of treatments A and B is performed both using studies that directly 
compare A with B (direct evidence) and using studies that compare A with C and B 
with C (indirect evidence) [19]. Another important advantage of network meta- 
analysis is its visualisation.
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In White [19] there are no directed arrows, whereas in Elliott and Meyer [20] 
there are. In Elliott and Meyer [20] the directions indicate the class of drugs with 
higher risk of incident diabetes. However, caution must be taken as these graphs 
should not be confused with Bayesian networks [21] which are also directed graphs, 
but with additional assumptions and conditions. It is also worthy to mention the 
popularity of the mixed models, as Madden et al. [22] and White [19] suggest the 
usual random effects models for network meta-analysis.

We briefly described meta-analysis for clinical trials, and we next move on to 
meta-analysis of diagnostic accuracy studies.

4.3  Meta-Analysis of Diagnostic Test Accuracy Studies

Ever since the advent of meta-analysis in the post 1970 period [23], a new research 
area started to appear in which meta-analysis of the measures of test performance 
(sensitivity and specificity) was trialled [24]. Diagnostic test accuracy studies aim at 
measuring the ability of a new test, called index test, to detect the presence or 
absence of a specific disease or condition. The presence of this disease or condition 
is defined using a reference standard [25].

Although the methods for meta-analysis for clinical trials clarified after the random 
effects model suggested by DerSimonian and Laird [3], the meta-analysis of test per-
formance measures made it slightly more difficult to approach, with specific issues 
that of the bivariate nature of these measures and their intercorrelation [25–27]. The 
following models are described for meta-analysis of diagnostic accuracy data [28]: 
simple pooling, separate random effects meta-analysis of sensitivity and specificity, 
separate meta-analysis of positive and negative likelihood ratios, Litteberg-Moses 
summary receiver operating characteristic (ROC) curve, and bivariate random effects 
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meta-analysis/hierarchical summary ROC curve (HSROC) analysis. Harbord et  al. 
[29] found that the bivariate random effects meta-analysis and HSROC models are 
closely related and even equivalent in the absence of covariates.

4.3.1  Types of Data and of Measures of Test Accuracy

Test results may be expressed as measurements (counts or continuous) or classifications 
(binary or ordered categories). Standard methods for computing test accuracy demand 
binary classification of the results of the index test and the reference standard, usually 
depending on a predefined cutoff level [27]. Test performance measures are either paired 
or single (global) indicators of test performance. The paired measures – sensitivity and 
specificity [the most commonly reported [28]], positive and negative predictive values, 
and positive and negative likelihood ratios – separately describe the performance of 
a  test for ascertaining first the presence and then the absence of the target condition  
[25, 27, 30–33]. A ROC curve plot is used to show how as the test threshold decreases 
sensitivity increases while specificity decreases, and vice versa. The position of the ROC 
curve depends on the discriminatory ability of the test; the more accurate the test is, the 
closer the curve to the upper left hand corner of the ROC plot.

The most common global measures are the diagnostic OR (DOR) and the area 
under the curve (AUC). These measures summarise the accuracy of the test across 
all possible thresholds but are not helpful in clinical practice because they do not 
provide information on the error rates in the diseased (false negative) and non- 
diseased groups (false positives). In meta-analysis, the DOR can be a useful mea-
sure when comparing tests or subgroups, particularly if there is no preference for 
either superior sensitivity or specificity, and interest is in global performance [25].

4.3.2  Models

The following models are currently in use for meta-analysis of diagnostic accuracy 
data.

Simple pooling. This approach derives a single-summary two-by-two table by 
adding the numbers of true positives, false positives, true negatives, and false nega-
tives across all studies [28, 29]. Test sensitivity and specificity can then be estimated 
as though all the data came from a single study. This is a form of fixed-effect meta- 
analysis of sensitivity and specificity, ignoring any correlation between them and 
assuming no between-study heterogeneity [34].

Separate random effects meta-analysis of sensitivity and specificity based on 
their logit transforms. This allows for between-study heterogeneity in sensitivity 
and specificity but again ignores their correlation. Logit (log odds) transforms of 
sensitivity and specificity are used, as the assumption of a normal distribution 
between studies is more reasonable on the logit scale. In addition to summary points 
and confidence intervals for these points, a summary ROC curve can be obtained 
from this method using the ratio of the estimated between-study variances [28, 29].

M. Tsagris and K. C. Fragkos



37

Separate meta-analysis of positive and negative likelihood ratios. Likelihood 
ratios are ratios of probabilities so positive and negative likelihood ratios can be 
meta-analysed separately using the same methods as risk ratios based on either fixed 
effect or random effects models. This ignores the correlation between positive and 
negative likelihood ratios [24, 34].

Littenberg-Moses summary ROC curve [35, 36]. This approach again uses the logit 
transforms of sensitivity and specificity and is based on simple linear regression of their 
sum (the log of the diagnostic odds ratio) on their difference. A summary ROC curve 
can be derived from the fitted regression line. This method allows for the correlation 
between sensitivity and specificity but is not statistically rigorous, as the assumptions of 
linear regression (constant variance, covariate measured without error) do not hold [29].

Bivariate random effects meta-analysis [37]. This approach can be considered an 
extension of separate random effects meta-analyses of logit-transformed sensitivity 
and specificity but allows for the negative correlation between sensitivity and speci-
ficity. In addition to summary estimates of average sensitivity and specificity across 
studies, it can be used to provide a confidence region for this summary point and a 
prediction region within which we may expect the true sensitivity and specificity of 
a future study to lie. Let μA,i be the logit-transformed sensitivity in study i and μB,i as 
the logit-transformed specificity. Then, the bivariate random effects model is
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Hierarchical summary ROC curve analysis [38]. In this approach, the relationship 

between logit-transformed sensitivity and specificity in each study is expressed in terms 
of key test characteristics: accuracy (quantified by the log of the diagnostic odds ratio) 
and threshold. The method allows for between-study variation in each of these quanti-
ties, as well as for a parameter that determines the shape of the summary ROC curve. 
The results of this type of analysis are usually expressed as a summary ROC curve.

Overall the parameters computed from the two most used techniques are show in 
Table 4.1. Common sources of heterogeneity in meta-analysis of diagnostic accu-
racy are the different cutoff levels of the test under investigation and design condi-
tions (sample sizes, sample characteristics, etc.).

Table 4.1 Parameters computed from HSROC and bivariate model

HSROC model Bivariate model
Mean accuracy Mean logit sensitivity
Mean threshold Mean logit specificity
Variance of random effects for accuracy Variance of random effects for logit sensitivity
Variance of random effects for 
threshold

Variance of random effects for logit specificity

Shape of SROC curve Correlation between the logits of sensitivity and 
logits of specificity
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 Conclusion
The differences and similarities between the two types of meta-analysis are 
shown in Table 4.2. Researchers need to be aware of each type of meta-analysis 
and the particular characteristics each one entails. Sources of heterogeneity are 
always important to investigate since they could be significantly enough to 
obscure results and consequent interpretation.
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5.1  Chapter Introduction

Evidence-based medicine (EBM) or practice is the integration of the best research 
evidence with clinical experience and client values [1]. Decision-making is the pro-
cess of making a selective intellectual judgement when presented with several com-
plex alternatives that consist of several variables, and it usually defines a course of 
action or an idea (PubMed MeSH—Medical Subject Headings). Clinical decision- 
making requires the synthesis of an often complex evidence base; in this context, 
systematic reviews (SRs) are at the heart of EBM [2]. These literature reviews are 
performed in a systematic and transparent way and are explicit about where their 
information comes from and how the included references were selected [3]. SRs 
also allow us to establish whether findings are consistent and can be generalized in 
various situations [4].

To perform a systematic review (SR), the authors or investigators typically fol-
low steps as follows: define the research team; write and develop a protocol; frame 
an answerable research question; perform the search; evaluate the risk of bias; con-
duct a qualitative synthesis and, when applicable, conduct a meta-analysis; publish 
the SR; and update it as necessary.
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Diagnostic tests are used to aid health professionals in the diagnosis or detection 
of a disease. Generally, diagnostic test studies are performed on small samples, 
especially when the disease is rare and they provide imprecise estimates. In these 
cases, meta-analysis can help investigate the consistency of test performance 
between various study designs and in different population profiles, or it can help 
define the best test to use when various diagnostic approaches exist for a specific 
disease. SRs of diagnostic test accuracy often aim to compare the accuracy of two 
different tests or to establish the accuracy of a single test [5].

An SR protocol is a key process in designing a review, and it is essential for 
anticipating potential problems and avoiding bias during the review process. 
Registration and publication of the protocol allow others to compare a protocol to 
the complete review, which can reduce duplicate publications.

Similar to SRs and meta-analyses of other study designs, the protocol of an accu-
racy test review describes the methods used in the review. Decisions about the review 
question, inclusion criteria, search strategy, study selection, data extraction, quality 
assessment, and data synthesis and plans for dissemination should be addressed, as 
specifying the methods in advance reduces the risk of introducing bias into the review 
[6]. Therefore, the success of an SR and meta-analysis depends on planning a stan-
dardized protocol that encompasses all phases of the review and guarantees its repro-
ducibility; the protocol should be established and documented in advance.

The objective of this chapter is to present the main concepts needed to design and 
register a protocol for an SR of diagnostic test accuracy using simple language for 
healthcare professionals.

5.1.1  Body of the Protocol

The protocol for a diagnostic test accuracy review may include the suggested topics 
listed in the box below:

Title
Author’s information
Background
Objectives
Methodology
 Registration
 PIRO (Population, Index test, Standard test, Outcome) Question
   Description of the population
   Description of the target condition
   Description of the index test
   Description of the standard test
   Description of the outcomes
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Adapted from (Source): Chapter 4: Guide to the contents of a Cochrane 
Diagnostic Test Accuracy Protocol. Cochrane Handbook for Systematic Reviews of 
Diagnostic Test Accuracy Version 1.0.0 [7].

The format may also include acknowledgments, a conflict of interest declara-
tion, support sources, sponsorships, appendices and, of course, the references 
used so far. Additionally, the structure of the content may vary if the authors 
intend to publish the protocol in a scientific journal that includes protocols, such 
as Systematic Reviews Journal from BioMed Central. If the investigators intend 
to develop a Cochrane review, the protocol can be designed in a software package 
called RevMan® that is offered by the collaboration. The Cochrane collaboration 
is the largest organization that produces and publishes systematic reviews. It has 
a Cochrane Screening and Diagnostic Tests Methods Group (SDTM) that pro-
vides resources and information and establishes the standards for the Cochrane 
systematic reviews of diagnostic test accuracy (http://methods.cochrane.org/sdt/
welcome).

  Search Methods Plan
   Databases
   Other resources
  Eligibility Criteria
   Type of studies
   Participants
   Target condition
   Index test: technical aspects
   Reference test: technical aspects
  Data Collection Plan
   Tables
  Risk of Bias Assessment Plan
  Quality Assessment Plan
  Statistical Analysis Plan
Results
  Results of the search
  Findings
Discussion
  Summary of the results
  Limitations
  Applications
Conclusion
  Implication for practice
  Implication for research
References
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5.1.2  Title

As in any primary study or SR, the title should be as clear as possible. The title of 
an SR in diagnostic test accuracy often includes the structure of “PIRO (population, 
index test, reference test and outcome) question” (further described). For instance: 
“Accuracy of (index test) compared with (reference test) in the diagnostic of (out-
come or target condition) in (population): a protocol for systematic review (and 
meta-analysis)”. For example: Accuracy of p57KIP2 compared with genotyping for 
the diagnosis of complete hydatidiform mole: protocol for a systematic review and 
meta-analysis [8].

5.2  Background of the Systematic Review

The background section of the protocol should provide a brief definition of the 
healthcare problem or target condition and its prevalence, along with a description 
of the diagnostic tests available (including the index and reference tests) and their 
rationale for use. It should communicate the main elements of the review question. 
The background also should explain why the SR is required, justifying what this 
review adds to the existing evidence.

This section can address how the index test may be incorporated in practice 
(replacing or being used in combination with an existing test) and if it benefits the 
population (as a less invasive or a less expensive technique) while explaining the 
choice of tests that are considered in the review [6].

5.3  Objectives

The review objectives should be clearly stated. The primary objective of a diagnos-
tic test accuracy SR is focused, and it is related to the accuracy of the index test(s) 
for the target condition, as verified by the reference standard. The Cochrane 
Handbook for Systematic Reviews of Diagnostic Test Accuracy presents the follow-
ing formula to frame an objective:

“To determine the diagnostic accuracy of (index test) for detecting (target condition) in 
(participant description)”.

The objective should also communicate the proposed role of the index test(s), if 
it is known. In a typical SR, a Cochrane review usually compares one test with 
another, rather than simply evaluating the accuracy of a single test. All comparisons 
between tests should be listed as objectives. The review can also include secondary 
objectives that are broader; however, these secondary objectives also need to be 
explicitly listed to try to answer the research question [7].

J. M. Madi et al.



47

5.4  Methodology

5.4.1  Registration

The protocol should be established and documented in advance. Registering the 
protocol reduces the risk of multiple reviews addressing the same question by estab-
lishing that a group is already performing the review.

Additionally, besides reducing the potential for duplication, the publication of a 
protocol prior to knowledge of the available studies reduces the impact of review 
authors’ biases, promotes the transparency of methods and processes, and enables a 
peer review of the planned methods [7].

For instance, some of the available platforms to register an SR are as follows:

• Cochrane Collaboration—An international organization that produces and dis-
seminates systematic reviews of healthcare interventions (http://www.cochrane.
org/)

• PROSPERO—An international prospective register of systematic reviews 
(https://www.crd.york.ac.uk/PROSPERO/)

• Campbell Collaboration—A collaboration that produces systematic reviews of 
the effects of social interventions (https://www.campbellcollaboration.org/)

5.4.2  PIRO Question

As in all types of research, framing the research question is perhaps the most impor-
tant introductory step, as it leads to a hypothesis and guides the methods and pro-
cesses of the review. The protocol should clearly state the research question; the 
research question is a key component of any SR, and it should be objective and 
answerable.

Systematic reviews of randomized clinical trials have the established acronym 
PICO (Population, Intervention, Control, and Outcome). This framework may vary 
according to the authors’ needs. In terms of diagnostic test accuracy review, the 
PIRO framework is a tool for breaking the question into its components and restruc-
turing them in a way that makes it easy to design the review question:

• P = Population/target condition
• I = Index test
• R = Reference test
• O = Outcome

5.4.2.1  Description of the Population
Diagnostic tests have different results based on the patient population. In this con-
text, authors should describe the population characteristics (such as sex, age, etc.) 
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that may influence the test’s performance and results. In other words, the population 
should be appropriate for the review objectives, and it should reflect who will 
undergo the diagnostic test in clinical practice [9].

In primary studies, a restricted study population may limit bias and increase the 
internal validity of the study; however, this approach will limit the external validity 
of the study and, thus, the generalizability of the findings to practical clinical set-
tings. Conversely, a broadly defined study population and inclusion criteria may be 
representative of practical clinical practice, but it may increase bias and reduce the 
internal validity of the study [10]. In terms of an SR, a restricted study population 
directly affects the number of eligible studies, so its justification should be explained 
in the protocol.

5.4.2.2  Description of the Target Condition
The protocol must describe a target condition that corresponds to a health outcome 
that the tests (index and standard) can detect. The tests diagnose the current stage or 
condition, so the protocol must consider and describe the clinical context, including 
a diagnostic dilemma that considers many possible categories, such as severity.

5.4.2.3  Description of the Index Test
Diagnostic test accuracy refers to the ability of a test to distinguish between patients 
with disease (or more generally, a specified target condition) and those without the 
disease. In such a test accuracy study, the results of the test under evaluation, or the 
“index test”, are compared with those of the reference standard, as determined in the 
same patients [11].

It is important to clearly state the purpose of the tests (index or reference) that are 
being compared, such as whether they are used to measure the response of an inter-
vention or are used for screening, diagnosis, monitoring, disease staging, predispo-
sition, or surveillance [12]. Usually, diagnosis test accuracy reviews evaluate the 
accuracy of tests used for diagnosis or staging. The index test is the test under study; 
its performance is being evaluated. The index test may be an alternative to or a less 
invasive technology than the reference test.

5.4.2.4  Description of the Standard Test
The reference standard is the best currently available method for identifying patients 
who have the target condition; it also called the gold standard. The reference test 
will be compared with the index test. The reference standard is a critical validation 
point for an accuracy study, as it is used to define the target condition; the underly-
ing assumption is that the reference test reflects the truth [4, 11].

5.4.2.5  Description of the Outcomes
The protocol should briefly state the outcomes of interest while considering the 
clinical context. For diagnostic test accuracy SRs, the outcomes may be written in 
terms of true positives, false positives, true negatives, false negatives, sensitivity and 
specificity, as well as other related outcomes.
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5.4.3  Search Methods

The authors must design strategies for searching the literature, and the protocol 
should present at least one detailed search strategy (the strategy must be replicable) 
for one of the main databases.

To build the strategy, a good starting point is to break the PIRO framework into 
its components, then identify and list the MeSH terms (in case of MEDLINE) and 
text words for each component. The next step is build the strategy using the Boolean 
operators “OR” for the synonym(s) and “AND” between the PIRO components. For 
instance:

(Population OR synonym(s)) AND (Index test OR synonym(s)) AND (Reference 
test OR Synonym(s)) AND (Outcome OR synonym(s)).

Usually, the databases automatically help to create the search by identifying 
and adding terms. The database shows the terms and indicates their correspond-
ing field tags, such as text words (tw), title and abstract (tiab), date (dp), and all 
fields (all) in MEDLINE/PubMed. The field tags can be managed to narrow the 
search strategy.

In addition to synonyms, the authors should pay attention to variations in spell-
ing, as well as plurals and abbreviations. The use of any restrictions is not suggested 
(for example, restricting languages or dates); however, when restrictions are applied, 
it is necessary to justify them. For example, a search may be limited by date, depend-
ing on the specific year that the test was introduced. The constructed search strategy 
must be adapted to various databases.

The intended search period also needs to be outlined. For example, it should be 
stated whether the search will be updated. The use of reference managing software 
is strongly recommended, and the software, along with its version, must be previ-
ously stated in the protocol.

5.4.3.1  Databases
The databases should be chosen according to the topic of the review or the study 
population. There are multi-subject databases as well as databases in specific areas 
of healthcare. For example, PsycInfo is specific to the American Psychological 
Association. Some of the major databases are the following:

• MEDLINE/PubMed—Medical Literature Analysis and Retrieval System 
Online (https://www.ncbi.nlm.nih.gov/pubmed/)

• EMBASE—Excerpta Medica Database (https://www.elsevier.com/solutions/
embase-biomedical-research)

• Cochrane Library—(http://www.cochranelibrary.com/)
• Web of Science—(http://www.webofknowledge.com/)
• DARE—The Database of Abstracts of Reviews of Effects (https://www.crd.

york.ac.uk/crdweb/HomePage.asp)
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• LILACS—Latin American and Caribbean Health Sciences Literature (http://
lilacs.bvsalud.org/en/)

• CINHAL—The Cumulative Index to Nursing and Allied Health Literature 
(https://health.ebsco.com/products/the-cinahl-database)

The protocol should also state if a manual search strategy will be used, including 
snowballing (checking the reference list of the selected articles).

5.4.3.2  Other Resources
Other sources, such as “grey literature”, should be searched in order to retrieve data 
for nonacademic purposes or unpublished evidence. Some examples of websites/
databases to search for grey literature are as follows:

• The Grey Literature Report (http://www.greylit.org/)
• Open Grey (http://www.opengrey.eu/)
• The OAIster Database (http://www.oclc.org/en/oaister.html)

In addition, the protocol must state if the referenced authors will be personally 
contacted, if needed.

5.4.4  Eligibility Criteria

Predetermined criteria related to the research question must be stated in the 
protocol.

5.4.4.1  Type of Studies
The protocol must describe the type of studies that will be included in the review. 
Generally, diagnostic test studies include observationally designed studies, such as 
cross-sectional studies; however, they may also include case-control studies.

Identifiable design features of the eligible studies must be stated. Review 
authors should describe the design as well as provide a design name, as there is 
no universal terminology for diagnostic study designs. Key aspects include a 
statement on whether the protocol will include only prospective studies or both 
prospective and retrospective studies, a description of how and where partici-
pants were recruited (e.g. as a consecutive series of new presentations in pri-
mary care), and a statement on whether the study was cross-sectional or if it 
included longitudinal assessment as the reference standard. Authors should 
always state whether they included or excluded diagnostic case-control studies 
and the strategy used to make this decision. Any restrictions based on a minimal 
quality standard, minimal sample sizes, or the number of diseased cases should 
be stated, but there is no clear guidance on how these limitations should be 
determined [7].
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5.4.4.2  Participants
As one of the objectives of an SR is to provide a decision-making process regarding 
a specific condition and tests, the population is a key component. The protocol must 
describe the population for whom the test is suitable, including any restrictions on 
diagnoses, age groups, and settings [7].

5.4.4.3  Target Condition
The target condition is a health condition or a particular disease, in a current stage, 
that the index test is intended to identify. Some reviews may evaluate the ability of 
tests to differentiate between several target conditions—if this is the case, all of the 
target conditions should be listed [7].

5.4.4.4  Index Test: Technical Aspects
A description of the test index and its characteristics and technical aspects should be 
included. The test may be based on samples, a physiological measure, an imaging 
test, or a physical examination. For example, if the test is based on samples, the 
protocol should describe the type of assay kit and the criteria used to declare a posi-
tive test result (including the normal ranges that may vary across population groups, 
such as age). For example, the index test of a meta-analysis was an immunohisto-
chemistry test of the antigen p57 to diagnose the complete hydatidiform mole [8].

5.4.4.5  Reference or Standard Test
Similar to the index test, the protocol should describe the reference test, its charac-
teristics, and technical aspects, including the criteria used to declare a positive test 
result. For example, in the previously mentioned meta-analysis, the standard test 
was the genotyping technique (short tandem repeat) to diagnose the complete hyda-
tidiform mole in pregnant women [8].

5.4.5  Data Collection Plan

The planned method of data extraction should be clearly stated. It is typically rec-
ommended that at least two reviewers independently select and evaluate the studies 
and extract their data. The protocol should also state the steps of the study selection 
based on the eligibility criteria. For example:

• Step 1: title review
• Step 2: abstract review (in cases where the titles indicated that a study might be 

of relevance)
• Step 3: identification of the eligible studies based on their full text

As indicated in the Guide to the contents of a Cochrane Diagnostic Test Accuracy 
Protocol version 1.1, this section should indicate the rigour of the selection and data 
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extraction processes by describing the processes used for duplicate selection and 
extraction decisions, the method for resolving discrepancies, and the method for 
checking (and double checking) key data [7].

The type of data that will be extracted should have been previously described in 
the protocol. The information that will be extracted from each study should be 
listed, and this description should state the possibility of adding more information 
during the extraction process, when appropriate. The tables and tools that will be 
used to extract the data can be included in the protocol. For example, the extraction 
tools may include the following:

• Study characteristics, such as title, author, country, design, language of publica-
tion, year of publication, sample size, and number of centres

• Population characteristics, such as total number of patients, number of patients 
in groups for comparison, and age of the patients

• Index test information, such as type of test and diagnostic criteria
• Standard test information, such as the type of test and diagnostic criteria
• Outcomes: number of true positives, false positives, true negatives, false nega-

tives, sensitivity and specificity, negative predictive value (NPV) and positive 
predictive value (PPV), and the positive likelihood ratio (LR+) and negative like-
lihood ratio (LR−) [8]

Articles do not typically present all the information regarding the outcome mea-
sures of interest; in this case, it is better to use a broad tool to collect all types of 
outcome measures so that the authors can conduct calculations and transformations 
to reach the measure of interest. Some articles may present data from the test results 
(standard and index), including sensitivity and specificity; in this case, the authors 
can perform calculations to obtain results, such as true positives, false positives, true 
negatives, and false negatives. These measures than can be used to create a 2 × 2 
contingency table, especially if the article followed the STARD—list of essential 
items for reporting diagnostic accuracy studies, 2015. The objective of the STARD 
initiative is to improve the completeness and transparency of reports of diagnostic 
accuracy studies so that readers can assess the potential for bias in the study (inter-
nal validity) and evaluate its generalizability (external validity) [13].

If the authors will use a software or web-based program to retrieve the data, it 
should be outlined in the protocol. Another aspect that must be approached in the 
protocol is how the authors will treat missing data. If there are any missing or insuf-
ficient data in the included studies, the protocol should state whether the reviewers 
will contact the corresponding authors, and the way the contact will occur (e.g. via 
email) to obtain the additional or missing information.

5.4.5.1  Tables
The protocol should present the developed and standardized tools that will be used 
to extract the data from the retrieved articles. Usually, the tables and tools are pre-
sented in the appendices of the protocol.
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5.4.6  Risk of Bias and Quality Assessment

More variability is expected in the results of a diagnostic accuracy study compared 
to other study designs, such as randomized controlled trials. This variability may 
occur due to chance, as many diagnostic studies have small sample sizes. 
Heterogeneity may be due to differences in the study populations, but differences in 
the study methods are also likely to result in differences in accuracy estimates. 
Additionally, as in any other type of study, test accuracy studies with design defi-
ciencies can produce biased results.

Quality assessment of the individual studies included in an SR is a crucial step to 
identifying potential sources of bias and to limiting the effects of these biases on the 
estimates and the conclusions of the review [11].

It is thereby recommended that the protocol indicates what methodology will be 
used for quality assessment. For an SR of diagnostic test accuracy, the Quality 
Assessment of Diagnostic Accuracy Studies (QUADAS-2) is recommended. 
QUADAS-2 consist of four key domains: patient selection, index test, reference stan-
dard, and flow and timing. Each domain is assessed in terms of its risk of bias, while 
the first three domains are assessed in terms of concerns regarding applicability. 
Signalling questions are included to assist in judgements about the risk of bias [14].

The protocol should describe the anticipated methods for assessing the risk of 
bias in individual studies, including whether this assessment will be done at the 
outcome, study level, or both. The protocol should also state how this information 
will be used in data synthesis [15].

Although it may be difficult to use Grades of Recommendation, Assessment, 
Development and Evaluation (GRADE) in diagnostic test accuracy reviews, the 
reviewers should consider using GRADE to assess the body of evidence (even 
though a GRADE rating may not be provided). As the quality of the methodology 
differs from the quality of the evidence, GRADE not only considers the risk of bias 
across studies, but it also considers inconsistency, imprecision, indirectness, publi-
cation bias, and factors that increase the confidence in an effect [16].

Another interesting source of information for review design is the Enhancing the 
Quality and Transparency of Health Research (EQUATOR) Network website. The 
EQUATOR Network is an international initiative that seeks to improve the reliability 
and value of published health research literature by promoting transparent and accurate 
reporting and a wider use of robust reporting guidelines. It attempts to tackle the prob-
lems of inadequate reporting systematically and on a global scale; it advances the work 
done by individual groups over the last 15 years (https://www.equator-network.org/).

5.4.7  Statistical Analysis Plan

Although some decisions can only be made after data extraction, the authors may 
briefly describe the statistical analysis plan in the protocol. The planned strategy 
may consider the possibility of performing a meta-analysis with heterogeneity and 
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sensitivity analysis (subgroup analysis) or any additional analysis. However, the 
plan may change during the development of the SR, depending on the data that is 
obtained from the selected studies.

Meta-analysis is the process of combining the quantitative results of similar indi-
vidual studies (retrieved in an SR) by formal statistical methods in order to increase 
the precision of the estimated treatment effect. The protocol should mention the 
type of model that will be used.

Diagnostic test studies often report measures such as sensitivity and specificity, 
positive and negative predictive values, likelihood ratios for the respective test 
results, and the receiver operating characteristic (ROC) curve.

Two forest plots are usually presented: one for sensitivity and the other for speci-
ficity. Thus, these graphs show the means and confidence intervals for sensitivity/
specificity in each of the selected primary studies [9].

The summary of the different ROC curves is called the summary receiver operat-
ing characteristic (SROC) curve. SROC is used to represent the performance of a 
specific diagnostic test. It uses a linear regression model proposed by Moses and 
Littenberg that is based on bivariate data and the inverse correlation between sensi-
tivity and specificity. This model is limited because it does not appropriately account 
for the imprecision in individual study estimates or in estimates of heterogeneity 
between studies (random effects); it underestimates test accuracy due to zero-cell 
corrections and bias in the weights [17, 18].

To obtain better estimates of diagnostic accuracy, mixed models have been rec-
ommended. The bivariate random effects model summarizes a pooled estimate for 
sensitivity and specificity, and the hierarchical summary ROC (HSROC) models the 
parameters of the summary ROC curve [4]. Both models are mathematically equiv-
alent in the absence of covariables.

The protocol should present a method for publication bias assessment. As the 
funnel plot method is not suitable for diagnostic test accuracy reviews, the authors 
can consider a regression of lnDOR and the effective sample size (ESS) based on 
the methods described by Deeks et al. [19]. Finally, the software that the authors 
intend to use, along with its version, must be stated in the protocol.

5.5  Results

The protocol should describe how the results will be presented, combined, and 
reported. Test accuracy is most often expressed as test sensitivity (the proportion of 
those patients who are positive to the reference standard and who are also positive 
to the index test) and specificity (the proportion of those patients who are negative 
to the reference standard and who are also negative to the index test), but many 
alternative measures have been proposed and are in use [11].
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As mentioned in the statistical analysis plan, a meta-analysis of diagnostic test 
accuracy generally presents forest plots for sensitivity and specificity, along with 
the corresponding confidence intervals and the ROC curve.

5.5.1  Search Results

The protocol should state how the search results will be documented. The search 
results are usually presented as a flow diagram that indicates the identified studies, 
included and excluded, and the reasons for exclusion. The PRISMA statement 
guidelines have developed a flow diagram template that depicts the flow of infor-
mation through the different phases of an SR (Fig.  5.1). This tool is currently 
incorporated into most SRs, and it is a well-established method for presenting the 
results [15].

# of records indentified through
database searching

# of additional records
identified through other sources

# of records after duplicates removed

# of records screened

# of full-text articles
assessed for eligibility

# of studies included in
qualitative synthesis

# of studies included in
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excluded, with reasons

# of records excluded
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Fig. 5.1 Flow of information through the different phases of a systematic review [15]
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5.5.2  Findings

The protocol may mention how the results will be interpreted in order to reach the 
conclusions of the review.

5.6  Discussion

5.6.1  Summary of the Results

As SRs should be accompanied by a summary of findings table, the protocol should 
mention it. Usually, the summary table includes the question, the accuracy esti-
mates, the number of studies and participants, the quality of the evidence, and the 
practical implications. The GRADE working group developed a tool named 
GRADEpro GDT that can be used to build the summary of results table  (https://
gradepro.org/).

5.6.2  Limitations

As with all research, the value of an SR depends on what was done, what was found, 
and the clarity of reporting. As with other publications, the reporting quality of an 
SR varies, limiting the readers’ ability to assess the strengths and weaknesses of 
those reviews [15, 20].

Limitations also apply to SRs of diagnostic test accuracy; however, knowledge 
of these limitations allows the authors to design a rigorous protocol in attempt to 
minimize them. In this way, a final SR is the result of a well-established protocol, 
and it can at least present well-described limitations, allowing the readers to take 
them into account during their decision-making.

5.6.3  Applications

The authors may briefly mention the applications of the results in the protocol.

5.7  Conclusion

5.7.1  Implication for Practice

Test accuracy is not a permanent property of the diagnostic tests. In this context, 
authors may indicate the expected implications of the design review in practice. The 
authors can anticipate the advantages of the index test beyond its accuracy evalua-
tion at this point in the review design. In practice, the diagnostic test under review 
(index test) may be more accurate, less invasive, easier to perform, less risky, less 
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uncomfortable for patients, quicker to yield results, technically less challenging, or 
more easily interpreted than the standard test [21].

In fact, the index test may have three possible roles as a new test: replacement, 
triage, or add-on [21]. If a new test is to replace an existing test, then comparing the 
accuracy of both tests on the same population and with the same reference standard 
provides the most direct evidence. In triage, the new test is used before the existing 
test or existing testing pathway, and only patients with a particular result on the tri-
age test continue on the testing pathway. When a test is needed to rule out disease in 
patients who do not need further testing, one will be looking for a test that mini-
mizes the proportion of false negatives and thus has a relatively high sensitivity. 
Triage tests may be less accurate than existing tests, but they have other advantages, 
such as simplicity or low cost. A third possible role of a new test is add-on. The new 
test is positioned after the existing testing pathway; its aim is to identify false posi-
tives or false negatives after the existing pathway. The review should provide data to 
assess the incremental change in accuracy that results from adding the new test. 
According to Leeflang et  al. (2008), the review authors should at least consider 
whether the test of interest would be mainly used in general practice or in a second-
ary or even a tertiary setting [11].

5.7.2  Implication for Research

Similar to the implications for practice, the protocol should indicate the expected 
implications for research in its field, identifying gaps in the literature or pointing out 
the best available evidence on a specific research question.
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6Registering the Review

Alison Booth and Julie Jones-Diette

6.1  Introduction

Systematic reviews of any type of evidence should involve a consistent, transparent 
and reproducible approach to identifying, evaluating and summarising the evidence 
on a topic. To achieve this, development of a protocol, a plan of how the review will 
be carried out, is essential; and registration of the protocol can provide 
transparency.

This chapter explains the principles and purpose of protocol registration and 
presents PROSPERO a key example of a purpose built, open register of systematic 
review protocols. The requirements for prospective registration of reviews of diag-
nostic test accuracy studies are illustrated with examples of protocols registered in 
PROSPERO.  This chapter is based on information provided on the PROSPERO 
website and is included here by kind permission of the Centre for Reviews and 
Dissemination (CRD) who produce the register [1].

6.2  The Need for Registration

Mandatory trial registration was introduced following methodological research that 
confirmed what systematic reviewers suspected: that there were publication and 
outcome reporting biases in trials [2, 3]. A similar problem was later found in the 
conduct and reporting of systematic reviews. Of 47 Cochrane review publications 
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examined, 43 reported outcomes not consistent with that described in the associated 
protocol [4]. However, poor reporting in the reviews meant it was not clear if this 
finding was the result of some form of bias or justifiable but undocumented changes 
made as the review methods were developed. A review in 2007 found the quality of 
reporting of 300 published systematic reviews to be disappointing [5]. Problems 
identified included the absence of fundamental details such as risk of bias assess-
ment of the included studies in about a third of the reviews; and only a quarter 
reported undertaking any analysis to look for publication bias in the included stud-
ies. Only 11% of the non-Cochrane reviews examined mentioned having a protocol. 
It may be that a protocol had been produced and followed but not reported or one 
had not been prepared. Whether through poor reporting or total absence, the lack of 
a protocol raises concerns about the effect of a range of biases on the findings and 
the rigour of the conduct of the review. Most of the reporting failures were in non- 
Cochrane reviews: a reflection of the value of inclusion of the production and pub-
lication of a protocol as an integral part of the Cochrane process.

In recognition of the need to improve the standard of reporting, the Quality of 
Reporting of Meta-analyses (QUOROM) guideline was published in 1999 [6]. This 
was revised and replaced by the Preferred Reporting Items for Systematic Review 
and Meta-analysis (PRISMA) guideline in 2009 [7, 8]. PRISMA identified access 
to the protocol and a registration number as desirable. At the time the PRISMA 
statement was published, access to systematic review protocols was limited to the 
outputs of individual organisations such as the Cochrane and Campbell 
Collaborations and the Joanna Briggs Institute [9–11]. There were also limited 
options for publishing protocols in journals. Recognising this situation, the Centre 
for Reviews and Dissemination at the University of York, UK, launched PROSPERO 
in February 2011. One year later the first journal dedicated to publishing systematic 
reviews and protocols was added to the BioMed Central portfolio: Systematic 
Reviews [12]. In 2015 PRISMA guidance specifically for reporting protocols 
(PRISMA-P) was published [13, 14]. PRISMA-P was developed using information 
from the consultation exercise that identified the PROSPERO registration fields. As 
a result PRISMA-P provides a framework for developing a protocol that will coin-
cide with PROSPERO requirements and in a reporting format for submission for 
publication in a journal.

PRISMA-P aims to help improve the reporting of protocols in the same way as 
STARD made modest improvements over time in the reporting of diagnostic studies 
[15]. As with all guidelines, the most appropriate tool for the job should be selected, 
for example, STARDdem for cognitive disorders [16]. The EQUATOR Network 
website (http://www.equator-network.org/) provides free, comprehensive access to 
current reporting guidelines.

Concerns about biases in the systematic review process also drove the realisation 
that review protocol registration was needed. The prevalence of outcome reporting 
bias in randomised controlled trials (RCTs) and the impact of those biases on 288 
Cochrane reviews were examined in 2010 by Kirkham et al. [17]. In comparing the 
protocol with the final published review, 22% were found to have discrepancies in 
at least one outcome measure, 75% of which were in the primary outcome. Potential 
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bias from changes being made after seeing the results from individual trials was 
found in 29% (8/28) of these reviews. Of the 64 reviews with an outcome discrep-
ancy, only 6% explained the reason for the change in the report of the review. 
Kirkham et al. also found that outcomes promoted from secondary in the protocol 
to primary in the review report were more likely to be significant than if there was 
no discrepancy (relative risk 1.66 95% CI (1.10–2.49), p = 0.02).

In 2014 Page et al. published a Cochrane methodological review of empirical 
studies that examined selective inclusion and/or reporting of outcomes in system-
atic reviews of RCTs [18]. The review found that at least one outcome had been 
added, omitted, upgraded or downgraded between the protocol and final report in 
38% of the systematic reviews included in four empirical studies. However, the 
association between statistical significance and discrepancies in reporting of out-
comes was unclear. The reason for discrepancies was rarely reported, and it was 
also unclear whether the decision to make these changes was related to the signifi-
cance of the treatment effect for that outcome. There was evidence that 32% of the 
systematic reviews did not report all of the outcomes in the abstract of the review. 
Outcomes with more statistically convincing results were more likely to be com-
pletely reported in the abstract than other outcomes. PRISMA for abstracts was 
published in 2013, after the studies included in Page et  al.’s review, to provide 
guidelines for writing abstracts for systematic reviews in journals and for confer-
ences [19].

Bias in research can arise from a variety of sources [20] and is still occurring in 
trials [21, 22]. Even the most rigorous approach to undertaking a systematic review 
cannot eliminate bias. But it is possible to minimise some of the risks and add trans-
parency in the process allowing the reader to assess the remaining potential risk and 
influence of bias on the findings of the review. Making key details of the protocol 
publicly available through registration can provide such transparency if the appro-
priate information is provided. Simply registering a protocol is not the whole 
answer, as Tricco et  al. found in their 2016 study comparing outcome reporting 
between PROSPERO records and their published review reports [23]. Of the 96 
reviews identified, just over a third did not explicitly state their primary outcome; 
just under a third had a discrepancy between the primary outcome in the protocol 
and final report, and 6% of primary outcomes were omitted from the review report. 
No significant increased risk was found from adding/upgrading (RR 2.14, 95% CI 
0.53–8.63) or decreased risk of downgrading (RR 0.76, 0.27–2.17) an outcome 
when the meta-analysis result was favourable and statistically significant. Likewise, 
there was no significant increased risk of adding/upgrading (RR 0.89, 0.31–2.53) or 
decreased risk of downgrading (RR 0.56, 0.29–1.08) an outcome when the conclu-
sion was positive. Registration has facilitated such research, which in turn supports 
further efforts to provide transparency and improve reporting in the systematic 
review process.

Another major driver for prospective registration of systematic review protocols 
is to help avoid unplanned duplication. Minimising waste is high on research agen-
das around the world [24]. There are justifiable reasons for repeating or undertaking 
complementary systematic reviews, but these should be planned and undertaken in 
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the full knowledge of existing and ongoing reviews [25, 26]. Siontis et al. found that 
49 out of 73 (67%) meta-analyses included in their study had overlapping meta-
analyses on the same topic. They concluded that while some independent replica-
tion can be justified, the study findings indicate that some research resources are 
being wasted [27].

A database of ongoing reviews provides reviewers, funders and commissioners 
with searchable access to details of what is already being addressed and when the 
results are likely to be available. This helps to avoid unplanned duplication and has 
the potential to promote collaborations. As part of a wider movement to improve the 
transparency of methods and quality of reporting research, journals that publish 
systematic reviews are increasingly requiring details of protocol registration as part 
of the submission process. Major publishers, such as BioMed Central, BMJ, BMJ 
Open and PLoS, have endorsed prospective registration of systematic reviews and 
ask for the PROSPERO registration number to be included in submissions of final 
reports [28]. PLoS Journals also make registry details and protocols available to 
editors and reviewers and include them alongside published papers for readers [29]. 
Both journals of the RSNA Radiology and the British Journal of Radiology request 
authors follow the PRISMA checklist for systematic review manuscripts, which 
includes reporting details of protocol registration.

6.3  Options for Registration

Many of the major funders of reviews such as the US Agency for Healthcare 
Research and Quality (AHRQ) and the UK National Institute for Health Research 
(NIHR) make protocols for research they fund available on their websites. Likewise 
organisations such as the Cochrane and Campbell Collaborations and the Joanna 
Briggs Institute publish protocols for their reviews on their organisation’s database 
or website [9–11]. The Cochrane Collaboration and the Joanna Briggs Institute both 
include protocols for reviews of diagnostic studies. While not the same as registra-
tion, more journals now publish protocols, for example, PLoS ONE and BMC 
Systematic Reviews. Publication puts the protocol in the public domain but can take 
time and usually still requires details of registration to be reported.

Some clinical trial registers have accepted registration of systematic review pro-
tocols. However, the information required for a protocol of a trial is significantly 
different to that of a review. A study in 2011 found that the anticipated benefits of 
trial registration were being undermined by deficiencies in the provision of key 
information: a potential problem for all registers [30]. It is also counter-intuitive to 
look in trial registers when searching for protocols of systematic reviews.

The Open Science Framework (OFS) is an example of an initiative arising from 
the broader calls for transparency in research processes and data [31]. OSF is a free, 
open source service that facilitates project management, including permanent, data 
stamped versions of all documentation such as protocols. However, a dedicated reg-
ister of systematic review protocols provides a single site to search for ongoing 
reviews and avoids the need to find and search a range of places.
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Funded by the NIHR, PROSPERO was launched in February 2011, as the first 
free, open access international prospective register of systematic reviews [28]. The 
PROSPERO dataset was agreed through an international consensus exercise specifi-
cally for the registration of systematic review protocols [32, 33]. In addition to 
registrations from individual review teams around the world, protocols from the 
major organisations producing reviews such as the Cochrane Collaboration and the 
Joanna Briggs Institute are included in PROSPERO. The UK NIHR mandate regis-
tration of all the reviews they fund which meet PROSPERO inclusion criteria. Other 
major funders such as the Canadian Institute for Health Research (CIHR) also 
strongly encourage protocol registration.

Register content has grown rapidly with 10,000 registrations in November 2015, 
doubling to 20,000 records in just over a year. PROSPERO offers international 
exposure as registrations come from 107 countries, and during 2016 there were 
364,806 visits to the website from 210 countries and territories worldwide.

In addition to providing a single site for searching, PROSPERO records are per-
manent. This ensures that even if the findings of a registered review are never pub-
lished and/or referenced in the registration record, details of the review team are 
available for users to contact.

6.4  Reviews of Diagnostic Accuracy Studies in PROSPERO

Participants in the international Delphi consultation to establish the dataset for reg-
istration comprised a range of experts from around the world in systematic review-
ing, methodology, commissioning and guideline development in health and social 
care, as well as journal editors, including those specialising in diagnostic accuracy 
reviews [33].

The focus for registration was initially on reviews of the effects of interventions; 
this was then expanded to include any systematic review with a health-related out-
come in the broadest sense [34, 35]. The consensus panel included experts in 
reviewing diagnostic test accuracy studies, but it was agreed no guidance specific to 
DTA was necessary. Registrants proved to be capable of adapting the form to their 
particular review and from launch submissions accepted included: reviews of diag-
nostic, prognostic, prevention, service delivery, adverse effect, epidemiology, prev-
alence and risk studies [36]. Methodological reviews are only included if there is an 
outcome of direct patient or clinical relevance. So a review comparing the reporting 
of studies of diagnostic tools for a condition could be included, as long as there was 
an element of assessment of the value of the tools that would help a clinician decide 
on a tool in a given situation.

At the end of February 2017, there were 166 reviews with “diagnostic and accu-
racy” in their title registered in PROSPERO, including four Cochrane reviews. The 
results of a year-by-year search of Ovid MEDLINE and PROSPERO for records 
with diagnostic and accuracy in the title are shown in Fig. 6.1. This demonstrates the 
need to further promote an understanding of both the value and availability of pro-
tocol registration to those undertaking diagnostic reviews.
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The records in PROSPERO can provide a useful learning tool; however, submis-
sions are not peer reviewed, only checked to ensure they meet the inclusion criteria, 
so should be critically assessed for methodological validity and, as with all research, 
should not be taken at face value. A periodic reminder is sent by the PROSPERO 
administration team, but it is the responsibility of the named contact on the registra-
tion to update the status of a review; therefore, if this is not updated, an ongoing 
study that has passed its anticipated completion date may have been completed and/
or published or even abandoned.

6.5  Registering a Review of Diagnostic Accuracy Studies 
on PROSPERO

Registration on PROSPERO involves the prospective and permanent publication of 
key information about the design and conduct of a systematic review. Registration 
is free of charge. Registrants are responsible for the information entered in the reg-
istration form and, by submitting this, agree to be accountable for the accuracy and 
timeliness of the record and its content. The person submitting the completed form, 
known as the Named contact, is also expected to keep the record up to date, includ-
ing provision of a citation and a link to the report or publication on completion of 
the review.

Prospective registration is essential for the comparison of what was planned with 
what is reported on completion, so retrospective registrations are not accepted. It is 
not possible to account for all potential biases, so from a practical perspective, the 
earliest point in the review process where bias may potentially be accounted for is 
during screening against eligibility criteria. For this reason registration forms should 
be completed and submitted before screening commences.
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Fig. 6.1 Reviews with diagnostic accuracy in the title entered in PROSPERO and Ovid MEDLINE
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Protocols are iterative documents, and during the course of a review, amend-
ments may become necessary. PROSPERO facilitates the documentation of revi-
sions and updates on progress, so transparency can be maintained throughout the 
review. It is important to justify any changes and to be clear when in the review 
process they have been made, as changes should not be made after commencing 
data extraction.

Submissions must be in English for practical reasons related to record manage-
ment (CRD is UK based), but search strategies and protocols attached to a record 
may be in any language.

In developing and writing a protocol and the subsequent final report, it is impor-
tant to pay attention to all of the information provided. A qualitative study requested 
clinicians, researchers and policy makers unfamiliar with the design and methodol-
ogy to read three Cochrane diagnostic test accuracy reviews. The participants found 
the reviews largely inaccessible and had a range of difficulties with understanding 
related to the level of explanation provided in the text [37]. In striving to meet the 
requirements of guidelines or registration templates, context and user-friendly lan-
guage to facilitate accessibility should not be forgotten.

6.5.1  Administrative Fields

The PROSPERO dataset contains 22 required items and 18 optional items 
(Table 6.1). The more administrative fields are common to all types of reviews 
and are fairly self-explanatory. Of particular importance though is specifying the 
stage of the review at the time of submission which, as discussed above, may be 
taken as an indicator of whether selection bias may have occurred. The stage of 
review at registration can be seen in relation to the anticipated start and comple-
tion dates.

Although many items are optional, registrants are encouraged to provide as much 
information as possible. The data in PROSPERO offer the opportunity for method-
ological research, to hopefully provide a better understanding of issues with plan-
ning and undertaking reviews. For example, Borah et al. (2017) used the data on 
start and completion dates from 195 registered and published reviews in PROSPERO 
to look at how long reviews are taking [38]. They found the mean estimated time to 
complete the project and publish the review was 67.3 weeks. Funded reviews took 
significantly longer (mean 42 vs. 26 weeks, p < 0.001) and involved more authors 
and team members (mean = 6.8 vs. 4.8 people, p < 0.001) than those that did not 
report funding.

6.5.2  Methods Fields

In preparing your protocol and prior to registration, it is worth considering the areas 
of methodological weakness identified in the Cochrane diagnostic test accuracy edi-
torial process [39]. Common methodological issues with Cochrane diagnostic test 
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Table 6.1 The PROSPERO 
dataset

Review title and time scale
1. Review titlea

2. Original language title
3. Anticipated or actual start datea

4. Anticipated completion datea

5. Stage of review at time of this submissiona

Review team details
6. Named contacta

7. Named contact emaila

8. Named contact address
9. Named contact phone number
10. Organisational affiliation of the reviewa

11. Review team members and their organisational affiliations
12. Funding sources/sponsorsa

13. Conflicts of interesta

14. Collaborators
Review methods
15. Review question(s)a

16. Searchesa

17. URL to search strategy
18. Condition or domain being studieda

19. Participants/populationa

20. Intervention(s), exposure(s)a

21. Comparator(s)/controla

22. Types of study to be includeda

23. Context
24. Primary outcome(s)a

25. Secondary outcomesa

26. Data extraction (selection and coding)
27. Risk of bias (quality) assessmenta

28. Strategy for data synthesisa

29. Analysis of subgroups or subsetsa

General information
30. Type of review
31. Language
32. Country
33. Other registration details
34. Reference and/or URL for published protocol
35. Dissemination plans
36. Keywords
37.  Details of any existing review of the same topic by the 

same authors
38. Current review statusa

39. Any other information
40. Details of final report/publication(s)

aIndicates a required field
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accuracy protocols include definition of the research question (in particular alterna-
tive diagnostic pathways), choice of reference standard, design of the search strat-
egy, quality assessment of the included studies and the statistical methods for 
meta-analysis.

6.5.2.1  Review Question and Title
The title for a review of diagnostic test accuracy studies should state the test and the 
condition being diagnosed; for example, “Anion gap as a diagnostic tool to screen 
for elevated lactate levels in patients admitted to an acute care setting: protocol of a 
diagnostic test accuracy review”, (CRD42015016470). Or where tests are being 
compared, the index test(s) and reference test and what they aim to diagnose should 
be included; for example, “The accuracy of Quantitative interim PET compared to 
Qualitative interim PET in prognosis of Hodgkin lymphoma: a systematic review 
protocol of diagnostic test accuracy” (CRD42016027953).

Including “protocol for a systematic review” and “diagnostic test accuracy” in 
the title helps users and search engines find the review protocol, identify study 
design and distinguish it from a completed review.

The review question should clearly state the index test or tests that are to be 
assessed for accuracy, which is the reference test or comparator, details of the condi-
tion being diagnosed and/or the subgroup of those with the condition and the cir-
cumstances and method of use of the test(s). The title may also specify the measure 
of accuracy to be used (e.g. sensitivity, specificity; positive and negative likelihood 
ratios; area under the curve) and the types of studies to be included.

6.5.2.2  Searches
Details of the sources to be searched and any restrictions should be provided. The 
full search strategy is not required but may be supplied as a link or attachment.

Remembering that what is included in the registration of the protocol is the plan 
you should follow, choice and range of electronic databases to be searched should 
take into account the volume of literature that may be found. Borah et al. found the 
number of studies identified from literature searches registered in PROSPERO 
ranged from 27 to 92,020, the mean yield rate of included studies was 2.94% 
(IQR = 2.5) and the mean number of authors per review was 5, SD = 3 [38]. It is 
always worth reviewing methodological papers when planning a review, for exam-
ple, three studies suggest that limiting searching to MEDLINE may be appropriate 
for reviews of diagnostic test accuracy [40–42].

Plans to search for unpublished literature should also be documented. Leeflang 
et  al. (2013) note that not much is known about publication bias in diagnostic 
research and promotes the development of an equivalent to www.alltrials.net for the 
publication of all diagnostic studies. In the meantime they encourage every effort to 
search for unpublished works [43]. A study of handsearching suggests efforts may 
best be focussed on identifying relevant journals as diagnostic imaging studies are 
published in a wide variety of places [44].

In the future we expect to see search strategies include repositories of data such 
as OSF and the Systematic Reviews Data Register (SRDR) [31, 45]. The SRDR 
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platform facilitates the extraction and management of data for systematic reviews 
and meta-analyses, creating a central database that can be critiqued, updated and 
augmented on an ongoing basis.

6.5.2.3  Condition, PICO, Context
PROSPERO is structured for the PICO items, population, intervention, comparator, 
outcomes and the condition or domain being studied, which are all required fields 
for any systematic review. Generally, for diagnostic test accuracy reviews, the inter-
vention will be the index test being assessed, and the comparator will be the stan-
dard test against which it is being compared. For example, Barbic et al. (2015) listed 
their intervention as “Point-of-care ultrasonography for the differentiation of cellu-
litis and abscess”, and for their comparator, “Computed tomography, results from 
incision and drainage, or final diagnosis from clinical follow-up will be accepted as 
reference standards” [46]. Selection and definition of reference tests need careful 
consideration as they frequently have inherent challenges to their validity and often 
there is no one perfect way of measuring something.

Ideally, sufficient details of the tests to be included should be given to enable 
reproduction, for example, stating where in the patient pathway the test would be 
undertaken, details of the setting, skills of those undertaking the test and those inter-
preting the results and the manufacturer of the test.

Outcomes are the measures of diagnostic accuracy to be used, and as with any 
systematic review, the primary or most important outcome should be clearly stated, 
separately from any secondary, additional outcomes. Where there is no generally 
agreed value or range of values, studies are likely to report different thresholds, it is 
worth considering and stating how you will handle these.

Barbic et al.’s (2015) primary outcome is the diagnosis of abscess versus celluli-
tis, and secondary outcome is time to conduct point-of-care ultrasonography [46]. It 
is essential to give clear and accurate details about outcomes in the registration form 
as it is this record of a priori decisions that will be compared with what is reported 
in the final publication.

6.5.2.4  Data Extraction
You should set out the procedure you will use for selecting studies for inclusion and 
extracting data. For study selection make it clear how many stages will be involved 
and describe the rigour of the selection process.

For data extraction, this should include a list of the data to be extracted and infor-
mation such as the number of researchers that will be involved, whether extraction 
will be done independently, how key data will be checked for accuracy or how dis-
crepancies will be resolved.

For example, in their review of magnetic resonance imaging for diagnosing rota-
tor cuff tears, Smith et al. (2011) state that for data extraction:

All data will be independently extracted by one reviewer (HD) and independently verified 
by a second (JG). Disagreements in data collected between the reviewers will be resolved 
through discussion. The data extracted will include: sample size, cohort gender, average 
age, MRI and surgical procedure, the frequency of true positive, true negatives, false posi-
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tives and false negatives for the index to reference test analysis. When insufficient data is 
available, attempts will be made to calculate this using summary estimates. If not possible, 
corresponding authors will be contacted to obtain this data. [47]

6.5.2.5  Quality Assessment
Diagnostic test accuracy studies tend to be less well funded than randomised con-
trolled trials and as a result are often poorly conducted and/or reported [48–50]. 
This section should include a statement of how quality assessment or risk of bias 
will be undertaken, for example, independently by two reviewers, or assessed by 
one and checked by a second. How discrepancies will be resolved should also be 
stated, for example, through discussion or referral to a third party. Also state the risk 
assessment tool that will be used; for diagnostic accuracy studies, this will most 
likely be the QUADAS-2 tool [51], though the Joanna Briggs Institute also have a 
checklist for diagnostic test accuracy studies [52]. Tools relevant to other study 
designs to be included should be stated.

You should also state whether and how this assessment will influence your 
planned synthesis. Reitsma et al. (2012) provide the following plans for using their 
assessment of risk of bias:

The results of the quality assessment will be used for descriptive purposes to provide an 
evaluation of the overall quality of the included studies and to provide a transparent method 
of recommendation for design of any future studies. In addition, if enough data are available 
from the included studies, each of the quality components will be included as explanatory 
variables in a meta-regression analysis to investigate the association of each of these com-
ponents with study results as a way of explaining possible heterogeneity. Based on the 
findings of the quality assessment, recommendations will be made for the conduct of future 
studies. [53]

6.5.2.6  Data Synthesis and Subgroup Analyses
Plans for data synthesis may have to change depending on the data identified as 
meeting the inclusion criteria; however prespecification of intent is an essential part 
of a protocol and required for registration in PROSPERO.  The planned general 
approach is asked for, and for reviews of diagnostic accuracy studies, this should 
include definitions for test results and the analysis for comparing tests. The outline 
of presentation for a descriptive estimate of diagnostic accuracy should be given, to 
include tables and graphs as appropriate. The circumstances under which a meta- 
analysis will be undertaken should be stated, such as the type of statistical model(s) 
to be used or the basis for selection of a model. Also include how heterogeneity will 
be investigated and the statistical tests that will address any issues. Any sensitivity 
analyses such as subgroups or subsets within the review should also be planned and 
stated in the registration form. It is good practice to indicate the statistical package 
that will be used, being clear it has the capacity to undertake the planned analysis, 
for example, Stata, R or SAS.

In their review of MRI for rotator cuff tears, Smith et al. (2012) planned to use 
two-by-two tables detailing true-positive, false-positive, false-negative and true- 
negative values to calculate sensitivity and specificity with 95% confidence inter-
vals for each study, presenting the results in a forest plot [47]. They go on to describe 
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how heterogeneity will be assessed and how the assessment will influence the 
planned meta-analysis: with homogeneity demonstrated in a summary Receiver 
Operating Characteristic (ROC) plot. Finally, they intended to construct pooled sen-
sitivity and specificity values. Smith et al. also planned subgroup analysis of MRI 
field strengths and of differences in outcomes of partial- to full-thickness rotator 
cuff tears [47]. The matching results can be seen in the published paper [54].

Your data synthesis plan should also include any tests for publication bias. A 
study of analyses of publication bias in reviews of diagnostic test accuracy studies 
found that while authors frequently investigated publication bias, the test used was 
suboptimal [55]. Van Enst et al. (2014) compared the Begg, Egger and Deeks tests 
[56–58] and as they gave different results concluded they are not interchangeable; 
the Deeks test was the authors’ preferred choice.

6.5.3  Dissemination

Although this is an optional field, dissemination is an essential part of any research 
project, and brief details of plans for communicating essential messages from the 
review to the appropriate audiences should be given. Every effort should be made to 
publish a report, irrespective of the findings. When writing reports, authors should 
adhere to the PRISMA guidelines for reporting a systematic review; this will also 
help in ensuring your final report is in line with your planned methods. On comple-
tion and publication of the review, the status should be updated in PROSPERO, and 
details of, and links to, final publications of any type can be added to the record at 
any time.

Depending on the findings and their importance to practice and policy, dissemi-
nation should include other activities, for example, presentation at scientific meet-
ings, production of a lay summary distributed to relevant audiences such as Royal 
Colleges and charities and organisation of a workshop for all relevant 
stakeholders.

6.6  Practicalities of Registration

To register any review, including a review of diagnostic test accuracy studies, users 
“Join” to create a username and password, so they can “Sign in” as a registered user. 
This allows access to create a new record and/or to view existing records for updat-
ing or amending. The dataset has four sections, Review title and timescale, Review 
team details, Review methods and Review general information. Required fields are 
marked with a red asterisk and must be completed before the final document can be 
submitted. The form can be saved and exited at any time and revisited at a later date 
to add or edit information prior to submission, but once submitted any subsequent 
changes require resubmission to ensure an audit trail of amendments. Personal 
information can be updated and PROSPERO passwords changed in “My details”.
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Forms can be printed or saved in portable document format (pdf) or as a word 
processing document to enable sharing and collaboration on development of the 
submission. However, only one member of the review team can submit the reg-
istration and make future updates and amendments via their personal log in. 
Fields can be completed by cutting and pasting information from a prepared 
protocol. The PROSPERO form has also been used as a template for developing 
the review protocol [35]. Records need to be fully searchable, so information 
needs to be entered in the specified fields: it is not sufficient to refer to an 
attached protocol or publication. Brief guidance is given for each field, and fur-
ther information and examples can be accessed via a link to “more” or down-
loaded as a pdf [28].

When all the required fields have been completed, the “Submit” button becomes 
active, and the form can be sent to the PROSPERO administrators. Access to your 
record is suspended during the administrative process. Receipt of submissions is 
acknowledged in an automated email sent to the named contact. Application forms 
are checked against the inclusion criteria for PROSPERO and for clarity of content, 
and Medical Subject Heading (MESH) indexing terms are added to the record to 
assist the search function. The record is then approved and published on the register, 
returned for clarification or rejected. Submissions are processed and a response 
given, usually within 5 working days of receipt.

Once published on the register, the record becomes accessible again in the 
“My records” section of the registrants account. This then allows amendments 
and updates within the record to be performed by the named contact. On submit-
ting changes you will be prompted to give brief details in a revision note of the 
changes made. The information entered here will appear in the public record and 
should inform users of the register about the nature of the changes made (e.g. 
removed one of the outcome measures; changed the anticipated completion date 
as data extraction is taking longer than anticipated). All submitted edits and 
changes to a PROSPERO record are recorded, dated and made available within 
the public record audit trail. The most recent version appears, and previous ver-
sions are accessible from dated archive links in the record together with the revi-
sion notes.

Records remain permanently on PROSPERO. Once the review is completed, the 
status should be updated in the record and the anticipated publication date given. 
Once available, the bibliographic reference and electronic links to final publications 
should be added to the record. In the absence of a publication, details of availability 
of the review’s unpublished results, or reasons for the termination of the review, 
may be documented.

When it comes to updating a completed review that has already been registered 
on PROSPERO, details should be added to the existing record by selecting the 
“Update of a review” status option and resubmitting. This ensures that the history 
and previous versions are all linked and available in the same record using the 
unique identification number of the records.

6 Registering the Review



72

 Conclusion
It takes a considerable amount of time and effort to design, plan and agree a 
systematic review protocol, and registration may feel like an additional burden. 
However the value of a sound protocol and transparency in methods should never 
be underestimated. Good design and a well-thought through protocol provide the 
essential basis for a high-quality review. Making detailed planned methods pub-
licly available via an open register such as PROSPERO provides transparency in 
the process and helps avoid unplanned duplication. Registration is best practice 
and demonstrates that sound, reproducible methods have been used, giving jour-
nal editors, peer reviewers and readers confidence in the reliability of the 
findings.
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7Searching for Diagnostic Test Accuracy 
Studies
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7.1  Introduction

This chapter describes methods used to search for studies to inform systematic 
reviews of diagnostic test accuracy (DTA). Literature searching is a key component 
of any review [1–3], and an information professional should be involved from the 
proposal stage, to check that the review has not already been carried out, estimate 
the volume of literature through scoping searches and help to develop the review 
question. To be useful to decision makers and to minimise some of the effects of 
publication bias [4, 5], reviews should aim to be as comprehensive as possible under 
the constraints of time, other resources and the difficulties of identifying some data 
(such as unpublished studies, manufacturers’ data, documents in languages other 
than English or older studies). In addition, the methods used to conduct the system-
atic review, including the methods used to conduct the searches, should be robust, 
reproducible and transparent, to enable readers to assess the quality of the review 
and to update it if required.

Searching for DTA studies is particularly challenging. Although a number of 
research projects [6–9] have attempted to develop a search filter with an appropriate 
level of sensitivity to consistently identify DTA studies, none have as yet been suc-
cessful because studies tend to be inadequately reported, authors do not use consis-
tent terminology to describe DTA studies, suitable indexing terms may be absent in 
some databases and sometimes, where indexing terms are available, indexers may 
not have not assigned them appropriately [10]. These challenges reinforce the need 
for researchers to involve a healthcare librarian or information specialist from the 
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outset when planning a systematic review, to inform the selection of relevant and 
appropriate resources to search and to achieve effective search strategies.

7.2  Searching for Diagnostic Test Accuracy Systematic 
Reviews

One of the first steps in a systematic review should be a thorough search for pub-
lished reviews and ongoing protocols addressing the researcher’s question to ensure 
that a new review is required. This search is undertaken to avoid unplanned duplica-
tion of existing research and to identify information to inform the new review, such 
as relevant studies (see section on reference checking below). There may even be 
cases where a review is identified which is suitable for updating. There are a number 
of resources which may help with identifying published systematic reviews:

The Cochrane Database of Systematic Reviews (CDSR) can be searched via the 
Cochrane Library at http://www.cochranelibrary.com. This database contains the 
protocols and full text of all Cochrane reviews and protocols including all Cochrane 
Systematic Reviews of Diagnostic Test Accuracy. At the time of going to press, 
there were 70 full reviews (including 6 updates) and 97 protocols of DTA reviews 
published in the Cochrane Library (Issue 11, 2016).

Epistemonikos is a wider collection of systematic reviews, and it also lists the pri-
mary studies included in the reviews. It is available at http://www.epistemonikos.org/
en/ and is searchable via the Cochrane Library at http://www.cochranelibrary.com.

The Health Technology Assessment (HTA) database is available via the Centre 
for Reviews and Dissemination (CRD) website (https://www.crd.york.ac.uk/
CRDWeb/). This database contains over 1000 systematic reviews of diagnostic eval-
uations. The records in this database are quite brief and few have abstracts, so 
searches need to be sensitive and use synonyms, ideally focusing on the target con-
dition only. In addition individual Health Technology Assessment (HTA) agency 
websites may be explored for diagnostic test guidance, for example, National 
Institute for Health and Care Excellence (NICE) guidance is available at https://
www.nice.org.uk/guidance/published?type=dg.

The Centre for Reviews and Dissemination (CRD) also used to produce DARE 
(Database of Abstracts of Reviews of Effects) and its archive (covering DTA reviews 
published 1994 to March 2015) is still searchable via the CRD website at https://
www.crd.york.ac.uk/CRDWeb/.

The Aggressive Research Intelligence Facility (ARIF) database is produced by 
the Department of Public Health, Epidemiology and Biostatistics at the University 
of Birmingham, UK, and is available at http://www.birmingham.ac.uk/research/
activity/mds/projects/HaPS/PHEB/ARIF/databases/index.aspx. About 2000 DTA 
reviews and reviews of screening studies are included in this database. The records 
in this database are quite brief and few have abstracts, so searches need to be sensi-
tive and use synonyms, ideally focusing on the target condition only. If the volume 
of records retrieved is too large, then the results could be combined with ‘diagnosis 
OR diagnostic’ in the Keywords field.
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TRIP is a search engine at https://www.tripdatabase.com/ which contains 
research evidence from numerous sources including PubMed and Cochrane and 
includes some coverage of diagnostics.

PDQ Evidence is a collection of systematic reviews specifically about health 
systems and also includes the primary studies from these reviews. Despite its focus 
on health systems, it does contain DTA reviews (see http://www.pdq-evidence.org/).

In addition to databases focusing on systematic reviews, major biomedical bib-
liographic databases, such as MEDLINE or Embase, can be searched to identify 
DTA systematic reviews. There are a number of search strategies or search filters to 
identify systematic reviews that may assist with this process. Filters to identify sys-
tematic reviews can be found on the UK InterTASC Information Specialists 
Subgroup (ISSG) Search Filter Resource (https://sites.google.com/a/york.ac.uk/
issg-search-filters-resource/filters-to-identify-systematic-reviews). Each filter will 
have been designed for a specific database and search interface, and with specific 
objectives in mind, so filters should be chosen and used with care. Critical appraisal 
tools are available to help assess the quality of search filters and are listed on the 
Filter Resource website (https://sites.google.com/a/york.ac.uk/issg-search-filters-
resource/critical-appraisal-of-search-filters).

In addition to searching for published systematic reviews, a search of the inter-
national prospective register of systematic reviews in health and social care 
(PROSPERO) will help to establish whether there are any ongoing or unpublished 
systematic reviews that address the research question. PROSPERO is freely avail-
able to search on the CRD website http://www.crd.york.ac.uk/PROSPERO/.

Once it has been established that the research question does require a new or 
updated review, the systematic review protocol can be developed. A search strategy 
specifying the databases and additional resources to be searched and the likely 
search terms to be used to search those resources is an essential part of the protocol. 
PRISMA-P can facilitate the development and reporting of the systematic review 
protocol [11].

7.3  Searching for DTA Studies to Populate a Diagnostic Test 
Accuracy Review

7.3.1  Resources

It is generally recommended that searches for diagnostic test accuracy studies 
should search resources beyond MEDLINE to ensure coverage of journals not 
indexed by this database. As MEDLINE only indexes journals, other publication 
types such as conference abstracts, reports and dissertations need to be identified 
using other databases. Even where journals are indexed MEDLINE, records can be 
missed by specific strategies because of the reasons noted in the introduction to this 
chapter. Cochrane and other health technology assessment organisations currently 
recommend that in addition to MEDLINE and searches for other systematic reviews, 
searches should be conducted in Embase [10, 12–15].
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Case studies have shown that searching bibliographic databases other than 
MEDLINE can retrieve additional relevant studies to those identified in MEDLINE 
including Science Citation Index (SCI) (available as part of Web of Science), 
BIOSIS Previews and LILACS (Literatura Latino Americana em Ciências da Saúde) 
[15]. Whilst three recent analyses have suggested that fewer databases might be 
adequate, an analysis of ten meta-analyses found that only using studies indexed in 
MEDLINE did not impact significantly on the sensitivity and specificity estimates 
of the meta-analyses in those reviews [16]. However, this research was based on 
known-item searches of MEDLINE: review searches may not detect all the records 
in MEDLINE that might be relevant to a review, so searching other databases pro-
vides opportunities to retrieve (MEDLINE indexed) studies by other routes. Another 
recent study of nine reviews performed by a single research group found that the 
reviewers’ original searches would have found 85% of their included studies from 
MEDLINE and Embase (range: 60–100%) [17]. And another study of 16 meta- 
analyses found that MEDLINE searches alone may capture 91% of all eligible stud-
ies [18]. The research, however, has been inconclusive as to the actual value of 
sources other than MEDLINE. The variability in these results suggests that deci-
sions should be based per individual review depending on the subject area and ease 
of searching and accepted levels of sensitivity. When developing the literature 
search for a DTA review, generic databases (such as MEDLINE and Embase) should 
be considered along with subject-specific databases such as CINAHL and PsycINFO, 
dependent on the test being reviewed.

Searchers usually choose a large bibliographic database, such as MEDLINE or 
Embase, as a starting point for searching. However, Embase may be the best data-
base within which to develop a search for DTA studies, particularly for more recent 
tests. Embase introduced the check tag/publication type ‘diagnostic test accuracy 
study’ on 1 December 2010 and was therefore the first of the major electronic medi-
cal literature databases to introduce a specific indexing term for DTA studies. As of 
18 January 2017, 69,600 records in Embase have the check tag ‘diagnostic test 
accuracy study’. The performance of this check tag, in terms of sensitivity and pre-
cision, is unknown, but it can be recommended for scoping searches and as part of 
a multistranded search approach (see below).

Literature searching to identify DTA studies for inclusion in a systematic review 
may involve a range of activities in addition to searching bibliographic databases. 
These activities can include checking reference lists, citation searching, searching 
for conference abstracts and grey literature, contacting experts and manufacturers, 
and handsearching [1, 3, 10, 19].

Checking the reference lists of primary studies (particularly those identified for 
inclusion in the review) and the reference lists of published existing reviews has 
been shown to be useful in finding DTA studies [15, 20, 21].

Citation searching, which begins with a set of known journal articles, or key 
authors, and identifies further journal articles that have cited those known articles, 
has been found to be a useful technique to supplement database searching for DTA 
studies [15]. Citation searching is available through a number of subscription-only 
resources, such as Science Citation Index (SCI), Social Science Citation Index 
(SSCI) and Scopus, as well as freely available resources such as Google Scholar 
http://scholar.google.co.uk/.
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Usually reviewers will try to identify unpublished (or ‘grey’) materials, such as 
theses and conference presentations or information that might only be available via 
the Internet such as reports and presentations. Such publications can be identified by 
searching databases that focus on specific kinds of publication, such as dissertations 
(e.g. ProQuest Dissertations and Theses Databases) or conferences (e.g. ISI 
Proceedings). For some topics it may be beneficial to identify the conference pro-
ceedings of specific organisations and browse programmes or conference abstracts 
online. Unpublished documents can also be identified by scanning the websites of 
relevant organisations such as those of the test manufacturer, national regulatory 
and reimbursement bodies and research centres [22, 23].

Sometimes researchers may carry out general Internet searches using a search 
engine such as Google or Google Scholar. This approach has the potential for 
retrieving an unmanageable number of records, and searches may also be challeng-
ing to reproduce. To cope with these issues, the review team may choose to scan a 
predefined number of the records resulting from Internet searches [24, 25]. This 
method should be used as a supplement to other forms of searching.

The proportion of ongoing trials investigating diagnostic test accuracy is rela-
tively low [26]. However, trial registries are an increasingly useful resource of infor-
mation as many records incorporate the results of trials or references to the results 
and can provide detailed information on the conduct of the DTA study. Trial regis-
tries include ClinicalTrials.gov. The key gateway to clinical trial registry databases 
is the WHO International Clinical Trials Registry Platform (ICTRP) (www.who.int/
ictrp/). Useful links to registries can be found at https://sites.google.com/a/york.
ac.uk/yhectrialsregisters/. New initiatives to improve access to trial data include 
OpenTrials (http://opentrials.net/) and AllTrials (http://www.alltrials.net/). The 
importance of registries and other resources for unpublished data is found on the 
AllTrials site (http://www.alltrials.net/).

7.4  Searching Bibliographic Databases Such as MEDLINE 
and Embase

7.4.1  Search Strategies

The search strategies used with bibliographic databases such as MEDLINE and 
Embase need to reflect the research question being asked and may sometimes be 
complex. Search strategies should, where databases permit, contain both thesau-
rus/indexing terms and ‘free text’ terms for maximum sensitivity. For example, 
MEDLINE records are assigned subject index terms from the Medical Subject 
Headings (MeSH) thesaurus (a controlled hierarchical set of keywords) so that 
records about a topic theoretically receive the same MeSH no matter how the 
authors have chosen to describe their work. Embase has its own thesaurus called 
Emtree. Some databases (such as Science Citation Index (SCI)) do not have a 
thesaurus (or controlled vocabulary), but do provide the keywords that the authors 
have added to the records. Other databases have no controlled vocabulary at all.

Free text terms are usually the words in the title and abstract fields, but may also 
include author, keywords and other information from other fields, which may vary 
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by database. When developing a search strategy, searchers should usually include 
synonyms, spelling variants and abbreviations of the free text terms of interest. 
Within Embase there are additional specific fields, such as .dm. (device manufac-
turer) and .dv. (device trade name) which can be useful additional access points 
when searching, particularly for very new diagnostic technologies.

The searcher’s objective is to create a search strategy with a high degree of sensi-
tivity to ensure that as many potentially relevant records as possible are identified 
from the searches, with as few irrelevant records as possible. Unfortunately, achieving 
this objective is often difficult due to inconsistent terminology in the title and abstracts 
of records, the absence of appropriate indexing terms in some databases and inconsis-
tently applied indexing terms. The search strategy will also need to be adapted to suit 
the requirements of the search interface for each database or resource selected.

As well as the search terms, a search strategy needs a structure. This is developed 
from the review question. A DTA review question needs to be broken down into its 
component parts (or concepts) which are usually expressed in the review eligibility 
criteria for the included studies. In DTA reviews the component parts or key con-
cepts are usually:

• The study participants (P)
• The index test (I)
• The comparator tests/reference standard
• The target condition (T) being diagnosed
• The types of studies [10]

A good example of a search strategy can be found in the Cochrane Handbook for 
Systematic Reviews of Diagnostic Test Accuracy chapter on searching for studies 
[10] shown in Table 7.1. This strategy has three concepts: the index test, the target 
condition and the patient population.

The search should reflect or contain at least some of the key concepts, but it is 
unlikely, and usually undesirable, to reflect all of these concepts. It is usually best to 
start off with identifying the smallest yielding concept, which is also likely to be the 
most specific concept. Often this will be the index test. Only if the search results for 
the index test are too large to process should additional concepts be added to the 
strategy. The most likely additional concept to be included in the strategy, if needed, 
is the target condition (clinical disorder or disease stage being diagnosed). If the 
results of a strategy structured as index test AND target condition are too numerous 
to process, then a further concept may be added. Additional concepts might include 
sets of terms for the patient population (such as children or women) or the reference 
standard (usually the best available test or test strategy).

Search terms that capture the diagnostic test are likely to include both general 
terms (such as dipstick) and specific terms (such as named dipsticks, e.g. 
Multistix). MeSH or Emtree subheadings (sometimes called qualifiers) may also 
be useful. The MeSH subheading ‘diagnosis’ can be used either as a floating sub-
heading (not attached to any indexing term) or as an attached subheading, for 
example, attached to the indexing term for the index test or the target condition. 
For example, in Ovid MEDLINE ‘Exp urinary tract infections/di’ identifies 
records where the ‘diagnosis’ subheading has been attached to the condition 
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indexing term ‘urinary tract infections’, whereas ‘di.fs’ identifies any records 
where the subheading ‘diagnosis’ appears, no matter to which indexing term it has 
been attached. Other MeSH subheadings are available. In December 2016, NLM 
introduced the new MeSH subheading ‘/diagnostic imaging’, which replaced 
deleted subheadings: /radiography, /radionuclide imaging and /ultrasonography. 
However, subheadings tend to be inconsistently applied so they should be used 
with caution.

The challenges of constructing search strategies for some DTA reviews has led 
to the use of multistranded strategies when trying to find records for challenging or 
complex topics. Instead of a single concept combination, a series of concept combi-
nations might be developed to capture the various ways that records express the 
topic of interest. For example, multiple different approaches could be run sequen-
tially and then combined using the OR operator. Using the concepts (rather than 
actual search terms), an example might be as follows:

 1. Index test AND condition
 2. Condition AND reference standard
 3. Index test AND diagnostic test accuracy terms (search filters)
 4. 1 OR 2 OR 3

Table 7.1 Demonstration search strategy for PubMed (MEDLINE), for the topic ‘Clinical assess-
ment for diagnosing congenital heart disease in newborn infants with Down syndrome’

Search terms Notes
(‘Physical Examination’[MeSH Terms] OR ‘Electrocardiography’[MeSH 
Terms:noexp] OR ‘Oximetry’[MeSH Terms:noexp] OR auscultat*[tw] OR 
palpat*[tw] OR electrocardiogra*[tw] OR ECG[tw] OR pulse[tw] OR 
oximet*[tw] OR (chest[tw] AND (radiogra*[tw] OR roentgenogra*[tw] OR 
x-ray*[tw] OR xray*[tw])) OR (thora*[tw] AND (radiogra*[tw] OR 
roentgenogra*[tw] OR x-ray*[tw] OR xray*[tw])) OR (physical*[tw] AND 
(examin*[tw] OR assess*[tw] OR sign[tw] OR signs[tw])) OR (clinical*[tw] 
AND (examin*[tw] OR assess*[tw] OR sign[tw] OR signs[tw])))

Index 
test(s) set

AND
(‘Heart Defects, Congenital’[MeSH Terms] OR (congenital*[tw] AND 
(cardia*[tw] OR cardiol*[tw] OR cardiovasc*[tw])) OR (congenital*[tw] AND 
(cardia*[tw] OR cardiol*[tw] OR cardiovasc*[tw])) OR (congenital*[tw] AND 
heart[tw]) OR (septal[tw] AND defect*[tw]) OR (septum[tw] AND defect*[tw]) 
OR AVSD[tw] OR VSD[tw] OR ‘patent ductus arteriosus’[tw] OR ‘Eisenmenger 
syndrome’[tw] OR ‘Eisenmengers syndrome’[tw] OR ‘Eisenmenger’s 
syndrome’[tw] OR (tetralogy[tw] AND fallot[tw]))

Target 
condition 
set

AND
(‘Infant, Newborn’[MeSH Terms] OR neonate*[tw] OR newborn*[tw] OR 
baby[tw] OR babies[tw]) AND (‘Down Syndrome’[MeSH Terms] OR ‘Down 
syndrome’[tw] OR ‘Downs syndrome’[tw] OR ‘Down’s syndrome’[tw] OR 
‘trisomy 21’[tw])

Patient 
description 
set

[MeSH Terms] restricts the search to Medical Subject Headings and automatically ‘explodes’ the 
term to include all the more specific terms associated with it
[MeSH Terms:noexp] restricts the search to Medical Subject Headings but does not ‘explode’ the 
term
[tw] searches text words across the record included in the title, abstract
MeSH, Publication Types or Substance Names
* is the truncation symbol used to retrieve variant endings
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This approach allows for the cautious use of DTA search filters in approach 3. 
Despite the availability of search filters designed to capture DTA studies, review evi-
dence suggests that the performance of these filters is inconsistent and that using such 
filters is likely to result in an unacceptable proportion of relevant studies being missed 
without significantly reducing the number of studies that have to be assessed [6]. 
Using DTA filters (https://sites.google.com/a/york.ac.uk/issg-search-filters-resource/
filters-for-diagnostic-test-accuracy-studies) in multistranded approaches is seen as a 
useful extra option, since they are not the only approach being used. Table 7.2 shows 
an example of a multistranded search strategy used in practice to identify diagnostic 
test accuracy studies for diagnosing urinary tract infections in children.

Overall, the effort and time involved in developing and carrying out an extensive 
and robust search to identify studies for inclusion in a DTA systematic review can be 
considerable. Developing the strategy may involve several iterations. Random samples 
of results from search strategy drafts should be assessed for relevance to provide esti-
mations of sensitivity, and the retrieval performance of a strategy can be tested by 
checking whether strategies find known relevant records. Any limits that are applied to 

Table 7.2 Example of a multistranded search strategy in Ovid MEDLINE [27]

Search terms Notes
1 exp urinary tract infections/
2 bacterial infections/ or exp pseudomonas 
infections/ or exp klebsiella infections/ or gram 
negative infections/ or exp escherichia coli/ or exp 
proteus/ or exp enterococcus/
3 exp Staphylococcus/
4 exp leukocytes/
5 (microbial infection? or bacterial infection?).ti,ab.
6 (urinary or urine or urethra or bladder or ureter? or 
kidney or kidneys or renal).ti,ab.
7 exp urinary tract/
8 or/2–5
9 or/6–7
10 8 and 9
11 1 or 10

Target condition terms: urinary tract 
infections
Line 1 is the very specific MeSH for 
the topic
Lines 2–5 are MeSH and title and 
abstract words that capture the concept 
of infections as well as bacteria 
involved in the infections
Lines 6–7 are search terms related to 
the urinary tract
The infections and urinary tract terms 
are combined in set 10
The results of set 1 and set 10 are 
gathered together in set 11

12 exp child, preschool/ or exp infant/
13 (infant? or baby or babies or toddler? or 
preschooler?).ti,ab.
14 or/12–13

Patient description set: children
These search lines use MeSH and title 
and abstract words to capture records 
which report research in children

15 11 and 14 Target condition set AND Patient 
description set
This seeks to identify records that 
report urinary tract infections in 
children
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Table 7.2 (continued)

Search terms Notes
16 (risk assessment? or exam or examination or 
feeding or slow weight gain or fever or vomiting or 
diarrh?).ti,ab.
17 (((sepsis or failure) adj2 thrive) or malaise or 
frequent urination or abdominal discomfort or 
abdominal pain).ti,ab.
18 (delayed bladder control or dysuria or (pain adj3 
urination) or painful urination or difficult urination).
ti,ab.
19 (urinalysis or urine analysis or urine sample? or 
urine specimen? or (urine adj3 collect?)).ti,ab.
20 (urine bags or dipstick? or dip stick? or urine 
microscopy).ti,ab.
21 (reagent strip? or colorimetric test? or gas 
analysis or impedance or luminescence).ti,ab.
22 (immunological test? or elisa or enzyme test? or 
bacterial oxygen consumption or turbidimetry or 
urine culture).ti,ab.
23 (bacterial culture or dipslide? or renal 
ultrasonography or planar imaging or radiography or 
urography or pyelography or kub or bladder 
imaging).ti,ab.
24 (cystography or cystourethrography or nuclear 
medicine or scintigraphy or cystogram?).ti,ab.
25 exp physical examination/ or exp fever/ or exp 
body weight changes/ or exp abdominal pain/ or exp 
urological manifestations/ or failure to thrive/
26 exp vomiting/ or diarrhea/ or exp sepsis/ or 
urinalysis/
27 exp microscopy/ or exp “indicators and reagents”/
28 colorimetry/ or electric impedance/ or exp 
immunoassay/ or exp fluorescent antibody technique/
29 exp diagnostic imaging/
30 exp nuclear medicine/ or exp cystoscopy/ or exp 
diagnostic techniques, urological/
31 or/16–30

Index test(s) set: symptoms and signs 
of infection as well as diagnostic 
processes and tools
These search lines (all gathered 
together in line 31) look for general 
and specific search terms suggesting or 
reporting that diagnosis may have been 
undertaken

32 15 and 31 Target condition set AND Patient 
description set AND Index test(s) set. 
These records contain terms from all 
three concepts. Diagnosis of urinary 
tract infections in children

33 vesico-ureteral reflux/ or pyelonephritis/ or 
bacteriuria/ or cystitis/

These terms are further MeSH terms 
indicative of urinary tract infection

(continued)
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Table 7.2 (continued)

Search terms Notes
34 (failure adj2 thrive).ti,ab.
35 sepsis.tw.
36 ultrasonography.ti,ab.
37 exp succimer/ or exp organometallic compounds/ 
or technetium/ or exp sulfhydryl compounds/ or exp 
culture media/
38 urinary catheterization/ or ammonium chloride/ or 
c-reactive protein/ or urodynamics/ or urine/mi
39 (dmsa or urogram? or ultrasound? or (renal adj 
scan?)).ti,ab.
40 (spect or (planar adj image?) or (dip adj slide?) or 
cystoscopy).ti,ab.
41 ((bladder adj aspiration) or (acidification adj 
test?) or (cortical adj echogenicity)).ti,ab.
42 workup.ti,ab.
43 (radiographic or cystomanometry).ti,ab.
44 (bladder adj3 (investigat? or detect?)).ti,ab.
45 (kidney adj3 (investigat? or detect?)).ti,ab.
46 (urethra adj3 (investigat? or detect?)).ti,ab.
47 (renal adj3 (investigat? or detect?)).ti,ab.
48 (kidneys adj3 (investigat? or detect?)).ti,ab.
49 (urinary adj3 (investigat? or detect?)).ti,ab.

These terms and words in close 
proximity form another set of search 
terms indicative of the presence of 
infection or causes of infection or 
diagnosing urinary tract infection
These records are all gathered into a set 
in line 54

50 (infection? adj3 (urinary or urine or urethra or 
bladder or ureter? or kidney or kidneys or renal)).
ti,ab.

This search looks for words in close 
proximity that suggest urinary tract 
infections

51 (2 or 3 or 4 or 33) and 7 This gathers records which report 
bacterial infections in the urinary tract 
(set 7)

52 1 or 50 or 51 This set gathers together the records 
which are most explicit about urinary 
tract infections

53 52 and 14 This combines the urinary tract 
infection records with children

54 or/34–49 These terms and words in close 
proximity to search terms indicative of 
the presence of infection or causes of 
infection or diagnosing urinary tract 
infection

55 53 and 54 This line combines urinary tract 
infections in children with other terms 
indicative of the presence of infection 
or causes of infection or diagnosing 
urinary tract infection

56 55 OR 32 This line selects records from two 
strands together:
  (a) Urinary tract infections in 

children with other terms indicative 
of the presence of infection or causes 
of infection or diagnosing urinary 
tract infection

  (b) Diagnosis of urinary tract 
infections in children
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searches need to be applied with caution, and the trade-offs of applying them should be 
described in the search methods. Even in cases where limits have to be made for 
resource issues, it is still possible to provide information on the impact of the limit. For 
example, even when translation services are unavailable, it can be preferable to not 
limit the search strategies by language, so that an indication to the size of the literature 
that has been missed can be presented along with a list of potentially relevant studies. 
Evidence suggests that all search strategies should be peer reviewed before use [28]. 
The PRESS (Peer Review of Electronic Search Strategies) tool can assist with struc-
tured peer review of search strategies [29], and we note that the search strategies of all 
Cochrane DTA reviews are peer reviewed. This process has potential for enormous 
benefit when errors are detected and corrected and additional key terms are identified.

In time, improvements in reporting and indexing and in search interfaces should 
enable more effective searching. This is likely to be one of the results of the increased 
advocacy for and uptake of reporting guidance such as STARD which encourages 
more informative reporting of study methods (http://www.stard-statement.org/) [30].

7.5  Managing References/Libraries

It is usual practice to search several databases to take account of differences in publica-
tion and topic coverage and also to compensate for poor or inconsistent indexing that 
can result in a search strategy failing to identify relevant records [1–3, 19]. Inevitably 
this approach leads to some records being identified multiple times from several data-
bases, but duplicates can usually be identified and removed using bibliographic soft-
ware. Bibliographic management software such as EndNote, Reference Manager, 
ProCite, RefWorks and Mendeley can be used to load, store, deduplicate and record 
references from searches of individual databases and non-database resources. These 
software can also be used to record screening decisions on the inclusion and exclusion 
of records and details of papers ordered and received. Using one of these software 
packages makes it quicker and easier to locate references, produce data required for 
publication (such as the numbers of records retrieved and screened) and create a list of 
included and excluded studies. These records may also enable production of a flow 
diagram as recommended by reporting guidance such as the Preferred Reporting Items 
for Systematic Reviews and Meta-Analysis (PRISMA) statement [31].

Another advantage of bibliographic management software packages is that they 
usually interface with word processing packages so that bibliographies/reference 
lists for reports can be created easily in a choice of citation styles. In addition, the 
export options from bibliographic management software means that records can be 
exported and loaded into other software packages such as Covidence or Access, 
where screening and further record management can be undertaken.

7.6  Updating Literature Searches

Depending on the timescale and scope of the review, it may be appropriate to include 
an update of the literature searches towards the end of the project to check for recent 
relevant papers. The value of this is not just to find studies which have been added 
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to the databases since the search but also to find records which have been indexed 
or reindexed since the original search.

We recommend for systematic review purposes that, since database interfaces 
may not offer easy or consistent update search options and since records that are 
reindexed in databases might be missed if date limits are applied, an update search 
should involve a full rerun of the original search (for the complete time period). 
Results can then be loaded into the original reference library  and  duplicates 
removed, enabling new records to be identified and processed.

7.7  Current Awareness

Setting up current awareness alerts can help reviewers to identify research pub-
lished after the initial searches. Automated email alerts from specified journal titles 
and RSS feeds from databases or websites can be set up easily. Researchers should 
be aware that there is likely to be a high level of duplication in the records received 
so it is good practice to check whether records have been identified by previous 
searches before adding to the project’s reference library.

7.8  Documenting the Search

The search process should be reported in such a way that it is reproducible and 
transparent to the reader and so that searchers are able to re-run or update the 
searches [1–3, 10, 19]. To ensure the search is reproducible, key items of informa-
tion need to be recorded:

• names of the resources searched and the platform/interface used (some databases 
are available from multiple providers)

• dates when searches were executed
• full search strategies used
• database date ranges searched
• numbers of records retrieved [1–3, 19]

Guidelines on reporting standards of systematic reviews are available. Examples 
include MECIR (Methodological standards for the conduct of Cochrane Intervention 
Reviews) and PRISMA (Preferred Reporting Items for Systematic Reviews and 
Meta-Analysis) (and at the time of going to press there is a PRISMA-DTA and the 
PRISMA-S (PRISMA-Search) extension in development http://www.prisma-state-
ment.org/Extensions/InDevelopment.aspx and http://www.equator-network.org/wp-
content/uploads/2009/02/Protocol-PRISMA-S-Delphi.pdf). Literature search 
reporting in these guidelines focuses on reporting the full search strategy and provid-
ing a full listing of the information resources (database and non-database) searched.

Since many journals now offer authors the facility to submit online appendices 
and supplementary material, it is usually possible to provide full search strategies 
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for all of the searches to enhance transparency and replicability. Journal editors 
encourage adherence to systematic review reporting guidelines.

Examples of search reports are provided in guides such as the Cochrane 
Handbook [2], the DTA Handbook [10] and Systematic Reviews: CRD’s Guidance 
for Undertaking Systematic Reviews in Health Care [19].

7.9  Quality Assessment of the Search

Before submitting a review for publication it should be checked to ensure that it 
meets reporting requirements (PRISMA), and these include aspects that relate to the 
searches. A useful check may also be to assess the review using a tool to assess the 
methodological quality of systematic reviews, including the search process, such as 
AMSTAR (Assessment of Multiple Systematic Reviews) [32] and ROBIS tool to 
assess risk of bias in systematic reviews [33].

7.10  Keeping Up to Date

The methods of searching for DTA studies are constantly being evaluated and 
improved. To keep up to date with the current recommendations, we recommend 
visiting the diagnostic test accuracy chapter within SuRe Info (Summarized 
Research in Information Retrieval for HTA) web resource [14] which is updated 
every 6 months and the Cochrane Handbook for DTA Reviews (http://methods.
cochrane.org/sdt/handbook-dta-reviews) (which is updated less frequently).

The National Institute for Health and Care Excellence (NICE) (https://www.
nice.org.uk/about/what-we-do/our-programmes/nice-guidance/nice-diagnostics-
guidance) and other health technology assessment agencies review diagnostic tests 
and their methods guidance and websites are also useful to check regularly for new 
advice and methods.

7.11  Summary

Identifying diagnostic studies suitable for inclusion in a systematic review is a 
fundamental step to ensure the validity of the review findings in terms of minimis-
ing publication bias or similar threats to accuracy. Since there are no dedicated 
databases of diagnostic test accuracy studies, a range of databases should be 
searched.

The search should contain concepts for the index test and possibly the target 
condition. Search filters to identify diagnostic test accuracy studies are not recom-
mended, except when used in multistranded searches.

Searching for studies is challenging and often complex and early collaboration 
with an information specialist is recommended to achieve searches that best reflect 
the review requirements.
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8Abstracting Evidence

Luca Testa and Mario Bollati

8.1  Introduction

Data are the backbone of any reviewing effort, and their careful yet efficient abstrac-
tion is crucial to enable the production of valid and similarly efficient umbrella 
reviews, overview of reviews, or meta-epidemiologic studies. Despite their obvious 
role, data and their collection means have often been overlooked or treated superfi-
cially. This is unfortunate as no statistical technique, even if highly sophisticated, 
can remedy bias due to suboptimal data abstraction (e.g., information bias). Indeed, 
the key aims which should inform data abstraction for tertiary research should be 
transparency, error minimization, and efficiency [2, 3].

Despite such importance and the self-evident relevance of the above goals, the 
evidence informing on best practices in data collection for systematic reviews is 
quite limited and practically absent for umbrella reviews, overview of reviews, or 
meta-epidemiologic studies [4–6]. We thus need to borrow from sources of evi-
dence focused more on systematic reviews and meta-analyses and concomitantly 
rely largely on expert opinion (combining experience and expertise). Nonetheless, 
there is still room for credible recommendations on effective and efficient data col-
lection methods. Careful application of such methods will typically yield high- 
quality data and maximize the validity of any reviewing exercise.

In general and apparently tautological terms, the minimum set of data requiring 
abstraction are those that are essential for the review of interest (e.g., details on 
populations, interventions/comparisons/exposures of interest, and outcomes), sup-
plemented by those ancillary data which are required to let the reader and decision- 
maker put the findings into context and check their plausibility and applicability. In 
addition, a thorough data collection process will ensure that the data already 
abstracted may be useful to other researchers in the future, a practice which will 
become more and more common in the era of open dataset access and online data 

Nothing has such power to broaden the mind as the ability to 
investigate systematically and truly [1].

Marcus Aurelius, 121–180 AD, Rome
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repositories, such as the Systematic Review Data Repository (SRDR) [7, 8]. On top 
of the following recommendations, the reader is referred to other important docu-
ments and in particular the Cochrane Handbook for Systematic Reviews of 
Interventions and the Joanna Briggs Institute Reviewers’ Manual sections devoted 
to overviews of reviews and umbrella reviews, respectively, for other important 
insights [4, 5].

8.2  Collection of Review Data

In keeping with our default definitions of umbrella reviews, overviews of reviews, 
and meta-epidemiologic studies, the key unit for data collection in such reviewing 
efforts is a systematic review, a meta-analysis, or any other type of secondary 
research. First, research source has to be carefully chosen: not only the “classic” 
MEDLINE but also other sources as CENTRAL, Embase, or the Cochrane review 
database have to be explored.

Having said this, great attention should be given to the peculiarities of this study 
design, notwithstanding the ultimate focus on the goal of summarizing, in most 
cases, the available evidence in terms of populations, interventions/comparisons/
exposures of interest, and outcomes (Table 8.1) [4, 9–14]. In other words, while 
apparently the unit of study is a review, ultimately the focus of the reader and user 
will likely be on patients. In addition, details on the persons undertaking the 
umbrella review, bibliographic and bibliometric features of the review under analy-
sis, and any ancillary information which may be considered relevant for confound-
ing and/or effect modification (e.g., funding and conflicts of interest) can be 
abstracted [15]. Finally, the data abstraction process should be planned in keeping 
with the preferred approach for validity assessment, as a one-stop collection process 
is usually preferable to minimize time loss and inconsistency. Accordingly, the spe-
cific items of the different tools to appraise the validity of reviews should be borne 
in mind in this phase of planning and reviewing [9–13].

Table 8.1 Critical appraisal tools (CATs) for study validity

Topic
  – Is the trial/registry specific in scope and application?
Methods
  – Is the authorship transparent?
  – Are the research methods transparent and comprehensive?
  – Is the evidence grading system transparent and translatable?
Conclusions/discussion
  – Are the conclusions consequent from the trials’ findings?
  – Are the other sources correctly cited?
  – Are the conclusions unbiased?
  – Is the trial/registry updated?
Application
  – Can the trial/registry be applied to our patients?
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8.3  Collection of Study Data

In many cases, reviewers aiming for an umbrella review, overview of review, or 
meta-epidemiologic study may rely on the data presented in the shortlisted reviews 
to gather details on primary sources of evidence (e.g., randomized controlled trials, 
observational studies). In such instances, it is important though to make sure that the 
original data collection process had been valid and that no systematic error had been 
entered in the processes taken to complete and report the review (e.g., typographical 
errors in publishing the review). Thus, it may be useful to double-check at least 
some of the shortlisted trials, either from the original source document or through 
another review including the same study.

In other cases, it may be needed to collect additional details from the primary 
studies, either because they had not been collected or because some primary studies 
had not been included at all. In such settings then an umbrella review, overview of 
review, or meta-epidemiologic study entails the same methodological aspects and 
skills required for a traditional systematic review. This specific topic is largely 
beyond our present scope, and high-quality recommendations are available else-
where [3–5, 16–18]. As previously clarified, it is paramount to collect details 
informing on populations, interventions/comparisons/exposures of interest, and 
outcomes, as well as reviewer, bibliographic, and validity data, to enable compre-
hensive and detailed reporting and analysis. In addition, validity appraisal of such 
primary studies may be of interest, and in such cases details sufficient to enable the 
application of established appraisal, such as the Cochrane Risk of Bias Tool or the 
Newcastle-Ottawa Scale, are also required [4, 14].

8.4  Troubleshooting

Besides the minimal and optimal set of data to be collected, it is important to define 
and plan how to best abstract data [8]. In most cases, data retrieval should be per-
formed by two or more reviewers, independently, with divergences traced and 
solved after consensus or involvement of another reviewer [19]. It may occasionally 
be accepted that one reviewer extracts data, while a different one checks all of them 
for accuracy. In any case, divergences should be solved constructively, tracking 
explicitly the consensus development. In addition, agreement between different 
reviewers may be explicitly appraised with specific tests, such as the Cohen’s kappa 
coefficient, to ensure consistency.

Data collection forms, being them on paper or electronic, should be piloted in 
order to ensure validity and agreement among different reviewers, especially if the 
reviewing effort is substantial (e.g., >10 reviews included). Reviewers should be 
trained, though, notwithstanding the apparently limited impact of reviewer experi-
ence on data quality [20]. The transition from paper forms to spreadsheets, all- 
purpose databases, web surveys, and, eventually, specialized software is already 
occurring, and the benefits of the latter type of tools are clear especially when the 
number of included reviews and trials is substantial [9, 21–24]. The use of 
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standardized forms and definitions is also going to be particularly welcome in the, 
hopefully near, future, when authors will most likely upload their data on public 
repositories, such as the SRDR, to enable other researchers check and use them at 
their will [7, 8].

While blinding reviewers to the identification details of the authors of the short-
listed reviews is conceivable, it may be logistically challenging, and to date there is 
no irrefutable evidence to support it [25, 26]. In addition, it is recommended to quote 
verbatim in the abstraction forms those sections of the shortlisted reviews which 
guide a specific labeling. Moreover, quantitative data as originally reported should be 
preferred to back-computed values, which may lead to biased results if mathematical 
transformations are used inconsistently [27]. Accordingly, denominators, counts, and 
samples at risk should always be explicitly stated, especially when different out-
comes at varying risk of attrition are considered. Whenever data are missing, are 
inconsistent, or need confirmation, authors of the shortlisted reviews or even authors 
of the original primary studies can be contacted. Such efforts should be based on an 
explicit plan, recorded and transparently reported to avoid duplicate efforts. Whereas 
there is an ongoing push to perfect automated data abstraction and validity appraisal 
in systematic reviewing efforts, to date there is no room for their prime-time use [28, 
29]. Summarizing, every review has to be conducted as per the critical appraisal tools 
(CATs), evaluating studies’ methodological validity (see Table 8.1).

Another very important issue is the potential clustering of multiple systematic 
reviews including different reports all stemming from the same initial trial [30].

This phenomenon, which can be considered similar to a snowball effect, should 
be taken into account when describing the umbrella review results and even more 
importantly by means of hierarchical models in case of formal inferential analysis 
[31]. Indeed, meta-epidemiologic studies may aptly exploit duplicate reviewing 
efforts to highlight important mediators of review results [32–34], but such dupli-
cate entries may instead significantly bias effect estimates in umbrella reviews if not 
recognized and managed correctly.

Finally, and more pragmatically, it is best to limit the amount of collected data to a 
reasonably small to moderate set, at least when the number of included systematic 
reviews is large, to avoid creating an exceedingly extensive dataset which only dilutes 
the core inferential message and can also raise the temptation of multiplicity and 
cherry picking. Doing the research, the sensitivity vs. precision balance has to be 
considered, where sensitivity is defined as the number of relevant reports identified 
divided by the total number of relevant reports in existence. Precision is defined as the 
number of relevant reports identified divided by the total number of reports identified. 
The combination between these two elements represents a review key point [4].

 Conclusion
Data collection represents a very important aspect of any reviewing effort. Given 
the lack of a large evidence base on best practices in this step of an umbrella 
review, overview of review, or meta-epidemiologic study, it is necessary to apply 
sound judgment and balance the desire for detailed datasets with pragmatism, 
without however risking being superficial. It is clear that bias forced into a 
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reviewing effort at this stage is very difficult to recognize later on, and thus, 
robust methods must be employed. In the future, it is likely that the duplication 
of data collection efforts will be minimized by uploading standardized data 
abstraction forms for clinical studies and systematic reviews into dedicated 
online data repositories.
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9Appraising Evidence

Valentina Pecoraro

9.1  Introduction

Diagnostic accuracy studies compare results of index test and reference standard in 
the same patients with the objective to evaluate the accuracy of a new test. Incorrect 
assessment of the accuracy can lead to inappropriate diagnostic testing, unnecessary 
costs and inaccurate clinical decision [1].

In the systematic review development, the question leading the research is the 
most critical step. The approach to build the clear and explicit question is based on 
the acronym PICO. For a diagnostic accuracy study, the PICO parameters are rele-
vant population (P), diagnostic intervention or index test (I) (including its role, such 
as triage, replacement, or an add-on test), comparator or reference test (gold stan-
dard) (C), and patient important outcomes (O) [2, 3].

Another critical step is the appraisal of the methodological quality of diagnostic 
accuracy studies included in the review. The assessment of methodological quality 
is a critical evaluation of the study methodology that allows for appropriate interpre-
tation of results and conclusions. It is essential to assess the reliability of a study and 
to identify elements leading the correct interpretation of results. The lack of meth-
odological rigor may introduce bias or variations in results between studies, limiting 
their applicability. A large number of tools and checklist have been proposed to 
assess the methodological quality of diagnostic accuracy studies [4].

The quality of studies can be evaluated in terms of internal and external 
validity.

Internal validity refers to how well a study is conducted, whereby the diagnostic 
accuracy estimate was not bias due to shortcomings in study design, conduction, 
analysis, or reporting [5, 6].
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External validity refers to how the results of a study can be applied to patients in 
clinical practice. Diagnostic accuracy studies could enroll patients who are not simi-
lar to those in whom the test is used, or the test may be used in a different way than 
in practice [6]. External validity depends on the spectrum of disease, patients’ char-
acteristics, conduction of diagnostic test, and cut-off used [5].

The relevance of the quality assessment is highlighted by some authors. Lijemer 
et al. showed that studies enrolling nonrepresentative patients, using different refer-
ence standard or interpreting the test result knowing the reference test result, over-
estimate the diagnostic performance of a test examined [7]. Likewise, Rutjes and 
colleagues demonstrated that studies with nonconsecutive patients’ inclusion or 
retrospective data collection tend to overestimate the test accuracy, whereas studies 
selecting patients relying on the index test result or on clinical symptoms produce 
lower estimates of diagnostic accuracy [8].

In this chapter, available tools to critically appraise the evidence for a systematic 
review of diagnostic test accuracy studies will be discussed. In particular, possible 
type of bias (Sect. 9.2), criteria to perform a critical appraisal of a diagnostic test 
(Sect. 9.3), and tools for the appropriate reporting of a diagnostic test study (Sect. 
9.4), for the evaluation of the methodological quality of individual studies (Sect. 
9.5), and for assessment of quality of evidence (Sect. 9.6) will be described.

9.2  Source of Bias in Diagnostic Test Accuracy Studies

To avoid inappropriate use of diagnostic test, researchers and clinicians should be 
able to critically review the diagnostic accuracy studies and identify those studies 
containing reliable information. However, they should recognize different source of 
bias and how these could lead erroneous test results [9]. The term “bias” indicates 
any systematic deviation from the true value. Methodological quality relates to the 
risk of bias. Bias could be introduced following the loss of details in study design or 
conduction, loss of blindness in the process of test interpretations, or loss of study 
reporting completeness [10].

Diagnostic test studies are susceptible to bias that will overestimate or underes-
timate the sensitivity and specificity of the test. Furthermore, a source of variation 
could determine possible difference in the diagnostic accuracy across studies, in 
terms of population, disease, setting, or definition of target condition, limiting the 
applicability of results [11].

In the evaluation of diagnostic accuracy studies, it is important to consider pos-
sible source of bias and variation (Table 9.1).

Methodological deficiency may influence the results’ interpretation and the clini-
cians’ decision. Common methodological shortcomings are [12]:

• Use of inappropriate gold standard
• Spectrum bias
• Lack of blinding
• Use of inappropriate cutoffs
• Presence of inconclusive results

V. Pecoraro
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The main type of bias that can occur in diagnostic test accuracy studies are the 
following [13, 14] (Table 9.2):

Spectrum bias: it occurs when patients with or without a disease were wrongly 
selected. Patients enrolled in a diagnostic study should have assorted features, such 
as different sex, age, and severity disease, in order to represent the general popula-
tion and produce valid and generalizable results [15, 16]. However, spectrum bias 
exists when the population under investigation does not reflect the review target 
population or the general population [3] and determine an overestimation of both 
sensitivity and specificity [17].

Information bias: it occurs when assessors were not blinded to previous results 
and could be influenced in the interpretation of results and conclusion. This type of 
bias can lead to overestimation of the test accuracy.

Misclassification bias: it occurs when the reference test does not correctly clas-
sify patients with target condition [3].

Verification (or work-up) bias: it occurs when patients with a positive or nega-
tive test result are preferentially selected to be tested by the gold standard for verifi-
cation of the disease [9]. Verification bias included:

 (a) Partial verification bias: it occurs when patients with positive index test result 
were tested by the gold standard more likely than patients negative to index test 
[1, 17]. Usually, all patients tested for index test should be verified by reference 

Table 9.1 Source of bias and source of variation (adapted from [10] with permission from 
Elsevier)

Source of bias Source of variation
Patients Study design Demographic characteristics

Patients’ recruitment Disease prevalence
Prospective data collection Disease severity
Consecutive patient enrollment Prior testing

Participant selection
Index test Test review bias Observer variation

Threshold selection Availability of clinical 
information
Test technology
Test execution

Reference 
standard

Use of inappropriate reference 
standard

Definition of target condition

Diagnostic review bias
Incorporation bias
Partial verification
Differential verification

Flow and timing Disease progression Observer
Treatment paradox
Partial verification bias
Differential verification bias
Incorporation bias
Withdrawals
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standard. This bias is common when reference test is invasive or more expen-
sive and could determine the overestimation of sensitivity and the underestima-
tion of specificity.

Withdrawals: when the rate of withdrawals depends on the results of the index 
test, they can have the similar impact of partial verification bias.

 (b) Differential verification bias: it occurs when an alternative reference standard 
was used in those patients, usually in patients positive to index test, for whom 
the preferred reference test cannot be used (e.g., invasive procedure) [1], or 
when two different reference standards (such as clinical follow-up) were used 
to verify the result [3]. Sensitivity and specificity were overestimated  respect to a 

Table 9.2 Types of bias in diagnostic accuracy studies (adapted from Roever 2016 [14])

Type of bias When does it occur? Impact on accuracy
Patients Spectrum bias When a study included patients 

who do not represent the broad 
spectrum of those that the test is 
intended to use and spectrum of 
target or alternative conditions

Depends on which end 
of the disease spectrum 
the included patients 
represent

Selection bias When eligible patients are not 
enrolled consecutively or 
randomly

Usually leads to 
overestimation of 
accuracy

Index test Information bias When the index test results are 
interpreted with knowledge of the 
reference test results

Usually leads to 
overestimation of 
accuracy

Reference 
test

Misclassification 
bias

When the reference test does not 
correctly classify patients with 
target condition

Depends on whether 
both the reference and 
index test make the 
same mistakes

Partial verification 
bias

When not all patients undergo the 
reference test

Usually leads to 
overestimation of 
sensitivity

Differential 
verification bias

When not all patients are verified 
with a second or third reference 
test, especially when this selection 
depends on index test results

Usually leads to 
overestimation of 
accuracy

Information bias When the reference test data is 
interpreted with the knowledge of 
the index test results

Usually leads to 
overestimation of 
accuracy

Incorporation bias When the index test is 
incorporated in a (composite) 
reference test

Usually leads to 
overestimation of 
accuracy

Disease/condition 
progression bias

When the patients’ condition 
changes between administering 
the index and reference test

Under- on 
overestimation of 
accuracy

Data 
analysis

Excluded data When uninterruptable or 
intermediate test results and 
withdrawals are not included in 
the analysis

Usually leads to 
overestimation of 
accuracy
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study in which all patients receive the same reference standard, independently 
of the index test result [17].

Incorporation bias: it occurs when the result of the index test is explicitly used 
as criteria for the reference standard. If the index test is included in the reference 
standard, it can lead to an overestimation of test accuracy. Index test should have no 
role in determining whether the reference standard classifies patients as disease 
positive or negative [17]. Sensitivity and specificity were raised.

9.3  Critical Appraisal of a Diagnostic Test

The aim of a diagnostic test is to determine whether it is able to accurately identify 
patients with and without the disease of interest as defined by a gold standard test. 
To evaluate a diagnostic test, it is essential to appraise critically the validity of the 
study and the applicability of the results [18]. The process of critical appraisal 
examines the methodology of a study following pre-defined criteria, considering 
individual sources of bias [19].

To evaluate if a study is likely to provide a reliable estimate of the diagnostic 
parameters, you should apply three essential queries [18, 20, 21]:

 1. Are the results of the study valid?
 2. What are the results of the study?
 3. Will the results help me look after my patient?

 1. Are the results of the study valid?
 (a) Did the patients sample include an appropriate spectrum of patients?

The patients enrolled in a diagnostic study should be representative of the 
population whom the test will apply in the clinical practice, and the test 
should be applied to the full spectrum of patients (spectrum bias).

 (b) Does everyone get the gold standard?
Both the index test and the reference standard should be carried out on 
all patients enrolled in a study, or alternative reference standard could be 
applied in case of invasiveness or expensive test. The validity of the index 
test should be compromised if its result influences the decision to submit or 
not patients to gold standard for confirmation (verification bias or work-up 
bias) [18, 20].

 (c) Is there an independent, blind, or objective comparison with the gold 
standard?
The ideal reference standard should be safe, easy to administer, and able to 
differentiate patients with and without disease [18, 20]. Patients enrolled in 
a study should have undergone appropriate gold standard or combination 
of tests. However, the person interpreting the index test result should be 
blind in respect to the result of reference standard. Likewise, the person 
interpreting gold standard should be blind in respect to the index test result. 
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Lack of blindness will lead to overestimation of sensitivity and specificity 
(observed bias) [18, 20].

 2. What are the results of the study?
The properties of diagnostic test are usually described in terms of accuracy and 
expressed as sensitivity, specificity, positive and negative likelihood ratio, and in 
terms of positive and negative predictive value (Table 9.3) [12].

 3. Will the results help me look after my patient?
 (a) Were methods for performing the test described with sufficient details to 

permit its replication?
The study should be described with sufficient details to permit its replica-
tion. The accuracy of the diagnostic test depends also on its reproducibility, 
in other words, its ability to reproduce the same results when reapplied to 
patients.

 (b) Are the results applicable to my patients?
The study results can be applied to real clinical scenario, and the study popu-
lation can be comparable with the patients in own clinical practice.

 (c) Will the results change my management?
Study results may influence the clinicians’ decision about a diagnosis or 
therapeutic strategy to adopt.

9.4  Tool for the Reporting of Diagnostic Accuracy Studies: 
The STARD Statement

Diagnostic test accuracy studies should be transparently reported to permit both the 
critical appraisal of methodology and the studies’ replication [22]. Sometimes 
essential elements of study’s methods are poorly reported, patients’ recruitment is 

Table 9.3 Statistical measures used to express diagnostic test utility (adapted from [12] with 
permission from Taylor and Francis Ltd.)

Statistical measures Definition Calculation
Sensitivity The proportion of patients with disease who have 

tested positive
TP/(TP + FN)

Specificity The proportion of patients without disease who have 
tested negative

TN/(FP + TN)

Positive predictive 
value (PPV)

The proportion of patients with a positive test who 
have the diseases

TP/(TP + FP)

Negative 
predictive value 
(NPV)

The proportion of patients with a negative test who do 
not have the diseases

TN/(FN + TN)

Positive likelihood 
ratio (LR+)

The ratio of the probability that a positive test result 
will occur in subjects with the disease; in respect to 
that, the same result will occur in subjects without the 
disease

Sensitivity/
(1 − specificity)

Negative 
likelihood ratio 
(LR−)

The ratio of the probability that a negative result will 
occur in subjects with the disease; in respect to that, 
the same result will occur in subjects without the 
disease

(1 − sensitivity)/
specificity
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insufficiently described, study results are selectively reported, clinical context is 
omitted, and the accuracy estimate does not correspond to real value, making stud-
ies at high risk of bias [23].

When the study reporting is inadequate, the information originating from the 
quality assessment limits the understanding of the design and conduction of the test 
accuracy study. Furthermore, there are some evidence that papers of diagnostic 
studies often omit important methodological details [8, 22, 23], making it difficult 
for readers to judge if a study uses a good methodology but inadequate reporting, or 
if a study applies inadequate methods introducing bias [19].

To improve the quality and promote the completeness and transparency in report-
ing of diagnostic accuracy studies, the STARD (Standard for Reporting of Diagnostic 
Accuracy Studies) was developed [24]. This guideline (published for the first time 
in 2003 and updated in 2015) contains a checklist of 30 essential items, included in 
seven sections (title, abstract, introduction, methods, results, discussion, and other 
information), that should be reported in any diagnostic accuracy study (Table 9.4). 
Moreover, a diagram to report the flow of participants through the study (Fig. 9.1) 
and the key terms (Table 9.5) are proposed [25].

The mean journals suggest to adopt the STARD checklist to improve the quality 
of reporting of diagnostic test accuracy studies [26, 27], but the compliance of labo-
ratory studies is suboptimal [28]. In these types of studies, some items are 

Table 9.4 Standard for Reporting of Diagnostic Accuracy Studies (STARD) checklist 2015 [24]

Section and 
topic No Item
Title or 
abstract

1 Identification as a study of diagnostic accuracy using at least one 
measure of accuracy (such as sensitivity, specificity, predictive values, or 
AUC)

Abstract
2 Structured summary of study design, methods, results, and conclusions 

(for specific guidance, see STARD for abstracts)
Introduction

3 Scientific and clinical background, including the intended use and 
clinical role of the index test

4 Study objectives and hypotheses
Methods
Study design 5 Whether data collection was planned before the index test and reference 

standard were performed (prospective study) or after (retrospective 
study)

Participants 6 Eligibility criteria
7 On what basis potentially eligible participants were identified (such as 

symptoms, results from previous tests, inclusion in registry)
8 Where and when potentially eligible participants were identified (setting, 

location, and dates)
9 Whether participants formed a consecutive, random, or convenience 

series

(continued)
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Table 9.4 (continued)

Section and 
topic No Item
Test methods 10a Index test, in sufficient detail to allow replication

10b Reference standard, in sufficient detail to allow replication
11 Rationale for choosing the reference standard (if alternatives exist)
12a Definition of and rationale for test positivity cutoffs or result categories 

of the index test, distinguishing pre-specified from exploratory
12b Definition of and rationale for test positivity cutoffs or result categories 

of the reference standard, distinguishing pre-specified from exploratory
13a Whether clinical information and reference standard results were 

available to the performers/readers of the index test
13b Whether clinical information and index test results were available to the 

assessors of the reference standard
Analysis 14 Methods for estimating or comparing measures of diagnostic accuracy

15 How indeterminate index test or reference standard results were handled
16 How missing data on the index test and reference standard were handled
17 Any analyses of variability in diagnostic accuracy, distinguishing 

pre-specified from exploratory
18 Intended sample size and how it was determined

Results
Participants 19 Flow of participants, using a diagram

20 Baseline demographic and clinical characteristics of participants
21a Distribution of severity of disease in those with the target condition
21b Distribution of alternative diagnoses in those without the target condition
22 Time interval and any clinical interventions between index test and 

reference standard
Test results 23 Cross tabulation of the index test results (or their distribution) by the 

results of the reference standard
24 Estimates of diagnostic accuracy and their precision (such as 95% 

confidence intervals)
25 Any adverse events from performing the index test or the reference 

standard
Discussion

26 Study limitations, including sources of potential bias, statistical 
uncertainty, and generalizability

27 Implications for practice, including the intended use and clinical role of 
the index test

Other information
28 Registration number and name of registry
29 Where the full study protocol can be accessed
30 Sources of funding and other support; role of funders

frequently reported, but others, such as methods for calculating reproducibility, are 
omitted, making this type of studies more sensitive to reporting bias [28].
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Potentially eligible participants (n=)

Eligible participants (n=)

Index test (n=)

Index test negative (n=)

No reference standard (n=):
  Reason 1 (n=)
  Reason 2 (n=)

Reference standard (n=) Reference standard (n=) Reference standard (n=)

Index test positive (n=) Index test inconclusive (n=)

Excluded (n=):
  Reason 1 (n=)
  Reason 2 (n=)

No index test (n=):
  Reason 1 (n=)
  Reason 2 (n=)

Final diagnosis
  Target condition present (n=)
  Target condition absent (n=)
  Inconclusive (n=)

Final diagnosis
  Target condition present (n=)
  Target condition absent (n=)
  Inconclusive (n=)

Final diagnosis
  Target condition present (n=)
  Target condition absent (n=)
  Inconclusive (n=)

No reference standard (n=):
  Reason 1 (n=)
  Reason 2 (n=)

No reference standard (n=):
  Reason 1 (n=)
  Reason 2 (n=)

Fig. 9.1 Flow diagram, from Cohen 2016 [24]

Table 9.5 Key STARD terminology [24]

Term Explanation
Medical test Any method for collecting additional information about the current or 

future health status of a patient
Index test The test under evaluation
Target condition The disease or condition that the index test is expected to detect
Clinical 
reference 
standard

The best available method for establishing the presence or absence of the 
target condition; a gold standard would be an error-free reference standard

Sensitivity Proportion of those with the target condition who test positive with the 
index test

Specificity Proportion of those without the target condition who test negative with the 
index test

Intended use of 
the test

Whether the index test is used for diagnosis, screening, staging, monitoring, 
surveillance, prediction, prognosis, or other reasons

Role of the test The position of the index test relative to other tests for the same condition 
(e.g., triage, replacement, add-on, new test)
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STARD statement was proposed to apply for several diagnostic accuracy studies 
evaluating the performance of all types of medical tests, and many methodology 
experts stress its adoption by authors, peer reviewers, and journal editors.

9.5  Tool to Assess the Quality of Diagnostic Accuracy 
Studies: QUADAS-2

Quality assessment of individual studies included in a systematic review is neces-
sary to identify potential source of bias and to limit the effect that these distortions 
could have on estimations and interpretation of results [29].

A large number of tools, such as scales or checklists, are available for the quality 
assessment of diagnostic accuracy studies, and they are different from the items 
considered [4]. The tool recommended for the quality assessment of diagnostic test 
accuracy studies is the QUADAS-2 (Quality Assessment of Diagnostic Accuracy 
Studies) [30]. This checklist was developed in 2003 [31, 32] and later updated.

QUADAS-2 consists of four phases: (1) to report the review question in terms of 
patients, index test, reference standard, and target condition; (2) to develop review- 
specific guidance choosing to consider all signaling questions or just some of these 
and use the information recovered in the paper to judge the risk of bias; (3) to review 
the flow diagram of primary study or build it to understand the flow of recruited 
participants; (4) and to assess bias and applicability through the signaling questions 
[30].

QUADAS-2 is composed of four domains: patients’ selection, index test, refer-
ence standard, and flow and timing (Table 9.6).

Patients’ selection should be realized consecutively or randomly and may be 
distorted by a case-control design or inappropriate exclusion of patients, resulting in 
an overestimation of diagnostic accuracy. The index test and the reference standard 
should be evaluated in blind, without knowing the other test result or diagnosis. 
Knowledge of the first test result may influence the interpretation of the second test. 
The result of the meta-analysis could also be distorted if the cutoff value reported 
was selected specifically, or if the reference standard does not correctly classify the 
target condition. Likewise, different test technologies, methods, or interpretations 
may affect estimates of the diagnostic accuracy. In the end, the domain “flow and 
timing” refers to the time interval elapsing between executions of the two tests. 
Results of index test and reference standard should be collected in the same patients 
at the same time to avoid misclassification of disease [30].

Each domain is evaluated in terms of risk of bias and the first three domains also 
in terms of concerns about applicability. Signaling questions are included to judge 
the risk of bias, and the possible answers are “yes,” “no,” or “unclear.” Risk of bias 
and concerns about applicability are judged as “low,” “high,” or “unclear” according 
to information reported in each study.

At least two review authors, with knowledge of diagnostic accuracy study’s 
methodology, should independently perform the quality assessment and resolve 
disagreement.
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There are several ways to incorporate results of quality assessment into a system-
atic review: (1) excluding studies at lower quality from analysis or from review, (2) 
exploring the effect of methodological quality on diagnostic accuracy in a sensitiv-
ity or meta-regression analysis, and (3) highlighting the domains of poor quality and 
using these as recommendations for future research.

Moreover, QUADAS Group members recommend to no generate an overall 
quality score combining the individual items but to report risk of bias for each 
domain. Whiting and colleagues [33] report that different methods used to weigh 
individual items from the same quality assessment tool produce different quality 
scores that led to different conclusions.

9.6  Assessing the Quality of Evidence: The GRADE 
Approach

Clinicians, usually, refer to diagnostic test in terms of sensitivity and specificity, in 
other words, how better a test classifies patients with or without a specific disease. 
This assumption does not imply that patients inevitably benefit from the correct 
diagnosis. A possible benefit should be measured in terms of patient important out-
comes [34]. The use of a test is not recommended if it does not improve patient 
outcomes.

The patient important outcomes are defined as “the desirable and undesirable 
consequence related to patients as consequence of a correct or incorrect diagnosis,” 
generating four accuracy categories: true positives and negatives and false positives 
and negatives. Therefore, diagnostic accuracy is considered a surrogate outcome to 
patient important outcomes [35].

In the GRADE system, valid studies can provide high-quality evidence concern-
ing the diagnostic accuracy [36]. A diagnostic test could be evaluated comparing the 
impact of the new test with the previous test or reference standard in randomized or 
crossover studies [34].

To develop a recommendation about the use of a diagnostic test, the GRADE 
approach for diagnostic test provides a transparent framework and comprehensive 
methodology to rate the quality of evidence related to each patient important out-
come of interest and to grade the recommendation [34, 37]. According to the 
GRADE approach, outcomes of diagnostic accuracy studies are the true positives 
and negatives and false positives and negatives. This system permits to evaluate the 
quality of evidence in four domains reflecting the grade of confidence in estimates 
of the diagnostic test related to patient outcome [36].

Factors that decrease the quality of evidence of diagnostic accuracy studies are 
classified in five categories (Table 9.7) [34].

 1. Study design and risk of bias: the best evidence of test performance comes 
from large randomized trials of different diagnostic strategies that directly mea-
sure patient important outcomes. But other valid study designs for diagnostic 
tests are crossover and observational studies. In diagnostic accuracy studies, 

V. Pecoraro



111

 usually, representative patients were enrolled consecutively, index test was com-
pared with an appropriate reference (or gold) standard, and results were 
interpreted in blind.

 2. Directness: new test could produce false positives and negatives reducing the test 
accuracy and the quality of evidence. Minimizing these results, the test may 
improve the patient outcomes. Likewise, the test accuracy may be different across 

Table 9.7 Factors that decrease the quality of evidence in the GRADE approach for studies of 
diagnostic accuracy

Factors that decrease 
the quality of 
evidence

Explanations and differences from quality of evidence for other 
interventions

Study design Different criteria for accuracy studies—Cross-sectional or cohort studies 
in patients with diagnostic uncertainty and direct comparison of test 
results with an appropriate reference standard are considered high quality 
and can move to moderate, low, or very low depending on other factors

Limitations (risk of 
bias)

Different criteria for accuracy studies—Consecutive patients should be 
recruited as a single cohort and not classified by disease state, and 
selection as well as referral process should be clearly described. Seven 
tests should be done in all patients in the same patient population for new 
test and well-described reference standard; evaluators should be blind to 
results of alternative test and reference standard

Indirectness
Outcomes Similar criteria—Panels assessing diagnostic tests often face an absence 

of direct evidence about impact on patient important outcomes. They 
must make deductions from studies of diagnostic tests about the balance 
between the presumed influences on patient important outcomes of any 
differences in true and false positives and true and false negatives in 
relation to complications and costs of the test. Therefore, accuracy 
studies typically provide low-quality evidence for making 
recommendations owing to indirectness of the outcomes, similar to 
surrogate outcomes for treatments

Patient populations, 
diagnostic test, 
comparison test, 
and indirect 
comparisons

Similar criteria—Quality of evidence can be reduced if important 
differences exist between populations studied and those for whom 
recommendation is intended (in previous testing, spectrum of disease, or 
comorbidity), if important differences exist in tests studied and 
diagnostic expertise of people applying them in studies compared with 
settings for which recommendations are intended, or if tests being 
compared are each compared with a reference (gold) standard in different 
studies and not directly compared in same studies

Important 
inconsistency in 
study results

Similar criteria—For accuracy studies, unexplained inconsistency in 
sensitivity, specificity, or likelihood ratios (rather than relative risk or 
mean differences) can reduce the quality of evidence

Imprecise evidence Similar criteria—For accuracy studies, wide confidence intervals for 
estimates of test accuracy or true and false positive and negative rates can 
reduce the quality of evidence

High probability of 
publication bias

Similar criteria—High risk of publication bias (e.g., evidence from small 
studies for new intervention or test, or asymmetry in funnel plot) can 
lower the quality of evidence

Reproduced from [34] with permission from BMJ Publishing Group Ltd.

9 Appraising Evidence



112

patients, so authors should consider if the patients enrolled in the study correspond 
to patients receiving the final recommendations. This domain refers also to indirect 
comparison of two tests and to differences in terms of population, test, and out-
come of interest between evaluated study and objective of the systematic review.

 3. Inconsistency: unexplained heterogeneity in the results across studies could 
reduce the quality of evidence for all outcomes. For diagnostic accuracy review, 
the heterogeneity among studies was expected, not only because the studies 
 usually have small sample size but also for differences in patients’ characteris-
tics, study methods, and consequently accuracy results [29].

 4. Imprecision: high confidence interval for the test accuracy estimates can reduce 
the quality of evidence.

 5. Publication bias: this bias may be suspected in the presence of small study 
effect or asymmetry in the funnel plot and could reduce the quality of evidence.

The overall quality of the evidence for each outcome could be stated as “high,” 
“moderate,” “low,” or “very low” according to the number of domains satisfied. The 
overall quality of evidence is, usually, determined by the lowest grade of quality for 
any outcomes indicated as critical.

The quality of evidence assessed through GRADE approach could be repre-
sented in a “Summary of findings” table produced using GRADEpro software sum-
marizing the results of critical outcomes.

Conclusions
The appraising evidence of diagnostic accuracy studies is an essential part in the 
systematic review development. The quality of any study can be considered in 
terms of internal and external validity, other than the quality of data analysis and 
reporting.

Diagnostic accuracy studies are characterized by some methodological ele-
ments not in common with clinical trials, such as features in study design and test 
assessment, leading to different types of bias (e.g., spectrum or verification bias). 
Authors should be able to identify various sources of bias to avoid misinterpreta-
tion of results.

Structured and suitable tools for diagnostic accuracy studies exist for the 
quality assessment, while formalized tools to assess the systematic review qual-
ity are not currently available. STARD and QUADAS-2 are recommended for 
reporting studies and evaluating the methodological quality, respectively. 
GRADE approach is also suggested for rating the quality of evidence.
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Synthesizing Evidence

Paul-Christian Bürkner

10.1  Introduction

Results of diagnostic studies are typically reported in terms of 2 × 2 tables that cap-
ture the relation of the true state of participants with the state that is diagnosed by 
the test under evaluation (see Table 10.1). The approaches presented in this chapter 
all assume that the true state is known and measured without error. In practice, the 
true state may not always be known exactly, but we can assume that a sufficiently 
accurate gold standard test exists that can serve as a benchmark for other tests.

Synthesizing evidence in diagnostic meta-analyses comes with more challenges 
than typical meta-analyses such as those evaluating clinical trials [1]. This is due to 
the fact that diagnostic studies always have two relevant outcomes: (1) the accuracy 
of the diagnostic test for participants who have the target condition and (2) the accu-
racy for participants who do not have the target condition. The former is measured 
by the sensitivity that is the proportion of participants with the target condition who 
are correctly identified as such:

 
Sen =

y

n
11

1  
(10.1)

The latter is measured by the specificity that is the proportion of participants 
without the target condition who are correctly identified as such:

 
Spe =

y

n
00

0  
(10.2)

It is critical to incorporate both outcomes in the evaluation of the test’s perfor-
mance. For instance, one could easily achieve 100% sensitivity through diagnosing 
everyone as positive, but this would not lead to a meaningful test since the 
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specificity would be 0% in this case. Generally, there is a trade-off between sensitiv-
ity and specificity: Depending on where we set the threshold at which participants 
are diagnosed as positive, we will favor sensitivity over specificity or vice versa. 
The fact that studies often use different thresholds further complicates meta- analyses 
of diagnostic studies. Even in the same study, multiple thresholds with correspond-
ing sensitivities and specificities might be reported, but in the present chapter, we 
assume that only one pair of sensitivity and specificity is selected for each diagnos-
tic study.

In addition to sensitivity and specificity, there are other bivariate statistics used 
in diagnostic studies. The positive predictive value (PPV) measures the probability 
that, given a positive test result, the diagnosed participant indeed has the target con-
dition, while the negative predictive value (NPV) measures the probability that, 
given a negative test result, the diagnosed participant does not have the target condi-
tion. With the above introduced notation, PPV and NPV can be written as follows:

 
PPV =

y

m
11

1  
(10.3)

 
NPV =

y

m
00

0  
(10.4)

An important property of these two measures is that they depend on the preva-
lence of the target condition, that is, the proportion of participants in the population 
having the target condition at a certain point in time. Thus, we always have to keep 
the prevalence in mind when interpreting PPV and NPV. Also, since the prevalence 
might vary across studies, using these quantities for meta-analyses is somewhat 
more complicated.

A pair of diagnostic quantities derived directly from sensitivity and specificity 
are the positive likelihood ratio (PLR) and the negative likelihood ratio (NLR). 
They are defined as the odds that a positive and negative test result, respectively, is 
obtained for participants having the target condition versus those not having the 
target condition. More formally:

 
PLR

Sen

Spe
=

−1  
(10.5)

 
NLR

Sen

Spe
=

−1
 

(10.6)

Table 10.1 Data from a diagnostic study in a 2 × 2 table

True state

With target condition Without target condition Total
Diagnostic Test Positive y11 y01 m1

Negative y10 y00 m0

Total n1 n2 N
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While intuitively appealing, [2] have argued against the use of likelihood ratios 
in meta-analyses, as summarizing them across studies may lead to impossible sum-
mary estimates for sensitivity and specificity.

Quite a few statistical methods have been proposed to tackle the problem of syn-
thesizing evidence in diagnostic meta-analysis. In the present chapter, we will focus 
on the currently most common and important ones and briefly mention less com-
mon approaches at the end of the chapter.

10.2  The SROC Curve

One of the oldest methods developed to summarize diagnostic studies is the sum-
mary receiver operating characteristic curve (SROC curve; [3]). While the basic 
SROC approach is rarely applied in practice to date, because of the development of 
more advanced methods, understanding it is vital to the understanding of most other 
methods, and so we introduce the SROC approach first. The basic SROC curve can 
be obtained as follows. First, compute the quantities

 
Di i i= ( ) − −( )logit Sen logit Spe1  (10.7)

 
Si i i= ( ) + −( )logit Sen logit Spe1  (10.8)

for each study i. The logit transform logit(p) = log(p/(1 − p)) is used to transform 
probabilities or rates in the unit interval [0, 1] to values on the complete real line. 
The quantity Di is the log of the diagnostic odds ratio that may also be used as a 
one-dimensional measure of diagnostic accuracy (see Sect. 10.5). Second, fit a lin-
ear regression with D as response variable and S as predictor variable:

 D a bS ei i i= + +  (10.9)

The regression may also be weighted to account for differences in the measure-
ment uncertainty between studies typically originating from varying sample sizes. 
Studies with less measurement uncertainty/higher sample sizes will receive higher 
weights. In Eq. (10.9), a and b are the model intercept and slope, respectively, and 
ei is the error term, which is assumed to be normally distributed. Third, having esti-
mated a and b, we can back-transform values to the original scales to obtain the 
SROC curve capturing the relation between the sensitivity and the false-positive 
rate (FPR), which is just one minus specificity.

 

Sen FPR
FPR

FPR
( ) = + − −( )( ) −















+( ) −( )
1 1

1
1 1

exp /
/

a b
b b





 






−1

.
 

(10.10)

In the above equation, â  and b̂  denote the estimates of a and b computed from 
the data. Consider the following example of four hypothetical diagnostic studies 
with sensitivities and specificities given in Table 10.2. Using linear regression, the 
estimates of a and b can be computed as ˆ .a = 3 06  and ˆ .b = 0 05 . Applying formula 
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(10.10) yields the SROC curve for the four diagnostic studies (see Fig. 10.1). We see 
that studies differ to a non-negligible amount with respect to sensitivity and speci-
ficity, but apparently, the SROC curve provides a good fit to the data. Hence, it is 
plausible that differences between studies originate simply from different 
thresholds.

A common method to summarize (S)ROC curves is the area under the curve 
(AUC). It can be interpreted as the average sensitivity of the diagnostic test taken 
over all possible values of the specificity [4]. The higher the AUC, the higher the 
accuracy of the diagnostic test, with AUC = 0.5 describing a useless test, classifying 
participants at random, and AUC = 1 describing a perfect test, classifying all partici-
pants correctly. The AUC might also be interpreted as follows: If pairs of partici-
pants—one with and one without the target condition—are randomly drawn and 
tested, the AUC is equal to the probability that the participant getting the higher test 
result is the one with the target condition. When only a certain range of specificity 
values is of interest, one may compute the partial AUC, which is simply the average 
sensitivity over the desired range of specificity values.

The basic SROC approach is easy to apply and provides a nice visualization of the 
relationship of sensitivity and specificity across studies. The main problem with this 

Table 10.2 Hypothetical data from four diagnostic studies

Study Sensitivity Specificity Logit(Sen) Logit(Spe) D S

1 0.74 0.88 1.05 1.99 3.04 −0.95
2 0.84 0.83 1.66 1.59 3.24 0.07
3 0.95 0.57 2.94 0.28 3.23 2.66
4 0.82 0.79 1.52 1.32 2.84 0.19

0.0

0.
0

1 − Spe

S
en

1.00.80.60.40.2

1.
0

0.
8

0.
6

0.
4

0.
2

Fig. 10.1 SROC curve based 
on four hypothetical 
diagnostic studies. Dots 
indicate pairs of sensitivity 
and false-positive rate 
obtained from the studies
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method is, however, that it assumes all variation between studies to originate from dif-
ferences in the applied thresholds. Hence, we call the basic SROC approach a fixed 
effects model to indicate that we do not allow for systematic variation between studies 
apart from the applied threshold. This assumption is quite unrealistic since studies 
often differ considerably in other aspects such as the investigated population or the 
exact testing procedure. Thus, more advanced methods have been developed over the 
years, and we will explain the two most important ones in the two upcoming sections.

10.3  The Hierarchical Model

To overcome the main problem of the basic SROC approach and incorporate sys-
tematic variation between studies, Rutter and Gatsonis [5] introduced their hierar-
chical model, which we will call the HSROC (hierarchical SROC) model in the 
following. It formally originates from a binomial regression model for the number 
of positively diagnosed participants in both study arms. We assume that yij1—where 
j ∈ {0, 1} indexes study arms (i.e., participants with and without the target condi-
tion)—are binomially distributed with probabilities πij and sample sizes nij:

 
y nij ij ij1 ∼ ( )Binomial ,π  (10.11)

The probabilities πi1 and πi0 are to be predicted in a regression model. The former 
probability refers the sensitivity of study i, whereas πi0 refers to the false-positive 
rate of study i. The logit of πij should be regressed as:

 
logit π θ α βij i i ij ijX X( ) = +( ) −( )exp .  (10.12)

The dummy variable Xij indicates the true state of the participants being coded 
as Xi0 = −1/2 and Xi1 = 1/2. The parameters of the model, which are to be estimated, 
are θi, αi, as well as β. The model intercepts θi are called accuracy parameters since 
they model the difference between sensitivity and false-positive rate. The slopes αi 
are called accuracy parameters since they model the difference between sensitivity 
and false-positive rate. Both θi and αi are allowed to vary between studies (as indi-
cated by the index i) and are assumed to come from independent normal 
distributions:

 
θ θ σθi N∼ ( ),  (10.13)

 
α α σαi N∼ ( ),  (10.14)

This is a so called random effects assumption contrasting with the fixed effects 
assumption of the basic SROC approach. The parameters θ, α, σθ, and σα are hyper- 
parameters, which are also estimated from the data. Finally, the parameter β in Eq. 
(10.12) is a scale parameter, which allows for differences in the variance of diagnos-
tic outcomes in the populations having/not having the target condition. It requires 
information from multiple studies and hence cannot be assumed to vary across 
studies.
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The authors of the HSROC model proposed to fit it using fully Bayesian tech-
niques, but it may also be fitted using classical statistical methods [6]. Having esti-
mated the model parameters, the HSROC curve can be computed as

 
Sen FPR logit logit FPR / /( ) = ( ) ( ) +( ) ( )( )−1 2 2exp exp ,β α β





 (10.15)

where logit− ( ) = ( )
+ ( )

1

1
x

x

x

exp

exp
 is the inverse of the logit-transform.

Adding covariates—sometimes also called (effect) moderators—to the HSROC 
model is straightforward: One may simply replace θ and / or α with linear predictor 
terms that is:

 
θ θ θ

θ

= +
=
∑0

1k

K

k kZ  
(10.16)

 
α α α

α

= +
=
∑0

1k

K

k kZ ,
 

(10.17)

where Zk are the covariates and θk and αk are the corresponding regression parame-
ters. For instance, if the aim of the test is to diagnose lung cancer, one may add the 
type of lung cancer investigated in each study as a dummy-coded covariate. Of 
course, one may choose to use different covariates for θ and α or only predict one of 
them.

The HSROC model is a flexible and powerful approach for performing diagnos-
tic meta-analysis. However, another (under certain conditions equivalent) random 
effect model is more frequently applied and is introduced in the upcoming section.

10.4  The Bivariate Model

Similar to the hierarchical model, the bivariate model proposed by [7], extended in 
[8], brought to greater attention by [9], and refined by [10] preserves the bivariate 
nature of diagnostic outcomes and allows for systematic variation (i.e., random 
effects) between studies. As noted earlier, diagnosticians have to make a trade-off 
between sensitivity and specificity since lowering the threshold increases sensitivity 
but at the same time decreases specificity. Thus, there is an inherent negative cor-
relation between sensitivity and specificity, which is explicitly considered in the 
bivariate model. Formally, the logit-transformed sensitivities of each study are 
assumed to come from a bivariate normal distribution with mean vector (θSen, θSpe) 
and covariance matrix Σ estimated from the data. We write:

 

logit Sen

logit Spe
,Sen

Spe

i

i

N
( )
( )









 ∼





















θ
θ

Σ
 

(10.18)

and
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Σ =










σ ρσ σ

ρσ σ σ
Sen Sen Spe

Sen Spe Spe

2

2
,
 

(10.19)

where σSen and σSpe denote the standard deviation across studies of logit sensitivity 
and specificity, respectively, and ρ denotes their correlation. Sensitivities and speci-
ficities are measured with different precision due to varying sample sizes both 
within and between studies. Studies including more participants achieve higher pre-
cision/lower variance and should thus receive higher weights in the meta-analysis. 
The within study variances s

iSen
2  and s

iSpe
2  of logit sensitivity and specificity of 

study i can be approximated as follows:

 

s
ni

i i i
Sen Sen Sen
2

1

1

1
=

−( )  
(10.20)

 

s
ni

i i i
Spe Spe Spe
2

0

1

1
=

−( )  
(10.21)

For smaller sample sizes or in case of zero sensitivity or specificity, these approx-
imations may not be accurate [11]. Therefore, one should rather use the binomial 
parameterization of the bivariate model as noted by [10]. Denoting with Si the within 
study variance matrix that is:

 

S
s

s
i

i

i

=












Sen

Spe

2

2

0

0
,
 

(10.22)

the complete bivariate model for diagnostic meta-analysis is given by:

 

logit Sen

logit Spe
,Sen

Spe

i

i
iN S

( )
( )









 ∼









 +











θ
θ

Σ .  
(10.23)

The parameters θSen and θSpe denote the meta-analytic logit sensitivity and speci-
ficity, respectively. Together with their estimated confidence intervals, they may be 
transformed back to the original metric by applying the inverse of the logit- 
transform. The standard deviations σSen and σSpe provide information on the variation 
of sensitivity and specificity across studies, for instance, due to different thresholds 
or other systematic differences between studies. Finally, ρ captures the (usually 
negative) correlation between sensitivity and specificity. Similar to the HSROC 
model, moderators may easily be introduced by replacing θSen and θSpe with linear 
predictors, that is:

 
θ θ θSen Sen Sen

Sen
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=
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1k
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k kZ  
(10.24)
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The bivariate model can easily be fit using standard statistical software (cf. Chap. 
12). Although the HSROC and the bivariate model may look rather different at first 
glance, it has been shown by [12] and likewise and independently by [13] that they 
are very closely related and even equivalent in the absence of covariates. Since the 
bivariate model is easier to fit and perhaps also easier to understand, it has become 
the standard approach for meta-analysis of diagnostic studies, and we highly recom-
mend its application when only one diagnostic test is being evaluated [1]. The bivar-
iate model can also be applied if quantities other than sensitivity and specificity—such 
as the positive and negative likelihood ratio—are of primary interest, as one can 
generate samples for observed sensitivities and specifities based on the fitted model 
parameters and then use these samples to obtain estimates for other quantities [2]. 
In fact, models that directly target alternative quantities may be so complicated that 
using the bivariate model, instead, is advised even in these cases [2].

10.4.1  Other Bivariate Models

Several other methods have been proposed that provide either extentions or alterna-
tives to the standard bivariate model. More advanced methods of fitting the bivariate 
model include composite likelihood [14] or simulation-based methods [15]. 
Alternative models include the method of [16] using the Lehmann family, the 
method of [17] based on the Youden index, nonparametric approaches [18, 19], 
semi-parametric mixtures [20], or copulas [21]. Due to the large number of alterna-
tive models, we will not discuss them in more detail in the present chapter. 
Generalizations of the bivariate model for the comparison of multiple diagnostic 
tests are introduced in Chap. 13.

10.5  Univariate Approaches

Although it is highly recommended to keep the bivariate nature of diagnostic data 
in order not to lose information, we want to briefly note the possibility of univariate 
diagnostic meta-analysis. In order to apply standard meta-analytic techniques such 
as those used for clinical trials, one has to find a univariate measure of diagnostic 
accuracy that is approximately normally distributed. Glas et al. [22] proposed to use 
the log diagnostic odds ratio D for this purpose, which we have already introduced 
in Eq. (10.7). The log diagnostic odds ratio has some favorable properties as com-
pared to other univariate measures such that it is relatively robust to varying thresh-
old across studies [22]. The variance of its estimator can be computed as

 
Var ˆ .D

y y y yi
i i i i

( ) = + + +
1 1 1 1

11 10 01 00  
(10.26)

Meta-analysis may be performed using the standard univariate model for nor-
mally distributed outcomes:
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ˆ ˆ ,D N Di i∼ + ( )( )θ σθ, Var2

 (10.27)

where θ is the meta-analytic estimate across studies and σθ
2  is the between study 

variance. We do not recommend using a univariate approach to diagnostic meta- 
analysis, but if one still wants to apply it for some reason, the log diagnostic odds 
ratio should be the measure of choice.

 Conclusion
In the present chapter, we introduced several methods to synthesize evidence of 
diagnostic studies. Emphasis was put on the bivariate nature of diagnostic out-
comes, as performance of diagnostic tests is evaluated for participants who have 
the target condition and participants who do not have the target condition. Thus, 
appropriate methods analyze pairs of sensitivity and specificity. Despite other 
reasonable methods, we recommend applying the bivariate model—or one of its 
extensions—as it allows for systematic variation between studies in addition to 
differences in the applied thresholds while still being relatively easy to fit using 
standard statistical software.
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11Appraising Heterogeneity

Antonia Zapf

11.1  Introduction

In the Cochrane Handbook for Systematic Reviews of Diagnostic Test Accuracy 
([1], Section 10.1.3), the authors name as one difference between interventional and 
diagnostic meta-analyses that heterogeneity is to be expected in the diagnostic con-
text. This means that heterogeneity is not an exception but the rule in diagnostic 
meta-analyses. This variability can be caused by chance alone or by true heteroge-
neity. To consider this heterogeneity in an appropriate way is a crucial point in 
diagnostic meta-analysis.

11.1.1  Structure of the Chapter

Naaktgeboren et al. [2] evaluated in a systematic overview how authors explored 
potential sources of heterogeneity in diagnostic meta-analysis and how they 
handle it in analysis and reporting. The result was that heterogeneity was 
explored in the majority of the meta-analyses, but that the methods used for 
exploration varied widely. For this reason, Naaktgeboren et al. [2] made sugges-
tions what should be considered and reported when heterogeneity is explored. 
The general recommendation of the Cochrane Collaboration is to group the 
studies in categories for graphical illustration and to investigate the relationship 
between diagnostic accuracy and covariates by meta-regression models ([1], 
Section 10.1.4.2). To put a finer point of it, Naaktgeboren et al. [3] recommend 
a five-step approach for the assessment of the variability: (1) Visualize total 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-78966-8_11&domain=pdf
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variability, (2) judge, whether there is more variability in sensitivity and speci-
ficity than can be expected by chance, (3) measure the total between-study vari-
ability, (4) attribute some of the between-study variability to the threshold 
effect, and (5) explore what study features might explain some of the variabil-
ity’ (see Fig. 11.1). As a memento, sensitivity is the true positive (TP) rate, and 
specificity is the true negative (TN) rate, meaning

Assessing variability in resultsfor bivariate outcomes
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Fig. 11.1 Process of the assessment of variability suggested from Naaktgeboren et al. [3]
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se

TP
and sp

TN
= =

n n1 2  

with TP, TN, n1, and n2 from the diagnostic fourfold table (Table 11.1).
Accordingly, the structure of this chapter is as it follows: First, the different 

sources of variation and bias and the consequences for diagnostic meta-analysis will 
be described. Afterwards, in Sect. 11.3 graphical approaches for illustration of vari-
ability will be presented (visualize). Statistical tests (judge) and measures for quan-
tification of variability (measure) will be discussed in Sects. 11.4 and 11.5. In Sect. 
11.6 modelling approaches for multiple thresholds are introduced (attribute), and in 
Sect. 11.7 the different approaches for ‘standard’ meta-analysis of heterogeneous 
diagnostic accuracy studies will be presented (explore). The focus will be set on 
sensitivity and specificity as co-primary endpoints and on the comparison of an 
index test with the reference standard. The comparison of two or more index tests 
will be addressed in Chap. 9 about network meta-analysis. In Sect. 11.8 approaches 
for diagnostic meta-analysis with ‘special features’ as, for example, multiple thresh-
olds, individual patient data, or other accuracy measures will be presented. In the 
last section of this chapter, in Sect. 11.9, the results will be summarized.

11.1.2  Illustrating Example Meta-analysis

For the illustration of the different approaches, data of the meta-analysis from 
Roberts et al. [4] about the diagnostic accuracy of the natriuretic peptides in heart 
failure in the acute care setting are used. In the original meta-analysis, the diagnostic 
accuracy of serum natriuretic peptide levels (BNP and NTproBNP) and of mid- 
regional proatrial natriuretic peptide (MRproANP) was investigated. However, in the 
following, the focus will be set on the data of BNP. This meta-analysis was selected 
because quite many primary studies are included, several covariates are reported, and 
different and multiple thresholds were investigated in the individual studies. Roberts 
et al. [4] distinguished three groups regarding the used threshold: below 110 ng/L, 
between 110 and 500 ng/L, and above 500 ng/L. Each study occurred in one group 
only once but can occur in more than one group (the maximum number of considered 
thresholds per study is three). In the first group, all thresholds were very similar 
(between 100 and 110 ng/L); therefore, this group will be used for approaches, which 
cannot handle different thresholds. In the other two groups, the threshold varied 
strongly (between 110 and 400  ng/L in the second group and between 500 and 

Table 11.1 Diagnostic fourfold table with the used notation

Reference standard
TotalDiseased Non-diseased

Index test Positive TP FP np

Negative FN TN nn

Total n1 n2 N

11 Appraising Heterogeneity
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1000 ng/L in the third group). The second group was used for approaches, which can 
handle different but not multiple thresholds, and all three groups were used for 
approaches which can handle different and multiple thresholds. Roberts et al. anal-
ysed the BNP data in the low- and in the medium- threshold group. For the visualiza-
tion of the heterogeneity, they used ROC plots including the SROC curves, funnel 
plots, and forest plots. To test for publication bias, the authors performed the Deeks’ 
funnel plot asymmetry test. They measured the heterogeneity with the I2 index and 
investigated in the case of large heterogeneity the variation in sensitivity and speci-
ficity by adding covariates in the bivariate meta-analysis model. Furthermore, they 
compared models with and without covariates with the likelihood ratio test. All these 
methods will be described and discussed in this chapter.

In some studies zero false-positive or false-negative results were reported. If an 
approach cannot handle such zero cells, a continuity correction of 0.5 was added to 
all entries (TP, FP, TN, FN) of all studies. The characteristics of the included pri-
mary studies (obtained from [4]) are summarized in Table 11.2. For the analysis of 
the data, the packages ‘mada’ [5, 6] and ‘meta’ [7, 8] for the statistical computing 
environment R [9] were used.

11.2  Sources of Bias and Variation

In the meta-analysis of diagnostic accuracy studies, the reason for heterogeneity can 
be variation and bias. Variation can be caused by different research questions in the 
individual studies, leading, for example, to study populations with differences in 
disease prevalence. Another important source of variation is the chosen threshold to 
define a positive test result. In contrast, bias relates to the individual studies and is 
caused by inappropriate study design, study conduct, or data analysis. Therefore, 
the challenge for the meta-analysis is to address the variation and to correct for the 
bias to obtain interpretable and reliable results. Lijmer et  al. [35] explored the 
sources of heterogeneity using the diagnostic odds ratio as summary measure and 
pointed out that there are artefactual, methodological, and clinical causes of 
heterogeneity.

11.2.1  Sources in Different Dimensions of Diagnostic Studies

Whiting et al. [36] investigated and summarized the different sources of variation 
and bias in diagnostic accuracy studies in five dimensions: study population, index 
test, reference standard, reading process, and data analysis.

• Differences in the study populations regarding demographic features, disease 
severity, disease prevalence, and distorted selection of participants may lead to a 
variation of the diagnostic accuracy estimates.

• Regarding the index test, variation can result from differences in test execution 
and test technology, while a delay between the reference standard and the index 
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test may lead to biased results, if the disease is progressive or/and a treatment is 
started in the meantime.

• Regarding the reference standard, the authors describe three sources of bias, 
namely, if the reference standard is inappropriate, if not all index test results are 
verified by the same reference standard (differential verification bias), or if only 
a selected sample of the index test results is verified by the reference standard 
(partial verification bias).

• The reading process, i.e. the interpretation of the test results, can lead to bias if 
the reference standard and the index test are not interpreted without knowledge 
of the other test (review bias), if the index test is part of the reference standard 
(incorporation bias), or if information on clinical data is available (clinical review 
bias). Variation results from inter- and intra-observer variability.

• In data analysis inappropriate handling of indeterminate test results can lead to 
bias, while the different selection of the threshold value leads to variation 
between the studies.

To assess the potential variation and bias of the individual diagnostic accuracy 
studies, the QUADAS-2 tool [37] shall be used. Using this tool, which is an 
improved version of the original QUADAS tool [38], the domains patient selection, 
index test, reference standard, and flow and timing are assessed in terms of risk and 
bias and in terms of concerns regarding applicability. For details, the signalling 
questions and a suggested tabular presentation of the results are provided in [37].

11.2.2  Effect of Variation and Bias on the Results

Several authors addressed the effect of variation and bias on the results of a diagnos-
tic meta-analysis. Rutjes et al. [39] evaluated the effect of design deficiencies on bias 
and variation in diagnostic accuracy studies (only one meta-analysis had no deficien-
cies). Comparing seriously diseased patients with healthy controls (case- control 
study design) leads to the largest overestimation of the diagnostic accuracy. Other 
factors leading to an overestimation were non-consecutive inclusion of patients, ret-
rospective data collection, random inclusion of eligible patients, and verification 
bias. Furthermore, the accuracy was lower when patients were not selected based on 
clinical symptoms but if they had been referred to the index test. Song et al. [40] 
investigated the effect of study design bias on the diagnostic accuracy in the field of 
magnetic resonance imaging (MRI) to detect silicone breast implant ruptures. The 
result was again that patient selection (symptomatic versus asymptomatic) has a 
large effect on sensitivity and specificity and that in ultrasound studies with partial 
verification bias the specificity was lower than in studies without. Regarding differ-
ent study designs, Parker et al. [41] stated that including studies with different designs 
within the same meta-analysis may lead to a higher estimated diagnostic accuracy 
than including studies with a comparable study design. The reason could be that 
case-control studies lead in general to a larger accuracy. Furthermore, there is a clear 
association between disease prevalence and diagnostic accuracy in the sense that 
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higher prevalence leads to a lower specificity and by tendency to a higher sensitivity 
[42]. Noteworthy here is that the prevalence explained the variation better than other 
study characteristics. Ochodo et al. [43] found out that most authors of diagnostic 
meta-analysis are aware of the association between study quality and diagnostic 
accuracy and assess the study quality in their review. However, they often do not 
consider the assessed quality in the  conclusions [43] .

Because some reviews cover a long lapse of time, Cohen et al. [44] investigated 
a possible time trend in summary estimates from diagnostic meta-analyses. Their 
conclusion is that such time trends are relatively frequent and that the validity of 
early diagnostic meta-analyses with few studies is limited [44].

11.3  Visualization of the Variability

In meta-analysis of interventional studies, heterogeneity is in general illustrated with 
the forest and the funnel plot. These two graphics are also often used in  diagnostic 
meta-analyses. However, more often the ROC plot is used (in the review of 
Naaktgeboren et  al. [3], the ROC plot was used in 75% of the diagnostic meta- 
analyses and the forest plot in 64% of the meta-analyses). Another graphic for the 
visualization of the variability in diagnostic meta-analyses is the  cross-hairs plot.

11.3.1  The ROC Plot

In the ROC plot, the pairs (1 − specificity, sensitivity) of all individual studies are 
displayed. With this graphic one can get a good impression of the variability, and in 
addition the heterogeneity of sensitivity and specificity can be compared. 
Furthermore, by grouping the studies by potential sources of heterogeneity (e.g. test 
technique or study type) and corresponding illustration by different colours or sym-
bols, the heterogeneity between the subgroups can be assessed. In addition to the 
pairs (1 − specificity, sensitivity) also the SROC curves and the prediction ellipses 
are plotted. The SROC curve (proposed by Moses et al. [45]) was already explained 
in Chap. 6 and will be discussed again later on in this chapter. Comparing the SROC 
curves of different groups, one gets an idea of the heterogeneity between the groups. 
The prediction ellipse results from the bivariate model and represents the prediction 
region around sensitivity and specificity considering the correlation between them 
(for details see Leeflang et al. [46]).

In Fig. 11.2 the ROC plot for the BNP meta-analysis (threshold <110 ng/L) is 
displayed, grouped for prospective and non-prospective (cross-sectional and retro-
spective) study design.

However, with SROC plots it is difficult to differentiate between random vari-
ability and heterogeneity ([1], Section 10.3.1). A further disadvantage is that the 
allocation from the points in the SROC curve to the individual studies is difficult.
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11.3.2  The Coupled Forest Plot

Another graphical approach for the assessment of heterogeneity is the coupled for-
est plot. The advantage here is that sensitivity and specificity and the corresponding 
confidence intervals are displayed in connection with the label of the individual 
study. Also the raw numbers of the diagnostic fourfold table (true positives, false 
positives, true negatives, false negatives) can be provided. In Fig. 11.3 the coupled 
forest plot from the BNP meta-analysis is presented.
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Fig. 11.2 The ROC plot grouped for prospective and non-prospective studies from the BNP meta- 
analysis data from Roberts et al. [4] created with the R package ‘mada’ [5, 6]: on the left side the 
whole ROC space [0;1] × [0;1], on the right side the upper part enlarged [0;1] × [0.8;1]. The grey 
symbols are the meta-analysis estimators

Sensitivity [95% CI] Specificity [95% CI]

Alibay 2005 0.98 [0.90, 0.99] 0.47 [0.38, 0.57]
Arques 2005 0.95 [0.82, 0.99] 0.63 [0.47, 0.76]
Barcase 2004 0.96 [0.87, 0.99] 0.89 [0.76, 0.96]
Blonde-Cynober 2011 0.87 [0.70, 0.95] 0.68 [0.52, 0.80]
Chung 2006 0.99 [0.94, 1.00] 0.41 [0.30, 0.53]
Dao 2001 0.93 [0.87, 0.97] 0.94 [0.89, 0.97]
Davis 1994 0.80 [0.64, 0.90] 0.88 [0.68, 0.96]
Lainchbury 2003 0.96 [0.89, 0.99] 0.49 [0.41, 0.57]
Logeart 2002 0.95 [0.90, 0.98] 0.32 [0.20, 0.46]
Lokuge 2010 0.92 [0.88, 0.95] 0.51 [0.46, 0.56]
Maisal 2002 0.90 [0.88, 0.92] 0.76 [0.73, 0.79]
Mueller 2005 0.96 [0.91, 0.98] 0.61 [0.52, 0.70]
Parab 2005 0.95 [0.85, 0.98] 0.27 [0.13, 0.47]
Ray 2004 0.90 [0.84, 0.94] 0.59 [0.52, 0.66]
Sanz 2006 0.95 [0.84, 0.98] 0.89 [0.73, 0.96]
Maisel 2010 0.96 [0.93, 0.97] 0.62 [0.59, 0.65]
Wang 2010 0.93 [0.82, 0.97] 0.35 [0.21, 0.51]
Rogers 2009 0.96 [0.93, 0.97] 0.69 [0.64, 0.74]
Chenevier-Gobeaux 2010

0.64 0.82 1.00 0.13 0.55 0.97

0.99 [0.95, 1.00] 0.41 [0.35, 0.47]

Fig. 11.3 Coupled forest plot from the BNP meta-analysis from [4], created with the R package 
mada [5, 6]
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11.3.3  Cross-Hairs Plot

A sort of mixture between coupled forest plot and SROC curve is the so-called 
‘cross-hairs’ plot, proposed by Phillips et al. [47]. This graphic is a SROC curve 
where also the confidence intervals of sensitivity and specificity of the individual 
studies are plotted. The advantage is that the key information of both graphics is 
combined in one. Though, the disadvantage of missing study allocation remains and 
a further problem is that, especially in the case of many studies, the plot can be very 
confusing. As example a cross-hairs plot for the BNP meta-analysis is given in 
Fig. 11.4, again for the studies with a threshold <110 ng/L.

11.3.4  The Funnel Plot

The funnel plot [48] is a standard graphic in interventional meta-analyses to check 
whether publication bias exists. To this aim, the treatment effect is plotted against 
the study size or the study variation. The idea is that in general smaller studies have 
a larger variation, and that by tendency large studies and positive small studies are 
published. If small studies with unfavourable results are not published, one expects 
a gap on one side of the funnel plot. Accordingly an asymmetric funnel plot indi-
cates publication bias. However, this is not necessarily true for diagnostic meta- 
analyses. Song et al. [49] investigated the association between asymmetric funnel 
plots and publication bias and came to the following conclusions: First, the smaller 
the number of primary studies is, the greater is the asymmetry in the funnel plot. 
Second, the asymmetry becomes smaller with an increasing number of searched 
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Fig. 11.4 Cross-hairs plot for the BNP meta-analysis, grouped for studies with high (solid lines) 
and low (dashed lines) study quality, according to QUADAS II (created with the R package ‘mada’ 
[5, 6]). On the left side the whole ROC space [0;1] × [0;1], on the right side the upper part enlarged 
[0;1] × [0.7;1]
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databases. Third, smaller studies tend to report higher accuracy. Accordingly, if fun-
nel plots are used in diagnostic meta-analyses, they have to be interpreted very care-
fully. Deeks et al. [50] suggested in their article about tests of publication bias a 
funnel plot for the logarithm of the diagnostic odds ratio (DOR) from Glas et al. 
[51] as summary measure. The DOR is defined as it follows:

DOR
TP FP

FN TN
=

/

/

with TP as true positives, FP as false positives, FN as false negatives, and TN as 
true negatives as in Table 11.1. By the logarithm transformation of the DOR, one 
obtains an effect measure in analogy to the log odds ratio in meta-analyses of inter-
ventional studies. In the article from Deeks et  al. [50], the ln DOR was plotted 
against the reciprocal of the square root of the effective sample size ESS = (4n1n2)/
(n1 + n2) with n1 and n2 as the number of the diseased and the non-diseased, respec-
tively. For the BNP meta-analysis, the corresponding funnel plot is presented in 
Fig. 11.5.

Two other graphics, proposed by Lijmer et  al. [35], are the Galbraith plot, 
where the log of the diagnostic odds ratio (ln DOR) divided by its standard error 
is plotted against the reciprocal of the standard error, and a plot of the log odds 
ratio versus the sum of the logits of sensitivity and 1 −  specificity. However, 
these graphics are rarely applied, probably mainly because the DOR cannot be 
interpreted directly.
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Fig. 11.5 Funnel plot which displays the ln DOR versus reciprocal of the square root of the effec-
tive sample size ESS for the BNP meta-analysis (suggested by [50], created with the R package 
‘meta’ [7, 8])

11 Appraising Heterogeneity



136

11.4  Judging the Variability

11.4.1  The Cochran’ Q Test

The standard statistical test for heterogeneity in interventional meta-analysis is the 
Cochran Q test. In the review of Naaktgeboren et al. [3], the Cochran’ Q test was 
used in 53% of the diagnostic reviews to judge whether the variability was larger 
than expected due to chance alone. In each review the univariate Cochran’s Q test 
was used, evaluating sensitivity and specificity separately. But in the univariate 
analyses, the correlation between sensitivity and specificity is not considered, which 
may introduce bias. Therefore, Jackson et al. [52] proposed as a multivariate exten-
sion of the Q statistic the matrix

Q
R R

=

−( ) −( ) −( )
∈ ∈
∑ ∑

i

i

i

i i

i i ise se sp

se se se se sp sp

se se sp
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se sp sp,

2 2 1
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where Rse, Rsp, and Rse, sp denote the sets of studies where sensitivity, specificity, and 

both are reported, respectively. The weighted average sensitivity and specificity of 

all studies of Rse and Rsp are denoted by se1  and sp1 , whereas the weighted average 

sensitivity and specificity of all studies of Rse, sp are denoted by se2  and sp2 . Details 
are provided in [52].

For the BNP meta-analysis with a threshold below 110 ng/L, the Q test statistic 
was 90.94 leading to a p-value <0.01 (with the ‘trimfill’ function of the ‘meta’ pack-
age [7, 8] with the fixed random model—fixed effect for the number of missing 
studies, random effects for summary estimates—and the restricted maximum likeli-
hood (REML) for the estimation of the between-study variance). A disadvantage of 
the Cochran Q statistic is that, at least for the univariate case, it has been shown that 
the statistic has low power in the case of few and small studies [53, 54].

11.4.2  Tests for Funnel Plot Asymmetry

While the meta-analysis itself should be performed with bivariate models for sensi-
tivity and specificity (because these are in general the co-primary endpoints), for the 
assessment of a possible publication bias univariate measures like the diagnostic 
odds ratio are reasonable. For tests for asymmetry of the above-mentioned funnel 
plot to assess publication bias (originally proposed by Egger et al. [55]), it is known 
that they are only appropriate for an odds ratio close to one. However, the DOR is 
in general much larger. Because of this and because of the above-mentioned charac-
teristics of the funnel plot, these tests are inappropriate and should not be used for 
diagnostic meta-analyses ([1], Section 10.6.3). Deeks et al. [50] demonstrated that 
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these tests reject the hypothesis of publication bias too often incorrectly in the case 
of large DOR’s, imbalanced sample size in the status groups, and when sensitivity 
and specificity are not weighted equally. Therefore, the authors proposed for illus-
tration the above depicted funnel plot, where the ln DOR is plotted against 1 / ESS . 
Furthermore, Deeks et al. [50] proposed two tests: (1) the regression approach from 
Macaskill et al. [56], where the total sample size is replaced by the effective sample 
size, leading to

ln ,DOR ESS= + +b b0 1 ε

with ε as prediction error, and (2) an adaptation of Begg’s rank correlation test [57]

ln
ln ln

DOR
DOR DOR

i
i

iv

∗

∗
=

−

with vi i
j

j
∗ −

−

= −








∑ESS ESS 1

1

, and then correlating lnDORi
∗  with ESSi. The 

authors demonstrated that both tests are robust to study characteristics but recom-
mend the regression because it has greater statistical power than the correlation test. 
However, when the ln DOR varies more than expected by chance alone, indepen-
dent from the sample size, all tests for funnel plot asymmetry have low power [50].

Bürkner and Doebler [58] compared in their article the properties of four 
approaches for four univariate diagnostic accuracy measures. Beside the already 
mentioned DOR and ln DOR, the authors investigated the Youden index [59]

Y = + −se sp 1,

and a summary measure from Le [60]. Le proposed to model the ROC function by 
the proportional hazards model

se sp= −( )1
θ
.

Then the summary measure is the natural logarithm of θ

ln ln
ln(

ln
θ =

−( )










se)

sp1

[58, 60], whereas Bürkner used − ln θ to obtain the same order as for the other mea-
sures (because ln  θ is lower for higher accuracy). As approaches Bürkner and 
Doebler [58] investigated the above-mentioned Macaskill regression, Begg’s cor-
relation test, and in addition the Egger regression and the trim and fill approach. In 
the Egger regression equation sensitivity or specificity divided by their standard 
errors is the dependent variable, and the corresponding precision (one divided by 
the standard error) is the independent variable [55, 58].

The trim and fill approach was proposed by Duval and Tweedie [61] and is a non-
parametric method. The underlying assumption is that originally k + k0 studies were 
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performed but that the k0 studies with the ‘most extreme negative ranks’ were not 
published [61]. This might lead to an asymmetric funnel plot. So, in a first step the 
studies in the asymmetric outlying part of the funnel plot are trimmed off. Then the 
true centre of the funnel plot Θ is estimated based on the remaining studies. Afterwards, 
the trimmed studies and their assumed counterparts are replaced symmetric to the 
centre. The final estimates are then based on the resulting filled funnel plot. For illus-
tration of the approach regarding the BNP meta-analysis, the ‘trimfill’ function of the 
‘meta’ package [7, 8] with the same settings as for the Q test statistic above was used 
to create Fig. 11.6. The key point is the estimation of the number of missing studies, 
k0, for which Duval and Tweedie defined three estimators (for details see [61]). As a 
result of their simulation study, Bürkner and Doebler [58] recommend the trim and fill 
methods for the ln DOR because for this combination the type one error was not or 
only slightly inflated and the power was medium to high. If the number of studies was 
large enough, the approach was also robust to extreme circumstances.

However, the general issue of limited interpretability remains, because asym-
metry is not necessarily caused by publication bias. In fact, there are several study 
characteristics, which are associated with the sample size as well as with the accu-
racy, like the patient selection (case-control or cohort).

11.5  Measuring the Variability

11.5.1  The I2 Index

A standard statistical measure of heterogeneity in interventional meta-analyses is 
the inconsistency index I2, which is the estimated ratio of the between-study vari-
ance to the sum of the between- and the within-study variance [62]. Following 
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Fig. 11.6 Funnel plot 
illustrating the trim and fill 
method (using the estimator 
R0) for the BNP meta-analy-
sis with the results of the 
included studies (grey dots) 
and three assumed not 
published studies (black 
dots). The graphic was 
created with the R package 
‘meta’ [7, 8]
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Higgins et al., an I2 larger than 50% implies moderate and larger than 75% high 
heterogeneity [62]. However, Deeks et al. ([63], Section 9.5.2) mention that thresh-
olds for the interpretation can be misleading, because the importance of the observed 
I2 depends on the magnitude and direction of effects and the strength of evidence for 
heterogeneity. Furthermore, they say that only an I2 smaller than 40% might not be 
important ([63], Section 9.5.2). For diagnostic meta-analyses, the index was origi-
nally defined for sensitivity and specificity separately, leading to biased results 
because the correlation between sensitivity and specificity is not taken into account 
[64]. Therefore, a multivariate version of the index was proposed by Jackson et al. 
[65], which is based on the R2 statistic. Because the derivation of this index is based 
on the normal assumption of the within-study variability, Zhou and Dendukuri [66] 
proposed the following improved bivariate I2 index, which takes the mean-variance 
relationship across the studies into account:

IE Biv( ) =
( ) +

2

1 2

1 2 1 2

ˆ

ˆ
.

/

/ /

T

E TΣΣ

Here |T| is the determinant of the between-study variance-covariance matrix, and 
|E(Σ)| is the determinant of the expected within-study variance matrix Σ. However, 
there are general concerns regarding I2, like that the confidence interval of the index 
is very large in the case of few studies, leading to a low meaningfulness [2]. Despite 
of this, the confidence interval should always be reported in addition to the index. 
Another weakness of I2 is that it depends on the sample size of the individual studies 
[67] and that it does not reflect the variation of the effect size [68]. In their review 
Naaktgeboren et al. [3] noted that in 58% of the diagnostic reviews I2 was reported, 
and all were univariate. Furthermore, from these reviews only 23% included a cor-
responding confidence interval. In all reviews the authors assumed heterogeneity, 
when I2 was larger than 50%. For the BNP meta-analysis with a threshold below 
110 ng/L, the I2 was 77%.

11.5.2  The τ2 Parameter

Because of the weaknesses of the I2 index, Rücker et al. [67] recommended to use 
an estimate of the variance parameter of the random effects model, τ2. A multivari-
ate version of τ2, extending the DerSimonian and Laird’s (DSL) methodology, was 
proposed by Jackson et al. [52]:
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where Q is the above-mentioned multivariate heterogeneity statistic, k denotes the 

number of studies, S w rr i

k

i
r= =( )

=∑ 1
1 2, , and wi i= −σ 2 . Details are provided in 

[52]. It should be noted that Böhning et al. [69] ascertained that estimating hetero-
geneity variance with the DSL estimator and using the study-specific variances 
instead of population-averaged versions can lead to large bias. There are various 
other approaches for estimating the between-study covariance matrix (see Chap. 6) 
in random effects models. In the ‘reitsma’ function of the R package ‘mada’ [5, 6] 
for the bivariate model the following methods are provided: the unrestricted and 
restricted maximum likelihood (ML, REML), using variance components (VC), 
and the method of moments (MM). Jackson et al. [70] recommend the multivariate 
method of moments, because it is also applicable in case of incomplete outcomes 
and covariates can be considered. Naaktgeboren et al. [2] recommend the combina-
tion of the between-study variance τ2 of the sensitivity, the specificity, and the cova-
riance between them. However, they remark that the τ2 values are hard to interpret, 
because they are on the log odds scale. In the review from Naaktgeboren et al. [3], 
only in 13% of the reviews τ2 was provided, and only in one review it came from a 
bivariate random effects model.

For the BNP meta-analysis, the between-study standard deviation for the com-
plete dataset was 0.43 and 0.61 for the logit sensitivity and specificity, and the cor-
relation between them was 0.83 (using the ‘reitsma’ function with the methods of 
moments in the ‘mada’ package [5, 6]). Including the study quality (low versus 
high) as covariate, the between-study standard deviation was reduced to 0.39 and 
0.59 for the logit sensitivity and specificity, and the correlation to 0.76.

11.5.3  The Prediction Ellipse

An alternative heterogeneity measure is the area of the above-mentioned prediction 
ellipse [46]. However, probably because of its poor interpretability, it is in practice 
not reported as number but used descriptively as visual impression (see, e.g., [71]).

11.6  Attributing the Variability to Different Thresholds

Most index tests do not lead to a binary result positive/negative, but to a metric value 
(e.g. laboratory tests), to a count (e.g. questionnaires), or to an ordinal score (e.g. 
imaging techniques). These values have to be dichotomized artificially by defining 
a threshold. In some cases there are well established thresholds, but often, the 
researchers choose their own thresholds leading to explicit differences. Here the 
problem arises that data-driven selection of the threshold can cause bias; for more 
details see Leeflang et al. [72]. Furthermore, Macaskill et al. ([1], Section 10.4.1) 
note that even if the threshold is numerically the same in studies, implicit threshold 
variation can occur because of different calibrations for the equipment, subjective 
test interpretation, or differences in the implementation of the tests. If there are 
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explicit different thresholds, a threshold effect can be observed in terms of moving 
the threshold sensitivity increases and specificity decreases or vice versa (for illus-
tration see Fig. 11.7), which implies a negative correlation between the two mea-
sures. However, it should be noted that sensitivity and specificity can also be 
positively correlated. Especially when there are only implicit threshold differences, 
positive correlation can be caused by different test accuracy in the individual studies 
([73], for an example see Janda and Swiston [74]).

Regarding thresholds, three scenarios can be differentiated: (1) In all primary 
studies, the same explicit threshold is used. Then the aim is to assess the variability 
due to the implicit threshold differences. (2) In each primary study, sensitivity and 
specificity are reported for one threshold, whereas the thresholds can differ explic-
itly between the individual studies. Ignoring the differences between the thresholds 
would lead to a mean sensitivity and specificity over all present thresholds, which is 
meaningless and inappropriate. (3) Some or all primary studies report sensitivity 
and specificity for several thresholds. Selecting only one threshold per study would 
lead to a relevant loss of information; instead the multiple thresholds should be 
considered in the analysis [75]. Methods for the appropriate analysis of the last two 
scenarios will be the topic of the next section (Sect. 11.7) and of Sect. 11.8.2.

Regarding the scenario of primary studies with different thresholds, a pre- 
analysis step is to assess the amount of variability which is attributable to the differ-
ent thresholds. Therefore, the criterion for the ROC plot is not how far the pairs of 
sensitivity and specificity are scattered in the ROC space, but if they lie close to the 
summary ROC curve ([1], Section 10.4.3). However, in the standard ROC plot, the 
corresponding threshold cannot be read off. Therefore, a colour coding or an order-
representing numbering could be helpful to investigate, whether the order of the 
points in the ROC plot corresponds to the order of the thresholds (see, e.g., Fig. 11.8).

Naaktgeboren et  al. [3] determined in their review that in 38% of the meta- 
analyses assessed, threshold effects were assessed (from these 75% assessed implicit 
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and 35% explicit variations). The authors suggest fitting a bivariate random effects 
model to obtain the conditional between-study variances (of sensitivity at a fixed 
specificity and vice versa) and to perform two univariate analyses separately to 
obtain the unconditional between-study variances. If a threshold effect is present 
(what implies that sensitivity and specificity are negatively correlated), the condi-
tional between-study variances will be smaller than the unconditional between- 
study variances [3].

11.7  Exploring the Different Sources of Variability

In the last step, the aim is to explain the heterogeneity by the different sources of 
variation, like different thresholds or study characteristics. The GRADE (Grades of 
Recommendation, Assessment, Development and Evaluation) system was devel-
oped to grade the quality of evidence [76]. In the part about the quality of evidence 
and strength of recommendations for diagnostic tests or strategies, one mentioned 
factor, which can reduce the quality of evidence in diagnostic meta-analyses, is 
unexplained variability [77]. A prerequisite for the formal investigation of sources 
of heterogeneity is a sufficient number of studies, a sufficient study quality, and not 
too similar studies regarding study design and population [2].

11.7.1  Fixed Versus Random Effects Models

As a preliminary point, the difference between fixed and random effects models 
shall be explained: In a fixed effects model, a common accuracy with variability due 
to chance is assumed, and the aim is to estimate this common effect. However, in 
diagnostic meta-analysis in general, the heterogeneity is too large, as it could be 
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explained by chance alone. Therefore, a random effects model is appropriate, where 
different accuracies are assumed and the aim is to estimate an average accuracy ([1], 
Section 10.4.3).

11.7.2  Comparison of the Bivariate Model 
and the HSROC Approach

In general, for meta-analysis of diagnostic accuracy studies, one has to differentiate 
between approaches where summary measures are point estimators like sensitivity 
or specificity and approaches where the summary measure is the SROC curve. In 
general, sensitivity and specificity are co-primary endpoints and approaches with 
point summary measures are the means of choice. However, if there is large vari-
ability between the thresholds, for threshold-specific estimates of sensitivity and 
specificity, the number of studies is perhaps too small, while the estimation of a 
mean sensitivity and specificity over all thresholds is (as already noted) meaning-
less. In such a case, a SROC curve may be preferred ([1], Section 10.4.1). Macaskill 
et al. [1] recommend reporting both summary measures: clinically informative esti-
mators of sensitivity and specificity at different relevant thresholds and SROC 
curves for subgroups (e.g. different test types or study designs) to investigate het-
erogeneity. Approaches with point estimators as summary measures have again to 
be differentiated in univariate and bivariate models. As mentioned earlier, univariate 
models cannot be recommended because the threshold effect and the correlation 
between sensitivity and specificity are not considered.

The bivariate model by Reitsma et al. [78] is a random effects model and accounts 
for this correlation. Therefore, it is the standard approach for meta-analysis with 
sensitivity and specificity as co-primary endpoints. When the summary measure is 
the SROC curve, the main approaches are the Moses-Littenberg model [45, 79] and 
the hierarchical SROC model (HSROC) [80]. The Moses-Littenberg model is simi-
lar to a fixed effects model and cannot be recommended because it does neither 
account for the correlation between sensitivity and specificity nor for the between- 
study variability. The HSROC model is a random effects model and accounts for the 
correlation as well as for the within- and the between-study variability. Therefore, 
the HSROC model is the standard model for meta-analyses with the SROC curve as 
endpoint. For a review of these four approaches, which were also explained in detail 
in Sect. 11.6, see, for example, Lee et al. [81].

For the BNP meta-analysis, the bivariate model (with the method of moments) 
was used for the studies with a threshold between 100 and 110  ng/L, while the 
HSROC approach is applied to the studies with the thresholds between 110 and 
400 ng/L. Without consideration of covariates, in the low-threshold group the bivar-
iate model estimates the mean sensitivity as 94% and the mean specificity as 40%. 
With the HSROC approach in the medium-threshold group, the area under the 
SROC curve is estimated as 0.92.

It should be noted that the bivariate model and the HSROC model are equivalent 
either when no covariates are included into the model [82, 83] or ‘where a covariate 
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(or covariates) is allowed to affect both the sensitivity and the specificity, the 
Bivariate model is equivalent to an HSROC model in which the covariate or covari-
ates are allowed to affect both the accuracy and the positivity threshold but not the 
shape parameter’ ([1], Section 10.5.3.1).

The bivariate and the HSROC models differ regarding the handling with the 
included covariates. With the bivariate meta-regression model, it is investigated to 
what extent the expected values of sensitivity and specificity vary depending on the 
covariates. In contrast, with the HSROC approach, it is investigated how the posi-
tion and shape of the estimated SROC curve vary depending on the covariates ([1], 
Section 10.5.3). With both approaches in principle categorical as well as continuous 
covariates can be considered. However, in practice usually binary or categorical 
covariates with few levels are considered, because these comparisons can be well 
illustrated by grouped SROC curves. If there are too many categories, the problem 
is often that the number of studies per subgroup becomes too small. If continuous 
covariates shall be considered, it has to be checked whether the assumption of a 
linear association (with logit sensitivity and logit specificity or ln DOR) holds true 
([1], Section 10.5.3).

11.7.3  The Bivariate Model

In the bivariate model, the logit sensitivity μse, i and the logit specificity μsp, i are 
assumed to be bivariate normal distributed across the studies. Including a linear 
predictor for a single covariate Z, one obtains
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as covariance matrix for the random effects logit sensitivity and specificity [84]. 
This model can also be extended for more covariates, if the number of studies in the 
subgroup is large enough. Furthermore, it is possible that covariates are only mod-
elled for sensitivity or specificity. Assuming a binary covariate (Z = 0 or 1) μse and 
μse  +  νse are the estimators of the logit sensitivity in the both covariate groups. 
Accordingly are the estimators of the logit specificity in the two covariate groups 
defined (μsp and μsp + νsp). The expected sensitivity and specificity in the two covari-
ate groups are obtained using the back-transformation expit(⋅) =  exp (⋅)/(exp(⋅) + 1). 
The effect of the covariate can be assessed by the estimation of exp(νse) and exp(νsp), 
which represents the odds ratio for sensitivity and specificity in group Z = 1 relative 
to Z = 0. Fitting the model once with and once without νse and νse, the effect of the 
covariate on the accuracy can be investigated. Under the assumption of a normal 
distributed regression error, the standard error of the resulting estimated sensitivity 
and specificity can be obtained using the delta method. It should be noted that usu-
ally it is assumed that the variance of the random effects and the covariates are not 
associated ([1], Section 10.5.3.1). In this bivariate model, neither explicit different 
nor multiple thresholds can be considered [85].
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For the BNP meta-analysis for the studies with a threshold below 110 ng/L, the 
adjustment for the study quality (low vs. high) leads to a lower sensitivity and speci-
ficity for low-quality studies (sensitivity 92% vs. 95%, specificity 35% vs. 41%). In 
contrast, an adjustment for study design (prospective versus non-prospective) leads 
to an increase in sensitivity and a decrease in specificity (sensitivity 94% vs. 93%, 
specificity 36% vs. 46%). An adjustment for the type of the index test (Triage versus 
others) leads to an increase in sensitivity and specificity (sensitivity 95% versus 
91%, specificity 40% versus 37%).

11.7.4  The HSROC Model

In the HSROC model by Rutter and Gatsonis [80] covariates can be used to assess 
heterogeneity regarding the threshold, the position, or the shape of the curve. This 
means that different thresholds can be considered; however, multiple thresholds 
cannot. The model is a two-level approach for the within- and the between-study 
variation. As before, a binary covariate Z (0 or 1) is included in the model; the fol-
lowing notation is based on Macaskill et  al. ([1], Section 10.5.3.3). The level I 
model (within-study variation) for logit sensitivity and specificity in study i, denoted 
by πse, i and πsp, i, is given as

logit dis dis wiπ θ γ α λ β δj i i i i i j i i j iZ Z Z, , ,exp( ) = +( ) + +( )( ) − +( )( ) tth se,sp∈{ }.

The true disease state j for a patient in study i is denoted by the dummy variable disj, 

i equal to −0.5 for the non-diseased (j  =  sp) and equal to +0.5 for the diseased 
(j = se). The parameters θi and αi are the random effects for the threshold and the 
accuracy (difference of sensitivity and 1 − specificity), and the shape of the SROC 
curve in the two covariate groups is estimated by β and β + δ, respectively. For level 
II (between-study variation) the distribution of the random effects is given as

θ γ σ α λ σθ αi i i iN Z N Z~ ~ .Θ Λ+( ) +( ), and ,2 2

If some heterogeneity regarding the threshold and/or the accuracy is explained by 
the covariate, the estimated variance of the corresponding random effect should be 
reduced in the model with the covariate compared to the model without the covari-
ate ([1], Section 10.5.3.3). One aspect of the interpretation of the analysis results is 
the investigation of the shape of the SROC curve. If the shape of the SROC curves 
in the two covariate groups is assumed to be the same (δ = 0), but not necessarily 
symmetric, the relative diagnostic accuracy in the two covariate groups can be sum-
marized with the ratio of the two DOR’s (RDOR =  exp (λ)). The two SROC curves 
can be assumed as symmetric, if β = 0. Assuming the same shape, another aspect 
regarding the interpretation is the association between the covariate and the accu-
racy: λ ≠ 0 implies that there is an association, while λ = 0 means that there is no 
association and the curves are the same for both covariate groups. In the latter case 
(δ = 0 and λ = 0), an association between the covariate and the threshold is assumed 
if γ ≠ 0. However, such an association is hard to interpret. If the chosen threshold is 
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known for each study, it can be included in the model as a covariate and sensitivity 
and specificity can be estimated threshold specific. For more details, see ([1], 
Section 10.5.3.3).

11.7.5  Model Selection

Regarding the model selection, the strategy as well as the selection criterion has to 
be specified. The strategy means how many covariates are considered together and 
in which order they are included. Naaktgeboren et al. [2] differentiate here between 
a motivated and an explorative strategy. Whereas the motivated strategy means the 
careful selection of few covariates with a strong suspicion of a covariate effect, the 
exploratory strategy means that many covariates are investigated, independent of a 
strong suspicion. Using a test statistic, Macaskill et al. ([1], Section 10.5.3.4) rec-
ommend the χ2 test and the likelihood ratio test as selection criterion; as model fit 
measures the Akaike’s or the Bayesian information criterion (AIC or BIC) are 
appropriate, while the deviance information criterion (DIC) is in general used for 
Markov chain Monte Carlo (MCMC) simulation.

For the BNP meta-analysis, the χ2 test for the comparison of the above-presented 
models (including study quality, study design, or index test type as covariate) dem-
onstrates that study quality is associated with heterogeneity (p = 0.09), while the 
study design and the index test seem not to be (p = 0.40 and p = 0.37).

11.7.6  Modifications of the Bivariate Model and the HSROC 
Approach

Since the proposal of the bivariate and the HSROC model, several modifications of 
the approaches were suggested. Providing details including the notation and the 
formulas for all methods would go beyond the scope. Therefore, the ideas of the 
approaches are described, and for details it is referred to the original articles.

For the bivariate model, for example, Chen et  al. [86, 87] presented methods 
based on the composite likelihood approach, which avoid non-convergence prob-
lems and model sensitivity and specificity on the original scale. Guolo [88] pro-
posed a double simulation extrapolation (SIMEX) approach for bivariate random 
effects meta-analysis, which accounts for the presence of measurement errors and 
can consider covariates.

For the HSROC approach, for example, Rücker and Schumacher [89] proposed 
a SROC curve based on a weighted Youden index for the selection of an optimal 
threshold, Doebler et al. [90] recommended the tα family of transformations (that 
varies between the logit and the log) instead of the logit transformation, Holling 
et al. [91] used a mixed model approach using the Lehmann family, and Charoensawat 
et al. [92] proposed a proportional hazards measure as criterion. A semiparametric 
approach was proposed by Doebler and Holling [93], which is an extension of the 
mixed model from Holling et al. [91] using the tα transformation, which leads to 
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more flexibility regarding the shape of the SROC curve. Using covariate adjusted 
mixtures, one obtains a meta-regression of the SROC curves, but not sensitivity and 
specificity, which is a strong limitation. Another extension of the approach from 
Holling et al. [91], which preserves the bivariate structure of the data, was applied 
by Schlattmann et al. [94]. They modelled the between-study heterogeneity with a 
discrete nonparametric distribution of the random effects.

Standard meta-analyses can be performed with these standard approaches (bivar-
iate random effects model or HSROC model). However, the approaches are some-
times reaching their limits. For example, all these approaches have the limitation 
that multiple thresholds per study cannot be considered. Approaches considering 
this and other issues will be presented in the next section.

11.8  Further Issues with Heterogeneity

In this section approaches will be presented, which are helpful for non-standard 
meta-analyses, for example, in the case of multiple thresholds or partial 
verification bias.

11.8.1  Bayesian Methods

Menke [95] reanalysed 50 meta-analyses with a bivariate Bayesian approach, where 
the data is taken as fixed and the model parameters as variables. The model fit was 
evaluated using the deviance information criterion (DIC), and the Bayesian credible 
interval was used instead of the confidence intervals. However, Dahabreh et al. [96]
reanalysed 308 diagnostic meta-analyses with different approaches and concluded 
among others that ‘Fitting the bivariate model using ML and fully Bayesian meth-
ods produced almost identical point estimates of summary sensitivity and specific-
ity; however, Bayesian results indicated additional uncertainty around summary 
estimates’. Novielli et al. [97] investigated Bayesian model selection, also with the 
DIC, in the field of the Ddimer test for the diagnosis of the deep vein thrombosis. 
They noticed that the inclusion of covariates in the model improved the model fit.

11.8.2  Multiple Thresholds

Regarding methods for consideration of multiple thresholds, Macaskill et al. ([1], 
Section 10.6.4) state that they are of particular interest but require further evalua-
tion. Meanwhile several approaches were proposed, which address this issue.

Dukic and Gatsonis [98] extended the HSROC model and presented a fixed 
effects model and a Bayesian hierarchical approach. However, the fixed effects 
model is not appropriate because the heterogeneity between the studies is not taken 
into account. With the hierarchical model, which is fitted with MCMC, the between- 
as well as the within-study variation can be considered. As a result a SROC curve 
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with sensitivity and specificity for each threshold can be obtained, but it can happen 
that the resulting sensitivities and specificities are not monotone [99]. Furthermore, 
Dukic and Gatsonis mention that they did not include covariates in their model but 
that the Bayesian model could be extended accordingly [98].

Poon [100] proposed a latent normal distribution model for the analysis of ordi-
nal responses, which can be applied for meta-analysis with multiple thresholds. 
With this approach also covariates can be considered; however, because the approach 
is a fixed effects model, it cannot be recommended for the meta-analysis of diagnos-
tic accuracy trials.

A multivariate random effects meta-analysis, where multiple thresholds can be 
included, was suggested by Bipat et al. [101]. The model can be extended for covari-
ates, but the weakness of this approach is that no SROC curves can be derived [102].

Hamza et al. [102] proposed a multivariate random effects meta-analysis where mul-
tiple thresholds per study and also covariates can be considered. As for the approach 
from Dukic and Gatsonis [98], a ROC curve with corresponding (not guaranteed mono-
tone) sensitivities and specificities for the different thresholds can be obtained [99]. 
Although this approach was intended for an equal number of thresholds in all studies, it 
is also applicable for different numbers because missing values are allowed. However, if 
the number of thresholds is too large, the likelihood method may not work [102].

Another approach was used from Putter et al. [99], which applies survival meth-
ods to consider multiple thresholds, resulting in a multinomial model with multi-
variate normal distributed between-study variation. With this model the correlation 
between sensitivity and specificity is considered, and monotonicity over the differ-
ent thresholds is guaranteed [99]. Disadvantages of this approach are that the num-
ber of thresholds have to be the same for all studies, that the approach is rather 
inefficient, and that for discrete hazards the overall hazard times frailty are not guar-
anteed range- preserving, but can become larger than one.

Riley et al. [103] propose a multivariate meta-analysis to consider all thresholds 
simultaneously and the correlation between them. The idea is that the true logit 
sensitivity and specificity are modelled as a monotonically decreasing or increasing 
function of the continuous threshold. As a result one obtains, as with the approach 
from Putter et al., a SROC curve and the corresponding sensitivity and specificity 
for each threshold. Covariates can also be included into the model. One problem, 
the authors mention, is that specific distributions for the test results are assumed and 
that the results might be biased, if this assumption does not hold true [103]. However, 
this limitation applies also to other approaches, as, for example, [99] or [102].

Steinhauser et al. [104] estimate with their approach the distribution function of 
the underlying index test within the non-diseased and the diseased, and the distribu-
tion parameters are estimated with linear mixed effects models. The approach also 
considers between-study variation and correlation between sensitivity and specific-
ity, and the result is again a SROC curve with corresponding sensitivities and speci-
ficities. Furthermore, it is possible to choose an optimal threshold according to the 
Youden index, even if this is only reasonable if the test technique and the interpreta-
tion of the result is the same in all studies. However, the approach has also some 
limitations [104]. For example, the empirical coverage of the estimated distribution 
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parameters and of sensitivity and specificity was very low for some scenarios. 
Another limitation is that the uncertainty from the first step is ignored in the second 
step. However, this limitation applies to all two-stage approaches. Regarding the 
model selection, the standard measures like AIC or BIC are not applicable; thus, the 
REML criterion was used in the article [104].

Steinhauser et al. [104] used also the meta-analysis from Roberts et al. [4] con-
sidering all reported thresholds as example for their approach. The estimated sensi-
tivity and specificity ranged from 94% and 63% for a threshold of 100 ng/L to 41% 
and 98% for a threshold of 1000 ng/L.

A fully nonparametric approach for the estimation of the SROC curve in the 
random effects meta-analysis was proposed by Martínez-Camblor [105]. However, 
this approach makes no use of the threshold information.

A recently published approach was proposed by Hoyer et al. [106], where the 
ROC curve is interpreted as a bivariate time-to-event model for interval-censored 
data. The resulting bivariate non-linear mixed effects model, where also covariates 
can be included, is a single-step approach. This is an advantage of the approach 
compared to the two-step approaches (see above). The resulting ROC curve is not 
modelled directly, but sensitivity and specificity are predicted at several thresholds 
and the AUC can be estimated. One limitation of the approach is that misspecifica-
tion of the distribution might lead to biased results (see above); another limitation is 
that the standard measures for model selection are not applicable. In a small simula-
tion study, the approach showed good statistical properties. However, a large simu-
lation study for the comparison with other approaches is yet to be done.

11.8.3  Reference Standard Bias

As already mentioned, when no or only an imperfect reference standard is available 
or when not all test results were verified by the reference standard or different refer-
ence standards were used, this can lead to biased results. Chen et al. [107] used a 
Bayesian approach for diagnostic meta-analyses with missing data because of par-
tial verification. However, because their approach did not assume between-study 
heterogeneity, Chu et al. [108] recommended for meta-analyses without a reference 
standard a non-linear random effects model or a Bayesian hierarchical model. For 
the approach from Chen et al. [107] as well as from Chu et al. [108], it is assumed 
that the index and the reference test are conditional independent.

Dendukuri et al. [109] proposed for meta-analysis of studies with imperfect or dif-
ferent reference standards a Bayesian hierarchical model. This model is an extension of 
the HSROC model, considers between- as well as within-study heterogeneity, and also 
covariates can be included. A limitation of the approach is that when for all parameters 
non-informative priors are used, this can lead to meaningless pooled estimators.

Liu et al. [110] compared the approaches from Chu et al. [108] and Dendukuri 
et al. [109] and noticed that the two approaches are closely related and, as the origi-
nal bivariate model and HSROC approach, are equivalent when no covariates are 
considered.

11 Appraising Heterogeneity



150

De Groot et al. [111] extended the approach from Begg and Greenes [112] for an 
individual study to adjust for partial verification bias in the meta-analytic context. 
Therefore, they use a Bayesian two-level approach. In the first step, the unbiased 
primary studies are used to estimate the distribution of the index test results. In the 
second step, based on all studies the positive predictive values are estimated. 
Combining the results from the two steps, one obtains unbiased sensitivity and 
specificity estimates [111]. The approach has the further advantage that covariates 
can be considered, but the limitation that there have to be enough unbiased studies, 
for the estimation of the distribution in step one.

Menten et al. [113] adjust with their Bayesian approach for the bias resulting 
from the application of different or imperfect reference standards. With their 
approach also studies using latent class models can be considered. The informative 
priors are based on information about the performance of the reference test. The 
authors determined that the estimation is improved compared to missing adjustment 
for bias. Furthermore, they mention that the model selection should not be based on 
the DIC alone. Also the approach of Menten et al. is based on the assumption that 
the index and the reference test are conditional independent [113].

Recently, Ma et al. [114] proposed a hybrid Bayesian hierarchical model, which 
combines cohort and case-control studies, accounts for disease prevalence, and can 
adjust for partial verification bias. The authors come to the conclusion that the novel 
approach leads to an improved precision of the accuracy estimates. However, the 
approach cannot adjust for an imperfect gold standard.

11.8.4  Explicit Consideration of the Prevalence

Regarding the consideration of the prevalence, Li and Fine [115] proposed a method 
especially for the assessment of the association between sensitivity/specificity and 
the prevalence of the disease in the study population. However, it seems that addi-
tional covariates or different/multiple thresholds cannot be considered. Another 
approach which takes the prevalence information into account is the trivariate gen-
eralized linear mixed effects model (TGLMM) [108], which has the limitation that 
it is only applicable for cohort studies. In the recently published article from Chen 
et al. [116], a generalized linear mixed effect model is proposed which takes the 
prevalence into account, is applicable for case-control as well as for cohort studies, 
and can consider further covariates. As alternative approach, Hoyer and Kuss [117]  
proposed beta-binomial marginal distributions for sensitivity, specificity, and preva-
lence linked by trivariate copulas.

11.8.5  Few Studies and Sparse Data

Macaskill et al. ([1], Section 10.5.6) also discuss the topic meta-analysis with small 
number of studies. They mention the difficulty of model fitting in this case, because 
in general a high level of uncertainty regarding the estimated variances of the 
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random effects is present. They also bring to mind that in the bivariate regression 
model as well as in the HSROC model, five parameters have to be estimated. 
Therefore, the results have to be interpreted very carefully, and it can happen that 
the models do not converge. The authors give possible reasons for non-convergence: 
(1) The starting values for the parameter estimates may have been chosen poorly. In 
this case, a fixeds effect model can be applied and the resulting values then used as 
starting values. (2) The inclusion or removal of individual studies can be the reason 
for the non-convergence. (3) When sensitivities are very homogeneous and speci-
ficities heterogeneous or vice versa, the model may not converge because the vari-
ance of one of the random effects is too small. Then a mixture of random and fixed 
effects for the two parameters may be helpful. (4) Another reason could be that for 
the HSROC approach, the standard error for the shape parameter is too large. In this 
case, a solution could be to assume the shape as symmetric and drop the shape 
parameter. Anyway, the applied procedure has to be reported and discussed criti-
cally ([1], Section 10.5.6).

Takwoingi et al. [118] compared seven approaches for meta-analyses with few 
studies or sparse data: univariate random effects logistic regression models for sen-
sitivity and specificity separately and six different HSROC models (complete, with 
symmetric shape, with fixed threshold, with fixed accuracy, with fixed accuracy and 
threshold, or with symmetric shape and fixed accuracy and threshold). In the simu-
lation study the number of studies varied between 5, 10, and 20, the prevalence 
between 5, 25, and 50%, and the diagnostic odds ratio went up to 231. The conclu-
sions of the authors were that simpler HSROC models are valid in the case of few 
studies or sparse data. When a complete bivariate model cannot be fitted, the authors 
recommend univariate random effects logistic regression models or HSROC models 
with an assumed symmetric shape of the SROC curve.

11.8.6  Individual Patient Data

In general, for meta-analysis the aggregate data of the primary studies are used. By 
adjusting for study-specific covariates, one tries to reduce the between-study hetero-
geneity. However, it is not possible to evaluate the association between the diagnos-
tic accuracy and patient characteristics. Therefore, it would be preferable to perform 
the meta-analysis based on the individual patient data (IPD). But in general, if any, 
only some primary studies provide IPD, so approaches are needed, which can con-
sider primary studies with IPD as well as with aggregate data. Riley et al. [119] 
developed an extension of the bivariate random effects meta-analysis for individual 
patient data (IPD). This approach allows considering of study-level as well as 
patient-level covariates, and studies with aggregate data as well as studies with IPD 
can be included in the meta-analysis. The aim from Riley et al. [119] was to inves-
tigate the effect of patient-level covariates on accuracy estimates, between-study 
heterogeneity, and correlation. Ter Riet et al. [120] discuss in their article the oppor-
tunities and challenges of IPD meta-analysis of diagnostic studies. While they list as 
advantages ‘more reliable estimation, particularly in subgroups, and more detailed 
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analysis of thresholds’, they mention as main difficulty to obtain the raw data. The 
recommendation of Ter Riet et  al. [120] is to ‘establish collaborations ensuring 
access to the bulk of primary data’.

11.8.7  Non-evaluable Index Test Results

One source of bias is the inappropriate handling of non-evaluable results. Begg 
et al. [121] differentiate between uninterpretable, intermediate, and indeterminate 
results. Furthermore, the authors noted that ignoring the non-evaluable may be 
unbiased (in the case of missing completely at random or missing at random), but 
as soon as the cause for the non-evaluable results and the disease state are associ-
ated (missing not at random), this approach will lead to biased results [121]. This 
bias in the primary studies will then be transmitted to meta-analyses including 
such studies. Schütz et al. [122] compared in the context of a meta-analysis regard-
ing coronary computer tomography angiography different approaches handling 
non-evaluable results: exclusion, which leads to an overestimation of sensitivity 
and specificity; set to positive, which leads to an overestimation of sensitivity and 
to an underestimation of specificity; and set to negative, which leads to an under-
estimation of sensitivity and an overestimation of specificity. Furthermore, they 
suggested the intention to diagnose principle, where non-evaluable results are set 
to false positive or negative [122]. This approach is conservative and leads to an 
underestimation of sensitivity and specificity. Recently, Menke and Kowalski 
[123] used the mentioned intention to diagnose approach in combination with a 
multivariate Bayesian random effects meta-analysis. Ma et al. [124] referred to 
the article from Schütz et al. [122] and mentioned that none of the three approaches 
can correct biased estimates. Therefore, the authors propose an extension of the 
trivariate generalized linear mixed model (TGLMM) and compared it to the other 
three approaches in a simulation study. The authors showed that in the case of 
missing at random, the TGLMM lead to nearly unbiased estimators of the accu-
racy and the prevalence.

11.8.8  Further Accuracy Measures

If in the primary studies not individual pairs of sensitivity and specificity are 
reported, but the whole ROC curve as accuracy measure in general, the area under 
the ROC curve (AUC) is reported. The AUC is equal to 0.5, if the diagnostic test is 
completely uninformative, and equal to one, if the test has perfect accuracy. McClish 
[125] proposed a simple approach for the estimation of a weighted AUC, where 
only the AUC and the corresponding variance of the primary studies are needed. But 
covariates can only be considered by stratifying the analysis further. Another 
approach was used from Kester and Buntinx [126]; they estimated for each primary 
study the ROC curve by the parameters α (for the position of the curve, denoted by 
‘central log odds ratio’) and β (for the asymmetry of the curve). For the estimation 
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of these two parameters, the authors used weighted linear regression and for the 
meta-analysis a random effects model with a bivariate normal distribution for the 
study effect.

Further accuracy measures are the positive predictive value (TP/np from 
Table 11.1) and the negative predictive value (TN/nn). For the bivariate analysis of 
the predictive values, Leeflang et al. [46] propose a bivariate random effects logit-
normal model. In their article the authors compared two models, one with the pre-
dictive values as summary estimates and one with sensitivity and specificity as 
summary estimates. The conclusion was that ‘there were no substantial differences 
in the goodness of fit or amount of heterogeneity between both models’ [46].

In the Cochrane Handbook, the authors point out that neither the likelihood 
ratios (LR, positive LR = sensitivity/(1 − specificity), negative LR = (1 − sensitiv-
ity)/specificity) nor the predictive values should be pooled, because the correlation 
(LR) or the dependence on the prevalence (PV) is ignored, and according impossi-
ble or not interpretable results can be obtained ([1], Section 10.4.2, [127]).

 Conclusion
In diagnostic meta-analysis heterogeneity is the rule, not the exception. The rea-
son for this heterogeneity can be variation and bias. Variation is particularly 
caused by different research questions in the individual studies (leading for dif-
ferent study designs) and by different thresholds. In contrast, bias is caused by 
inappropriate study design, study conduct, or data analysis in the individual stud-
ies. Therefore, a proper handling with this heterogeneity is crucial. The aim of 
this chapter was to give an overview about the different steps in dealing with the 
heterogeneity (according to Naaktgeboren et al. [3]) and about the latest state of 
the art to this subject.

 1. The variability should be visualized, where the standard graphics are the cou-
pled forest plot, the ROC plot and the funnel plot.

 2. The variability should be judged, preferably with the regression test from 
Deeks et al. [50] or with the trim and fill approach [61] for the ln DOR. In 
practice often the Cochran Q test is used, but it has relevant limitations ([1], 
Section 10.4.3].

 3. The heterogeneity should be measured with the between-study variance τ̂ 2  of 
a random effects model for sensitivity, specificity, and the covariance between 
them [2]. When the I2 index is reported, despite of its weaknesses, then the 
bivariate version should be used [66].

 4. To attribute the variability to different thresholds, a ROC plot can be drawn to 
check if the sensitivity-specificity pairs follow the SROC curve. Furthermore, 
a bivariate as well as two univariate random effects models (for sensitivity 
and specificity) should be fitted, and the conditional and unconditional 
between- study variances should be compared [3].

 5. To explore the different sources of variability in a diagnostic meta-analysis in 
general, a bivariate random effects model [78] or the HSROC approach [80]
with inclusion of covariates is recommended.
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However, heterogeneity in diagnostic meta-analysis still is and will remain a 
current research topic. Therefore, as soon as one moves away from ‘standard’ 
diagnostic meta-analysis (e.g. considering multiple thresholds, reference stan-
dard bias, or non-evaluable test results), there are no established approaches but 
many different solutions with advantages and limitations. The claim was to pro-
vide a broad overview about the current state of the research. Depending on the 
specific circumstances of the individual meta-analysis, the researcher has to 
decide which approach is the most appropriate for his research question.
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12Statistical Packages for Diagnostic 
Meta- Analysis and Their Application

Philipp Doebler, Paul-Christian Bürkner, and Gerta Rücker

12.1  Introduction

The vast majority of meta-analytic approaches are intended for the analysis of uni-
variate effect-size measures. As a consequence, most software packages focus on 
meta-analytic techniques for univariate data, e.g., tools like RevMan [1] or 
R-packages like meta [2]. However, the accuracy of a diagnostic test is typically 
evaluated in a positive and a negative arm relative to a gold standard (Chap. 3) and 
thus produces two end points, the sensitivity and false- positive rate (Chap. 11) cal-
culated from a 2 × 2 table. While such a table can be boiled down to a univariate 
effect size and meta-analyzed (e.g., [3]), it is recommended to employ the Reitsma 
et al. [4] bivariate model that simultaneously analyzes the reported pairs of sensitiv-
ity and false-positive rate [5, 6]. Alternatively, the HSROC model of Rutter and 
Gatsonis [7] can be used, which is equivalent to the bivariate model in the absence 
of covariates [8]. Regardless whether the bivariate model of the HSROC model is 
employed, complex iterative algorithms are needed, so in contrast to, say, a 
DerSimonian and Laird [9] meta-analysis, a spreadsheet program is not an option.

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-78966-8_12&domain=pdf
mailto:doebler@statistik.tu-dortmund.de
mailto:paul.buerkner@uni-muenster.de
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As a consequence, the meta-analysis of diagnostic test accuracy (DTA) requires 
specialized packages. Another reason to employ such packages is powerful graphi-
cal techniques like summary receiver operating characteristic (SROC) curves (Chap. 
11), which add substantially to a diagnostic meta-analysis in the presence of differ-
ent (implicit or explicit) cutoff values. Note that packages for bivariate and multi-
variate meta-analyses such as the R-packages metafor [10] or mvmeta [11] do 
not include functionality to produce SROC curves.

The aim of this chapter is to inform the diagnostic meta-analyst of software 
options and to present a workflow in R [12] with some detail including computer 
code. Others have recently contributed similar work to aid DTA meta-analysts in the 
analysis stage: A book chapter by Schwarzer et al. [13] discusses in detail how to 
perform an analysis in R, and several recent tutorials and/or reviews exist in the 
medical literature of Liu et al. [14]; Kim et al. [15]; and Lee et al. [16]. The contri-
bution by Macaskill et al. [6] is worth mentioning for authors of Cochrane Reviews.

The remainder of this chapter is structured as follows: After an overview of 
existing packages and short discussion of their strength and weaknesses, tech-
niques are presented for descriptive statistics in Sect. 12.2 and the fitting of the 
bivariate model in Sect. 12.3, including the calculation and plotting for SROC 
curves. A brief discussion wraps up the chapter and hints at computer code for 
advanced methods.

12.1.1  Overview of Software Packages

Table 12.1 contains an overview of software packages for diagnostic meta-analysis. 
The selection is based on packages that allow to fit the bivariate model and includes 
specialized packages for meta-analysis of DTA as well as general packages with 
capabilities for multivariate meta-analysis. The table omits discontinued packages 
and those only suited for outdated approaches like the Moses-Littenberg SROC 
curve (e.g., RevMan,1 MetaDiSc). In addition to the packages found in Table 12.1, 
there are other packages that allow to fit generalized linear models (and hence the 
bivariate model as a special case), but we omit them as we are not aware that they 
have been referenced for this purpose in the literature. In addition, there are (R-)
packages for special variants of the bivariate models not listed here [17–19].

We caution the reader that all general packages will require more effort in imple-
menting the bivariate model and producing output specific for the DTA context such 
as SROC curves. There is hence a trade-off between extensibility of the software 
and convenient use. Clearly, the diagnostic meta-analyst will have to balance these 
two factors, as extensibility comes with more time and effort in implementation or 
even requires programming skills. In the Discussion, we reference packages and 
computer code for some specialized analysis methods.

1 We mention in passing that RevMan can plot SROC curves if suitable output is supplied from 
other packages.
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12.2  Sample Workflow in R

Since all three authors of this chapter are biased toward R, we present a fairly 
detailed worked example with R code in the following section.2 For this 

2 Example code for other packages can typically be found in the references in Table 12.1 or in the 
technical documentation.

Table 12.1 Current software packages for diagnostic meta-analysis that include the bivariate 
model

Statistical
Framework Package/macro Features and notes Reference(s)
Open-source software
BUGS 
language

WinBUGS, 
OpenBUGS

General statistical package, Bayesian, extensible, 
programming needed

[20, 21]

jags, rjags General statistical package, Bayesian, extensible, 
programming needed

[22]

R brms General mixed model package, Bayesian, 
extensible, implementation needed

[23]

lme4 General mixed model package, extensible, 
implementation needed

[24]

mada Specialized package for DTA meta-analysis, LMM 
approximation to bivariate model, graphical methods

[25]

meta4diag Specialized package for DTA meta-analysis, 
Bayesian, graphical methods

[26]

metafor General univariate and multivariate meta- analysis 
package, implementation needed

[10]

Metatron Specialized package for DTA meta-analysis, 
multinomial processing tree models for imperfect 
gold standards

[27, 28]

mvmeta General multivariate meta-analysis package, 
implementation needed

[11]

Proprietary software
MLwiN – General mixed model package [29]
SAS Proc 

NLMIXED
General mixed model functions, implementation 
needed

[30, 31]

Proc 
GLIMMIX

General mixed model functions, implementation 
needed

[32]

METADAS Specialized package for DTA meta-analysis [33]
Stata glamm General mixed model package, implementation 

needed
[34]

metandi Specialized package for DTA meta-analysis, 
graphical methods

[35]

meqrlogit 
(xtmelogit)

General binary mixed model package, 
implementation needed

[36]

midas Specialized package for DTA meta-analysis, 
graphical methods

[37]
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purpose, we mainly use the R-package mada [25], a specialized package for DTA 
meta-analysis.3

We begin by advising on the first steps of an analysis of DTA meta-analysis data. 
We show ways to import data and then demonstrate descriptive techniques that 
might be useful prior to an analysis with the bivariate model. We use selected vari-
ables from a dataset originally reported in Patrick et al. [38] on the diagnostic accu-
racy of interviewer or self-administered questionnaires to detect smoking relative to 
biochemical gold standards.

12.2.1  Importing Data Into R

After coding data (Chap. 8), the analyst obtains a raw data file. Importing data into 
R is often made easier by employing graphical user interfaces (GUIs) like RStudio. 
Depending on the source of the data, the preinstalled R-package foreign can be 
helpful (say to read SPSS files) or the R-package readxl (for Microsoft Excelfiles; 
[39]). Typically a data.frame is obtained, i.e., an R-object containing data of differ-
ent types (especially numerical and categorical data).

Some rows of the Patrick et  al. [38] smoking data are shown in Table 12.2. 
From some of the original primary studies, more than one 2 × 2-table could be 
reasonably coded, since authors reported results for multiple samples, multiple 

3 The package can be installed by typing install.packages(“mada”) at an R-prompt. After this, the 
package only needs to load once in an R session with library(mada). The most current (develop-
ment) version of mada is found at http://r-forge.r-project.org/projects/mada/. Some additional 
functionality of mada is explained in the package vignette that is automatically installed with the 
package and can be accessed by typing vignette(“mada”) at an R-prompt.

Table 12.2 Selected rows of the Patrick et al. [38] smoking data

Row Author Study_id Type TP FN FP TN Population
1 Bauman and Dent (1982) 1 SAQ 21 15 28 324 S
2 Bauman and Dent (1982) 1 SAQ 90 10 120 969 S
3 Bauman and Dent (1982) 1 SAQ 104 8 26 232 G
4 Bauman and Dent (1982) 1 SAQ 332 18 92 673 G
5 Bauman et al. (1982) 2 SAQ 3 0 2 77 S
6 Bauman and Koch (1983) 3 SAQ 437 23 78 901 G

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
46 Vogt et al. (1977) 23 IAQ 83 2 11 43 G
47 Vogt et al. (1977) 23 IAQ 71 3 7 42 G
48 Vogt et al. (1977) 23 IAQ 76 3 18 42 G
49 Wagenknecht et al. (1990) 24 IAQ 1357 185 68 3322 G
50 Wald et al. (1981) 25 IAQ 1649 17 423 6632 G
51 Williams et al. (1979) 26 SAQ 19 2 1 96 S

Note: SAQ self-administered questionnaire, IAQ interviewer-administered questionnaire, S stu-
dent, G general

P. Doebler et al.
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screening tests, or multiple gold standards. This corresponds to more than one row 
for some studies. Also, the dataset does not contain the sensitivities and false-
positive rates originally reported in some studies but the (reconstructed) frequen-
cies from the underlying 2 × 2-table. The chapter by (Chap. 8) discusses how to 
obtain them during coding. In the following, we will assume that at least the four 
columns TP, FN, FP, and TN are present in the data, corresponding to the frequen-
cies of true positives, false negatives, false positives, and true negatives, 
respectively.

12.2.2  Calculating Summary Statistics for Each Study

Chapter 11 discusses a range of useful summary statistics of diagnostic accuracy. 
The madad function can be conveniently used to calculate these. Note that by 
default a continuity correction of 0.5 is added to all cells, in case there is a zero cell 
in any 2 × 2-table. Confidence intervals are Wilson score intervals.

library (mada) # load the mada package for this session
# In this example, an example data.frame named smoking
# with several variables used.
data (smoking) # make data available
# Many of the following commands assume that
# the data.frame contains variables for the
# frequencies named TP,FN,FP and TN. If not,
# the syntax has to be modified (see the manual).
descr <- madad (smoking) # includes continuity correction!
print (descr, digits = 2 ) # print lengthy results

## Descriptive summary of smoking with 51 primary studies.
## Confidence level for all calculations set to 95
## Using a continuity correction of 0.5 if applicable
##
## Diagnostic accuracies

sens 2.5% 97.5% spec 2.5% 97.5%
[1,] 0.58 0.42 0.72 0.92 0.89 0.94
[2,] 0.90 0.82 0.94 0.89 0.87 0.91
[3,] 0.92 0.86 0.96 0.90 0.85 0.93

## ...
## Test for equality of sensitivities:
## X-squared = 1569.401, df = 50, p-value = <2e-16
## Test for equality of specificities:
## X-squared = 1320.466, df = 50, p-value = <2e-16
##
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## Diagnostic OR and likelihood ratios

DOR 2.5% 97.5% posLR 2.5% 97.5% negLR 2.5% 97.5%
[1,] 15.79 7.41 33.67 7.20 4.61 11.24 0.46 0.31 0.67
[2,] 69.35 35.61 135.04 8.11 6.76 9.71 0.12 0.07 0.21
[3,] 107.86 48.16 241.58 9.04 6.28 13.01 0.08 0.04 0.16

## ...
## Correlation of sensitivities and false positive rates:

rho 2.5 % 97.5 %
0.27 0.00 0.51

Note that in addition to the sensitivity and specificity, χ2-tests of equality are calcu-
lated: The null hypothesis is that all (true but unobservable) sensitivities are identical 
and similar for the specificities. These tests typically confirm the presence of substan-
tial heterogeneity in DTA meta-analysis data. We omit the discussion of the diagnostic 
odds ratios and the positive and negative likelihood ratios also resulting from a madad 
call and refer to (Chap. 11) of this volume for details on these statistics. Sometimes it 
is convenient to use output of R-functions in subsequent calculations:

# if you need to work with (part of) the output,
# check the structure:
str(descr)
## List of 17
## $ sens            :List of 2
## ..$ sens   : num [1:51] 0.581 0.896 0.925 0.947 0.875 ...
## ..$ sens.ci: num [1:51, 1:2] 0.422 0.821 0.861 0.919 0.396 ...
## .. ..- attr( * , "dimnames")=List of 2
## .. .. ..$  : NULL
## .. .. ..$  : chr [1:2] "2.5%" "97.5%"
## [...]
# From the structure, we see the list-structure
# and can use it to extract parts of the output:
descr$sens$sens # extract vector of sensitivities
## [1] 0.58108108 0.89603960 0.92477876 0.94729345 0.87500000
## [...]
# redo calculations without continuity correction:
descr0 <- madad(smoking, correction = 0) # output omitted

The last line shows how to omit the continuity correction if desired (e.g., to 
reproduce original results).
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12.2.3  Graphical Techniques

Patterns can often be much more easily recognized from graphical representations 
of data than from tables. Pairs of sensitivity and false-positive rate should be plotted 
at some point of the analysis. In addition to the point estimates, their uncertainty is 
of interest. Especially outliers with large standard errors might otherwise influence 
the perception of the data.

Next we show how to produce a paired forest plot as well as a “cross hairs” plot 
[40] and a plot with confidence ellipses. To prevent large and/or cluttered plots, we 
use an (essentially arbitrary) subset of the smoking data here for didactic 
purposes.4

# First reduce to a subset of with independent 2x2-tables:
smoking1 <- subset(smoking, result_id == 1)
# Reduce further to a random (and essentially arbitray) subset of
# ten studies to prevent a cluttered plot:
set.seed(12345) # fix random number seed for reproducibilty
smoking1 <- smoking1[sample(1:nrow(smoking1), 10), ]
smoking1 <- smoking1[order(smoking1$author), ] # reorder
# make forest plots
descr1 <- madad(smoking1) # data for forest plots
mynames <- smoking1$author # vector of names for forest plot
forest(descr1, "sens", snames = mynames, main = "Sensitivity")
forest(descr1, "spec", snames = mynames, main = "Specificity")
# make crosshair plot:
crosshair(smoking1, pch = ifelse(smoking1$type == "IAQ", 1, 2),
          col = ifelse(smoking1$population == "G", 1, 2),
          cex = 1.5)
legend("bottomright", c("IAQ", "SAQ"), pch = 1:2, cex = 1.5)
legend("topright", c("general population", "student population"),
     pch = 15, col = 1:2, cex = 1.5)
# make ROC-ellipse plot
ROCellipse(smoking1, pch = ifelse(smoking1$type == "IAQ", 1, 2),
          col = ifelse(smoking1$population == "G", 1, 2),
          cex = 1.5)
legend("bottomright", c("IAQ", "SAQ"), pch = 1:2, cex = 1.5)
legend("topright", c("general population", "student population"),
     pch = 15, col = 1:2, cex = 1.5)

4 Note that the subset function is a convenient way in R to form subsets.
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Figure 12.1 contains the corresponding output. Note that the variable type and 
population have been used to set color and shape of symbols, so that trends resulting 
from these covariates might be recognized.

Here, one learns about outliers (easily observed in the sensitivity forest plot or in 
the crosshair and ellipse plots) and heterogeneity (nonintersecting confidence 
ellipses). Also, the use of color reveals that diagnostic accuracy is not only deter-
mined by the underlying population, while the symbols indicate that IAQs (at least 
in the arbitrary subset) are more accurate, since they cluster in the top-left corner.

12.2.4  Fitting the Bivariate Model

The bivariate model of Reitsma et al. [4] has been introduced in (Chaps.10 and 11) 
of this volume. As the de facto standard in DTA meta-analysis, fitting it deserves 
special attention in this chapter. Recall that there are (in the absence of covariates) 
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Fig. 12.1 Paired forest plots (top), “crosshairs” plot (bottom left), and confidence ellipses plot 
(bottom right) for a subset of the smoking data
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five parameters of this model: the logit-transformed mean sensitivity and false-pos-
itive rate, their between-study variances (again on logit scale), and the between-
study covariance (or equivalently the between-study correlation). The interpretation 
of these parameters is covered in the chapters by Chaps. 10 and 11. All packages 
mentioned in Table 12.1 can estimate these parameters, with a variety of algorithms. 
Roughly, the algorithms can be subdivided into frequentist algorithms, which are 
typically based on the maximum likelihood principle, and Bayesian approaches, 
which entail Markov-Chain-Monte-Carlo (MCMC) techniques. In this section, we 
provide examples of software using both types of algorithms without going into 
their technical foundations.

The bivariate model assumes that independent 2 × 2-tables are available. Since 
there are multiple rows for some of the studies in the smoking dataset, we only ana-
lyze the very first 2 × 2-table from each study subsequently but hint how to over-
come this restriction at the end of this section. Also, we reduce the dataset further to 
include only the self-administered questionnaire (SAQ) data.

12.2.5  Fitting the Bivariate Model Without Covariates

We now show two ways to fit the bivariate model in R. The reitsma function from the 
R-package mada implements a linear mixed model approximation to the bivariate model, 
which parallels the implementation with SAS Proc MIXED by Reitsma et al. [4] with 
restricted maximum likelihood estimation (REML). Chu and Cole [30] caution that this 
approximation is slightly biased. It can be improved upon by fitting a generalized linear 
mixed model, a point made more precise in the recent simulation study of Vogelsang 
et al. [41]. In R, the fit.bivar function from the R-package Metatron, which implements 
the generalized linear mixed model version of the bivariate model, gives similar results as 
SAS Proc NLMIXED. Both R-functions discussed here need data from 2 × 2-tables as in 
Table 12.2. After fitting the model, a summary is produced, which we annotate:

# smoking2 is to contain only data for the SAQs from
# independent 2x2-tables:
smoking2 <- subset(smoking, result_id == 1 & type == "SAQ")
library(mada) # LMM-approximation to the bivariate model
# if the dataset contains columns names TP,FN,FP and TN, use
fit1 <- reitsma(smoking2)
summary(fit1) # detailed output
## Call: reitsma.default(data = smoking2)
##
## Bivariate diagnostic random-effects meta-analysis
## Estimation method: REML

First, we learn what the input was (which is more useful if covariates are added 
to the model) and that REML estimation was performed (by default, some other 
estimators are available). We then see estimates of the fixed effects of the model, 
which are the logit-transformed sensitivity and false-positive rate:
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## Fixed-effects coefficients
##               Estimate Std. Error z Pr(>|z|) 95%ci.lb 95%ci.ub
##
## Fixed-effects coefficients

Estimate Std. Error z Pr(>|z|) 95%ci.lb 95%ci.ub
tsens.(Intercept) 1.68 0.47 3.56 0.00 0.76 2.61
tfpr.(Intercept) -2.46 0.24 -10.27 0.00 -2.93 -1.99
sensitivity 0.84 - - - 0.68 0.93
false pos. rate 0.08 - - - 0.05 0.12

##
## tsens.(Intercept) ***
## tfpr.(Intercept) ***
## sensitivity
## false pos. rate
## ---
## Signif. codes: 0 ’ *** ’ 0.001 ’ ** ’ 0.01 ’ * ’ 0.05 ’.’ 
0.1 ’ ’ 1

Confidence intervals and asymptotic Wald tests indicate here that the logit- 
transformed accuracy parameters are significantly different from 0, which means 
the pooled sensitivity and false-positive rate are significantly different from 0.50. 
These backtransformed estimates are available in two extra lines. Note that for rea-
sons of formatting, the significance codes for the fixed effects occupy four addi-
tional lines in this output, where the three stars for sensitivity and false-positive rate 
indicate p < 0.001 and the backtransformed parameters do not have any stars, as no 
inference is performed. The output then contains the standard deviations of the ran-
dom effects and an estimate of the correlation (0.50 here), followed by the log- 
likelihood and fit measures:

## Variance components: between-studies Std. Dev and correlation 
matrix
##       Std.  Dev  tsens  tfpr
## tsens      1.80   1.00    .
## tfpr       0.90   0.50  1.00
##
## logLik   AIC    BIC
## 32.82 -55.64 -48.31

Note that the log-likelihood includes terms for the Jacobian of the logit transfor-
mation, which might differ from implementations with SAS Proc MIXED.  For 
further details see Doebler et  al. [42]. The remainder of the output contains an 
estimate of the area under the SROC curve (AUC) with a value of 0.949, which is 
close to optimal (though the partial AUC of 0.869 is a bit more modest). More 
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details on SROC curves follow in the next section. The SROC curve is calculated 
based on the parametrization of the HSROC model, and the parameters of this 
model are also given:

## AUC: 0.949
## Partial AUC (restricted to observed FPRs and normalized): 0.869
##
## HSROC parameters

Theta Lambda beta sigma2theta sigma2alpha
-1.14 4.67 -0.69 1.21 1.62

In sum, all parameters of the bivariate model are found in the output of 
summary(fit1): The pooled logit-transformed sensitivity and false-positive rate are 
found in the Estimate column. For convenience, also the backtransformed values are 
given (0.84 and 0.08 here). The between-study standard deviations of the random 
effects follow (1.80 and 0.90 here) together with their correlation (0.50 here), from 
which the covariance can be computed if necessary.

12.2.6  SROC Curves

In the majority of areas of application of DTA meta-analysis, explicit or implicit 
cutoff values are used to dichotomize the result of the screening test. Authors of 
primary studies choose cutoff values to compromise between false-positive rate and 
sensitivity. On the level of the primary studies, the curve representing the different 
trade-offs of false-positive rate versus sensitivity is known as the receiver operating 
characteristic (ROC) curve.

Variation in the cutoff leads to different pairs of false-positive rate and sensitiv-
ity, even if the primary studies were otherwise equal and hence to (apparent) hetero-
geneity on the meta-analytic level. As a consequence summary ROC (SROC) curves 
are of special interest in DTA meta-analyses. From the parameters of the bivariate 
model, SROC curves can be computed. As a default, we recommend the SROC 
curve suggested by Rutter and Gatsonis [7] for the HSROC model. A straightfor-
ward way to plot this SROC curve in R is a simple call of plot: If fit1 is an object 
produced by the reitsma function, then plot(fit1, predict = TRUE) produces the 
SROC curve and a prediction region.

Figure 12.2 displays the output of the call to plot: We see the pair of pooled accu-
racies together with a 95%-confidence region, the analogon of a 95%-confidence 
interval in the bivariate case. Also, a 95%-prediction region is displayed (dashed 
line). This can be interpreted as follows: If a new study was to be performed, its pair 
of sensitivity and false-positive rate would end up in the prediction region with a 
probability of 95%.

Next to the SROC curve discussed here, other SROC models exist. We will come 
back to software packages for older and more current models in the Discussion.
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12.2.7  The Bivariate Model with Covariates

If the DTA meta-analyst’s interest is in the influence of a covariate on the diagnostic 
accuracy, an extension of the bivariate model is needed. We use the general term 
covariate here to include the categorical case and the continuous case. Examples of 
categorical covariates include screening test type and population (sub-)type, while 
mean age and publication year are typically treated as continuous covariates.

Chapter 11 should be consulted for a detailed specification of the technical 
details of the extension by covariates. In a nutshell, a regression of the logit-
transformed sensitivity and/or false-positive rate on the covariate(s) is added to 
the model. Estimating such a model results in separate (fixed) regression coef-
ficients for sensitivity and false-positive rate. Significance tests for the regres-
sion coefficients are a useful by-product. Some expertise with regression 
modeling is helpful when conducting a DTA meta-analysis with covariates, and 
in fact, the bivariate model with covariates is an example of a multivariate 
meta-regression.

Note that the multivariate meta-regression discussed here, similar to its univari-
ate counterpart, assumes that the between-study covariance of the random effect is 
the same for all combinations of the covariates. For the case of a single categorical 
covariate, i.e., subgroups, this implies that the between-study covariance is identical 
in all subgroups. This assumption can be relaxed with subgroup-specific between- 
study covariance, but we do not discuss this case here.

All packages in Table  12.1 are capable of fitting the bivariate model with 
covariates. A relatively compact syntax can be used in R, so we demonstrate this 
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for the smoking data. We use the categorical moderator questionnaire type with 
levels interviewer-administered and self-administered (IAQ and SAQ), so that 
differences in diagnostic accuracy for these two types of screening measures can 
be studied.

# smoking3 is a subset of the smoking data
# with independent 2x2-tables:
smoking3 <- subset(smoking, smoking$result_id == 1)
fit_type1 <- reitsma(smoking3, formula = cbind(tsens,tfpr) ˜ type)

Again, fitting does not produce output right away, but a detailed summary is 
produced by calling summary:

summary(fit_type1)
## Call: reitsma.default(data = smoking3,
##                      formula = cbind(tsens, tfpr) ˜ type)
##
## Bivariate diagnostic random-effects meta-analysis
## Estimation method: REML

Again we learn what the input was and that REML estimation was performed 
(by default). The output continues by estimates of the logit-transformed sensitiv-
ity for the IAQ studies (which are represented by the model’s intercept term), and 
the regression coefficients for SAQ are then interpreted as log odds ratios. The 
DTA meta-analyst could consider to backtransform the log odds ratios for read-
ers more familiar with odds ratios, say as in the regressions tabulated by Karrasch 
et al. [43].

## Fixed-effects coefficients

Estimate Std. Err. Z Pr(>|z|) 95%ci.lb 95%ci.ub
tsens.(Intercept) 2.81 0.49 5.74 0.00 1.85 3.78
tsens.typeSAQ -1.17 0.63 -1.84 0.07 -2.41 0.08
tfpr.(Intercept) -3.34 0.31 -10.73 0.00 -3.95 -2.73
tfpr.typeSAQ 0.88 0.39 2.27 0.02 0.12 1.65

##
## tsens.(Intercept) ***
## tsens.typeSAQ .
## tfpr.(Intercept) ***
## tfpr.typeSAQ *
## ---
## Signif. codes: 0 ’ *** ’ 0.001 ’ ** ’ 0.01 ’ * ’ 0.05 ’.’ 0.1 ’ 
’ 1
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The covariance matrix of the random effects on fit measures then follows, similar 
to the case without covariates. Note that no parameters of an SROC curve are reported, 
as there is, at least in general, not a unique curve in models with covariates5:

## Variance components: between-studies Std. Dev and correlation
## matrix
##      Std. Dev  tsens   tfpr
## tsens   1.508  1.000      .
## tfpr    0.875  0.551  1.000
##
## logLik       AIC       BIC
## 70.721  -127.441  -113.783

12.2.8  Fitting Strategies for Advanced Models

The bivariate model is a special case of a generalized linear mixed model (GLMM; 
e.g., [44, 45]), a type of regression model that includes fixed and random effects. 
From the GLMM perspective, a range of extensions of the bivariate model are pos-
sible, including multiple cutoff values per study (Chap. 11) or trivariate extensions 
including the observed prevalence [46–48]. As a discussion of all extensions is 
beyond the scope of this chapter, only an example implementation of the bivariate 
model as a GLMM is provided.

The multipurpose R-package brms is used in our sample implementation, as it is 
a (relatively) convenient open-source alternative to commercial packages for 
GLMMs [23] and also because its Bayesian approach to parameter estimation 
allows to include prior information, which is in contrast to frequentist packages like 
lme4 [49]. The following code presents an example of an analysis of the smoking 
data in brms with and without covariates.6

First, the data is rearranged, so that each study fills two rows: one for the positive 
arm of the study (i.e., condition = “yes”) and the other for the negative arm. Many 
GLMM packages expect data arranged in this fashion:

nstudy <- nrow(smoking3)
# convert data to long format:
smoking3_long <- with(smoking3,
     data.frame(P = c(TP, FP), N = c(FN, TN),
          condition = rep(c("yes", "no"), each = nstudy),

5 Note that for special cases like a binary covariate, plotting SROC curves for the parameters cor-
responding to each of both levels of the covariates is meaningful. For an example, see Meyer, 
Frings, Rücker, and Hellwig [68].
6 Note that brms’s syntax is very similar to lme4’s so that the sample code below can be adapted. 
For similar lme4 code, also consult Partlett and Takwoingi [24].
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          type = rep(type, 2),
          study = rep(1:nstudy, 2))
)
smoking3_long$total <- with(smoking3_long, P + N)

Next we load the package, and the bivariate model is fitted with and without the 
type covariate.

library(brms) # load brms package
# fit a GLMM corresponding to the bivariate model
fit <- brm(P | trials(total) ˜ 0 + condition +
           (0 + condition | study),
          data = smoking3_long, family = binomial())
summary(fit) # obtain model parameters
# produce plot of marginal effects:
marginal_effects(fit, conditions = list(total = 1))
# add study type as a covariate (IAQ vs. SAQ)
fit_type <- brm(P | trials(total) ˜ 0 + condition +
            condition:type +(0 + condition | study),
          data = smoking3_long, family = binomial())
summary(fit_type) # check influence of covariate
# plot marginal effects for type:
marginal_effects(fit_type, "condition:type",
          conditions = list(total = 1))

Parameter estimates similar to mada’s result (not shown), and the discrepancies 
are a consequence of brms’ Bayesian approach and, more importantly, the fact that 
mada uses a linear approximation to a GLMM. The marginal_effects function pro-
duces a graphical display of the estimated pooled sensitivities and false-positive 
rates (we omit the output for space constraints). Further details are found in the 
documentation of brms and in Bürkner [23].

12.3  Discussion

We have discussed software options for DTA meta-analysis and, given the space 
constraint of a single chapter, could not cover everything in detail. Hints at software 
packages for some additional aspects are provided as part of the discussion.

12.3.1  SROC Models

12.3.1.1  Moses-Littenberg SROC Approach
The Moses-Littenberg SROC curve [50] might be convenient for exploratory pur-
poses, though it might lead to a curve with negative slope if thresholds are similar 
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in all studies. We do not reiterate the theory behind these curves here as (Chap. 10) 
covers them. The Moses-Littenberg SROC curve can be produced with the help of 
RevMan or mada. Hand calculation with any statistical package is feasible but typi-
cally inconvenient.

12.3.1.2  Software for Current SROC Approaches
Recently, several models featuring educated guesses for the ROC curves at the pri-
mary study level have been proposed in the literature. All models mentioned in this 
paragraph are complementary to the bivariate model, as they produce additional 
insight into the distribution and especially the heterogeneity of the underlying ROC 
curves (Chap. 11).

Holling et  al. [51] propose an adjusted profile maximum likelihood estimator 
(APMLE) for the so-called Lehmann family of (S)ROC curves. This estimator is 
available in mada in the phm function. The Lehmann family approach has inspired 
several other methods: Holling et al. [52] cluster the Lehmann family curves with 
semiparametric mixtures, and the approach could be implemented in R using the 
R-package CAMAN7 [53], though no convenient off-the-shelf implementation is 
available. In a similar fashion, the covariate-adjusted mixtures employing tα-(S)
ROC curves instead of Lehmann curves proposed by Doebler and Holling [54] 
could be implemented, again with some programming on the side of the user. The 
variant of Charoensawat et  al. [55] can be used with any package for univariate 
meta-analysis, say with meta or metafor in R. Another line of SROC models starts 
with the weighted Youden index models of Rücker and Schumacher [56], imple-
mented in mada in the rsSROC function. An extension of this approach by 
Steinhauser et al. [57] is discussed in the subsequent section of models for multiple 
thresholds.

12.3.2  Multiple Thresholds

If 2 × 2-tables for more than one cutoff value are available from some of the primary 
studies (say from ROC curves in the primary studies), one has to be careful not to 
treat them as independent estimates. Also, the diagnostic meta-analyst might want 
to obtain pairs of pooled sensitivity and false-positive rate for common cutoff val-
ues. In this situation, the diagnostic meta-analyst could consider to reduce the coded 
data in several ways: A reduction of the data could be to select a single 2 × 2-table 
per study, which clearly entails a loss of information, or to form subsets of the data 
for each threshold. Subsetting the data in this fashion is only advisable if enough 
studies end up in each subset, so it might not be possible in some DTA meta- 
analyses; also see the discussion by Macaskill et al. [6] and empirical work on the 
introduced bias by Levis et al. [58]. This problem has led to special models for this 
situation.

7 CAMAN is also the backbone for the implementation of the semiparametric mixture approach of 
Schlattmann, Verba, Dewey, and Walther [69], which extends the bivariate model.
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We mention some of the existing models for multiple thresholds and what kind 
of code they supply for fitting the models. Dukic and Gatsonis [59], generalizing the 
HSROC model of Rutter and Gatsonis [7], propose a Bayesian approach for which 
code in the BUGS language is available.8 Implementing the approach in full will 
require some additional programming.

Hamza et al. [60] extend the bivariate model of Reitsma et al. [4] in a hierarchical 
fashion and obtain a multivariate random effects model. Code for SAS NLMIXED 
is supplied in the paper, but the approach is known to be prone to convergence prob-
lems and assumes that 2 × 2-tables for the same set of cutoff values can be coded for 
each study. Putter et al. [61] instead argue in favor of an approach based on survival 
methods, for which R code is available as supporting information. The survival 
approach was not convincing enough in a simulation study of Simoneau et al. [62] 
compared to an approach with the bivariate model.

Riley et al. [63] propose a model that handles missing cutoff values. Code in 
Stata is available as an additional file on the journal’s website. Steinhauser et al. [57] 
build on ideas of Rücker and Schumacher [56] to present a model that handles mul-
tiple thresholds per study to estimate pooled sensitivity and false-positive rate as 
well as an SROC curve. R code for this approach is part of the supplementary files 
for this paper. Hoyer et al. [64] propose an approach for meta-analysis of full ROC 
curves based on information from all thresholds by using bivariate time-to-event 
models for interval-censored data with random effects. They supply SAS code for 
their approach. For some additional current approaches [65, 66], we are not aware 
of readily available implementations.

12.3.3  The Right Tool for the Job

The diagnostic meta-analyst is advised to select the appropriate software package 
at the planning stage of the meta-analysis, when it is decided which analyses are 
to be carried out. Preferably, the meta-analysis follows a protocol ((Chap. 11); 
[67]), similar to that of a randomized clinical trial, and so software should be part 
of this protocol. From our experience, an early decision will help to organize the 
coding process and data preparation, as it is clear which form the data file must 
have to be amenable for the statistical analyses. Regardless of the chosen analysis 
methods, analysts can choose from a range of algorithms, several Bayesian and 
many frequentist, and software packages (open source and proprietary). Depending 
on programming skills and prior experience with mixed regression models and 
time budget, the meta-analyst is advised to compromise between flexibility and 
extensibility of the package on the one hand and ease of use on the other hand.

Key Messages
• A number of statistical packages allow to fit the bivariate model.

8 At the time of writing, code is found on V. Dukic’s homepage: http://amath.colorado.edu/faculty/
vdukic/software/ROC.html
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• Specialized packages for DTA meta-analysis include convenient options for 
plotting SROC curves.

• Currently, familiarity with more general packages is needed for special models, 
including those for multiple thresholds.
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13Network Meta-Analysis of Diagnostic 
Test Accuracy Studies

Gerta Rücker

13.1  Introduction

In this chapter, we consider the situation that a number of diagnostic accuracy stud-
ies evaluated multiple (i.e., two or more) diagnostic tests for a given medical condi-
tion, where different studies may have evaluated/compared different tests. Network 
meta-analysis of diagnostic test accuracy studies aims at comparing all these tests in 
a meta-analysis. To introduce network meta-analysis of diagnostic test accuracy 
studies, in Sect. 13.1.1 we first address network meta-analysis of interventional 
studies, which is a more familiar and well-developed topic. We then recapitulate 
meta-analysis of diagnostic test accuracy studies, already introduced in Chap. 10 of 
this book, and ask how this may be extended to network meta-analysis in Sect. 
13.1.2. As we will see and extend in Sect. 13.2, there is an important difference 
between both areas of application, which requires the development of special meth-
odology. In Sect 13.3, we will briefly comment on some common, but less appropri-
ate approaches. A number of recently published advanced methods will be treated 
in more detail in Sect. 13.4. The chapter ends with a discussion in Sect. 13.5.

13.1.1  Network Meta-Analysis

Network meta-analysis (NMA) is an extension of pairwise meta-analysis, mainly 
applied to compare interventions in healthcare [1]. A question naturally leading to 
NMA of interventions is: “Which of a number of available interventions (i.e., drugs, 
surgical procedures, or psychological interventions) is the best for patients with the 
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given medical condition?” To answer this question, one usually conducts a compre-
hensive literature search to look for existing comparisons (studies) among eligible 
treatments for the condition at hand. In most applications, NMA is based on ran-
domized studies comparing two or (often) more interventions for the same medical 
condition. If there are at least three interventions (treatments), these build a network 
where the nodes are the treatments and connections between nodes represent direct 
comparisons between treatments that were directly compared in studies. Usually, 
the network is not complete, as in most cases not all possible comparisons have 
been investigated in a study. For those treatments that have not been directly com-
pared in a study, we must rely on indirect evidence from the network. As an exam-
ple, in Fig. 13.1 we present a network of antidepressants analyzed by Cipriani et al. 
[2]. Here we see, e.g., that there was no study directly comparing mirtazapine and 
reboxetine.

To combine direct and indirect evidence, it is assumed that the studies are inde-
pendent, that the interventions groups within each study are independent, that miss-
ing comparisons are missing at random, and that the patient populations of different 
studies are comparable. Further, if multi-arm studies are included, this must be 
adjusted for. The simplest models also assume that the underlying effects are con-
sistent, and differences between them are only due to random error. For estimation, 
Bayesian or frequentist methods (weighted least squares regression) can be applied 
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Fig. 13.1 A network of interventions [2]
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while adjusting for multi-arm studies. Like in pairwise meta-analysis, fixed and 
random effects models may be used, and heterogeneity should be explored. For 
further reading, see [3] or the book [4].

13.1.2  Diagnostic Test Accuracy Studies

As described in Chaps. 10 and 11, the research question of standard meta-analysis 
of diagnostic test accuracy (DTA) studies is the same as that of a DTA study: to 
evaluate the diagnostic accuracy of a (single) diagnostic test, where we assume the 
existence of a reference standard (“gold standard”). An overview of existing meth-
ods for meta-analysis of diagnostic accuracy studies is given in [5]. These can be 
generalized in several respects. Here, we focus on the generalization to multiple 
tests.

The aim of a study may be to compare the accuracy of two or more diagnostic 
tests for the same medical condition, with or without an existing gold standard. Note 
that there is an important difference between interventional and diagnostic studies: 
Whereas in interventional research different treatments are usually compared 
between different groups of patients (preferably allocated in a randomized manner), 
in diagnostic research tests usually are evaluated in the same individuals, with or 
without the target condition. In interventional research, intraindividual treatment 
comparisons (e.g., crossover studies) are an exception rather than a rule. This means 
that in diagnostic research we have correlated observations, in contrast to most 
interventional studies, where the treatment arms are independent. It follows that 
methods of NMA of interventions cannot be readily translated to NMA of DTA 
studies.

13.2  Network Meta-Analysis: Differences Between 
Diagnostic Tests and Interventions

Thinking of NMA of DTA studies leads to two possible perspectives, a diagnostic 
perspective and a prognostic perspective. Here, we present an overview over possi-
ble connections between NMA and meta-analysis of DTA studies and potential gen-
eralizations of standard methodology.

13.2.1  Diagnostic Perspective: NMA of DTA Studies as Pairwise 
Multivariate Meta-Analysis

As noted in the preceding section, when evaluating/comparing K ≥ 1 diagnostic tests, 
this means that each study in a meta-analysis has performed a subset (i.e., one or more) 
of these tests, usually in the same groups of individuals with or without the target con-
dition. The result of each test (positive or negative) is a binary outcome. Thus, in total 
we consider a multi(2K)variate outcome with mostly unknown correlation structure. In 
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Chap. 10, the special case of K = 1 was considered, which led to the bivariate model 
(2K = 2), as we consider two groups of individuals [6, 7]. More generally, comparing 
K ≥  2 tests corresponds to a (2K)variate or a pairwise multivariate meta-analysis. 
Table 13.1 illustrates this perspective. While the left column represents the standard 
situation in meta-analysis of interventions with a binary outcome, the right column 
translates this to meta-analysis of DTA studies. The upper part of the table represents 
the case of one (binary) outcome (in the diagnostic situation, this is a test). We note that 
in meta-analysis of interventions, contrast- based models are common. For a binary 
outcome, these models are based on effect measures such as the relative risk (RR), the 
odds ratio (OR), or the risk difference (RD). They are less common and also not recom-
mended in the diagnostic setting. Here, we are interested in estimating both sensitivity 
and specificity; hence the bivariate model is preferred. The bottom part of Table 13.1 
shows the generalization to a multivariate outcome, i.e., two or more tests. In the diag-
nostic context, this leads to a multi(2K)variate outcome.

13.2.2  Prognostic Perspective: NMA of DTA Studies as NMA 
of Diagnostic Odds Ratios

An alternative perspective is to consider the diagnostic tests as K ≥ 2 test covariates 
to predict the true status of an individual as a binary outcome (with/without the 
target condition, according to the reference standard). Within a study, this could be 

Table 13.1 Diagnostic perspective: pairwise meta-analysis of interventions with a binary out-
come vs meta-analysis of DTA studies

Interventions Diagnostic tests
Aim Compare two treatments Discriminate two groups

Pairwise 
meta-analysis

Groups Two interventions With/without target condition
Outcome Event yes/no Test positive/negative
Proportions r1, r0 Sens, 1 − Spec
Effect 
measures

RD = r1 − r0 J = Sens + Spec − 1

OR =
−( )
−( )

r r

r r
1 0

0 1

1

1
DOR

Sens Spec

Sens Spec
=

−( ) −( )
∗

1 1

Modeling Univariate model, 
contrast-based

Bivariate model, arm-based

Multivariate 
pairwise 
meta-analysis

Groups Two interventions With/without target condition
Outcome K ≥ 2 outcomes K ≥ 2 tests
Measures Pairs of proportions Pairs of accuracy measures

(r1k, r0k),  k = 1, …, K (Sensk, 1 − Speck), k = 1, …, 
K

Effect 
measures

RDk,  k = 1, …, K Jk,  k = 1, …, K
ORk,  k = 1, …, K DORk,  k = 1, …, K

Modeling Multi(K)variate model Multi(2K)variate model

RD risk difference, OR odds ratio, DOR diagnostic odds ratio, J Youden index
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analyzed using logistic regression. For each test investigated in a study, this pro-
vides a regression coefficient that estimates the test’s study-specific log diagnostic 
odds ratio (logDOR). If the reference standard is identical across studies, logDORs 
from different tests may be compared in a NMA. This perspective is illustrated in 
Table 13.2. Again, the left-hand side of the table refers to meta-analysis of interven-
tions, whereas the right-hand side refers to the diagnostic setting. We note that in 
this table group and outcome have changed their role, corresponding to the change 
of perspective: from modeling the test result (as in Table 13.1) to predicting the true 
status of the individual, based on the test(s). The bottom row refers to the situation 
with more than two interventions (left) or tests (right), respectively. If the test popu-
lations for each test were independent in all studies that investigated the test, this 
could be analyzed like NMA of interventions. However, this situation does not seem 
to occur frequently in practice, as tests, in contrast to treatments, are mostly com-
pared intraindividually. An exception is the meta-analysis by Patrick et al. (1994) 
[8] who compared self-administered and interviewer-administered questionnaires 
for smoking behavior, where each primary study used only one kind of 
questionnaire.

Table 13.2 Prognostic perspective: NMA of DTA studies as NMA of diagnostic odds ratios

Interventions Diagnostic tests
Aim Compare treatments Compare tests

Pairwise 
meta- 
analysis

Groups Two interventions Test positive/negative
Outcome Event yes/no With/without target condition
Proportions r1 PPV

r0 1 − NPV
Effect 
measures

RD = r1 − r0 J∗ = PPV + NPV − 1

OR =
−( )
−( )

r r

r r
1 0

0 1

1

1
DOR

Sens Spec

Sens Spec
=

−( ) −( )
∗

1 1

Modeling Univariate model, 
contrast-based,

Bivariate model, arm-based,

models binary outcome models truth (gold standard)
Network 
meta- 
analysis

Groups K ≥ 2 interventions K ≥ 2 diagnostic tests
Outcome Event yes/no With/without target condition
Proportions

r r

r rK K

11 10

1 0

 

















Modeling Multivariate model, 
contrast-based models 
binary outcome

Multivariate model
Models truth (gold standard), 
given results of K diagnostic tests

RD risk difference, OR odds ratio, DOR diagnostic odds ratio, PPV positive predictive value, NPV 
negative predictive value
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In the remainder of this chapter, we will leave the prognostic perspective and 
focus on the diagnostic perspective, as described in Sect. 13.2.1, where we aim to 
model sensitivity and specificity as distinct outcomes for each test.

13.3  Approaches for Comparing Multiple Diagnostic Tests

In this section we briefly mention possible approaches for comparing multiple diag-
nostic tests that take the diagnostic perspective in the sense of Sect. 13.2.1. The 
starting point is the bivariate model [6, 7].

13.3.1  Separate Meta-Analyses

Let us consider the case of n studies, each of which compared a subset of K diagnos-
tic tests for the same target condition. Instead of considering a complex multi(2K)
variate model (Table 13.1, bottom right), often K separate bivariate models are ana-
lyzed. Without doubt, this is the easiest way of analyzing these data. However, the 
between-test correlations within individuals in the same study are ignored; in fact 
they are often not reported in primary studies. For example, Roberts et al. separately 
investigated three natriuretic peptides (plasma B-type natriuretic peptide, 
NTproBNP, and MRproANP) for diagnosis of heart failure [9].

13.3.1.1  Special Case: Separate Meta-Analyses for Multiple 
Thresholds

The review by Roberts et al. [9] is also a good example for a situation reviewers are 
often confronted with when extracting data for meta-analysis of a single diagnostic 
test: the primary studies reported various sets of different multiple thresholds for 
each of the peptides. Often, like here, a diagnostic test is based on a biomarker, or a 
questionnaire, or a psychological or other score. In this case, to define a test, a 
threshold must be selected which separates the population with the target condition 
(“diseased”) from the population without the target condition (“non-diseased”). 
Then sensitivity and specificity depend on the threshold that is chosen to decide 
whether the test is positive or negative. If large values suggest that the individual has 
the target condition, specificity increases and sensitivity decreases with increasing 
threshold. Different studies may have selected different thresholds or may present 
results based on several thresholds. One motivation is to use different thresholds for 
“ruling out” and “ruling in” the target condition.

The Cochrane Handbook for DTA Reviews recommends conducting separate 
meta-analyses (based on the bivariate model) for each threshold (or a subset of 
thresholds) found in the primary studies [10]. The results may be put together to 
obtain a pooled sensitivity/specificity for each threshold or to compare sensitivity 
and specificity between tests based on different thresholds. Again, this method 
does not account for the intraindividual correlation that arises because part of the 
data do not only come from the same individuals but also from the same 
measurements.
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This has motivated researchers to develop more advanced methods that account 
for this complex correlation structure [11–18].

13.3.2  Meta-Regression with Type of Test as a Covariate

Software implementations of the standard bivariate model allow incorporating 
covariates. Therefore one way to analyze data from multiple tests is to include the 
type of test as a categorical covariate into the bivariate model. This analysis is 
appropriate if the type of test is a study-level covariate, i.e., each study uses only one 
of a number of tests, as in the abovementioned meta-analysis of smoking question-
naires [8, 19]. It would be also suitable if the individuals undergoing the different 
tests were independent subgroups within each study and were separately reported. 
In most cases, however, all individuals in a study are subject to all tests compared in 
that study, and their results are correlated. Then the type of test is not a study-level, 
not even an individual-level covariate, but a repeated measurement at the individual 
level, and meta-regression is not applicable.

13.3.3  Multivariate Meta-Analysis: Contrast-Based vs Arm-Based 
Approach

The appropriate method to analyze multiple tests DTA data is multivariate meta- 
analysis, as indicated in Table 13.1. Before going into details of existing approaches, 
we want to mention a certain consequence of the difference between (network) 
meta-analysis of interventions and meta-analysis of DTA tests. In meta-analysis of 
interventions, mostly based on randomized controlled trials, traditionally a contrast- 
based approach has been used. This means, contrasts (i.e., within-study treatment 
effect differences) are calculated between each pair of treatments within each study. 
These form, together with their standard errors, the basis for modeling. This has led 
to some debate [20, 21].

Contrary to meta-analysis of interventions, in standard meta-analysis of DTA 
studies, simple contrast-based approaches are thought insufficient by most research-
ers due to the bivariate character of the outcome (sensitivity and specificity). 
Nevertheless, they were occasionally proposed, for example, using the diagnostic 
odds ratio [22] or a proportional hazards measure [23]. One could also think of the 
Youden index or the area under the curve (AUC) as a univariate outcome.

If DTA studies have investigated more than one test, the question of a contrast- 
based approach again comes up, but in a different sense. In the context of comparing 
multiple tests, we may look at differences of (transformed) sensitivities/specificities 
between different tests within a study in the same individuals, rather than contrasts 
between treatment groups or groups by health status (such as the diagnostic odds 
ratio). To be appropriate, contrast-based approaches have to model contrasts of sen-
sitivities and specificities as bivariate outcomes. Clearly, this leads to a different and 
more complicated data structure than we have in NMA of interventions. We come 
back to this issue in Sects. 13.4.3 and 13.4.6.
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13.4  Existing Approaches to Meta-Analysis of Multiple DTA 
Studies

In this section we describe a number of existing approaches to NMA of diagnostic 
accuracy studies. After having a look into the Cochrane Handbook for DTA Reviews 
[10], we discuss the models proposed by Trikalinos et  al. (2014), Menten and 
Lesaffre (2015), Dimou et  al. (2016), Hoyer and Kuss (2016), and Nyaga et  al. 
(2016) [5, 24–28].

13.4.1  The Cochrane Handbook for DTA Reviews

In the Cochrane Handbook for DTA Reviews ([10], Section 10.5.4), two settings for 
comparing the diagnostic accuracy of two tests are discussed.

13.4.1.1  Comparing Two Tests Between Studies
If most studies evaluate only one of the tests of interest, the data from both tests can 
be seen as independent, and the type of test is a study-level covariate as described in 
Sect. 13.3.2 above. In case of tests based on a biomarker, this approach is recom-
mended only if all studies used similar thresholds. It is also important to adjust for 
further important confounders because studies evaluating different tests are expected 
to differ also in their spectrum of patients and other covariates.

13.4.1.2  Comparing Two Tests Within Studies
Studies comparing two tests could either apply both tests to each individual or ran-
domize each individual to one of the tests, in both cases using a common reference 
test for all individuals. The data must be analyzed within study, using a binary 
covariate for the type of test. The authors of the Cochrane Handbook mention that 
there are often only two 2 × 2 tables given, without information on paired results at 
the individual patient level. Then an approach using the two tables effectively 
assumes a randomized design, which they say represents a conservative approach. 
They do not go into detail for models that truly account for tests compared at the 
individual level but mention that such models would require a cross classification of 
test results within both the diseased and non-diseased groups for all available stud-
ies. Such approaches exist, as we will see in Sects. 13.4.2 and 13.4.4.

13.4.2  The Approach by Trikalinos et al.

Trikalinos et al. (2014) were among the first authors who pointed to the problem 
that conducting separate meta-analyses for different tests is inappropriate if the tests 
were applied to the same individuals [28]. They investigated models for the joint 
meta-analysis of studies comparing multiple index tests on the same participants in 
paired designs in a Bayesian setting. In their paper, they stepwise generalized the 
model, starting from the standard bivariate model (“the case of a single test”).
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13.4.2.1  The Case of Two Tests
The combination of two tests in a single combination leads to four possible combi-
nations of positive and negative results with different probabilities for individuals 
with or without the target condition, that is, the eight combinations presented as 
probabilities in ([28], Table 5). The authors consider for each study i = 1, …, n and 
each test k = 1, 2 the logit-transformed true-positive rate ηik (i.e., ηi1 and ηi2), the 
logit-transformed false-positive rate ξik (ξi1 and ξi2), the “joint true-positive rate” ηi

∗ , 
and the “joint false-positive rate” ξi

∗ , both corresponding to the proportion of results 
that are positive for both tests. For these 6 parameters per study, the authors discuss 
2 variance-covariance matrices, an unstructured version with 6∗7/2 = 21 parameters 
and, setting variances and correlations of both tests equal, a structured version with 
12 parameters. Generalizing the binomial within-study model used in the standard 
case to a multinomial model, they use Bayesian methods to estimate the 
parameters.

13.4.2.2  The Case of Three or More Tests
Trikalinos et al. [28] only very briefly discuss that their approach may be general-
ized to the case of more than two tests but mention that their parameterization leads 
to a very large number of parameters and problems with estimation.

13.4.3  The Approach by Menten and Lesaffre

Menten and Lesaffre (2015) present a general framework for comparative meta- 
analysis of diagnostic studies in a Bayesian setting [25]. They list five models ([25], 
Table 13.2) (three assuming a perfect reference standard, two assuming an imper-
fect reference standard) and explain ways of estimation, partly also including indi-
rect comparisons and based on methods from NMA.  In case of an imperfect 
reference standard (models 4 and 5), they consider latent class models. All models 
have in common that they (1) consider the (standard) case of one pair of sensitivity 
and specificity per test and study, (2) model transformed (e.g., logit) sensitivity and 
specificity (models 1 and 4) or differences (contrasts) of them between different 
tests (models 2, 3, and 5), and (3) use Markov chain Monte Carlo (MCMC) methods 
for estimation. We briefly discuss the five models.

13.4.3.1  Model 1: Standard Bivariate Model
Model 1 is the standard bivariate model. Results for each test are pooled separately 
across all studies that used the test. The within-study correlation between tests is 
ignored. As the authors remark [25], “the results may be biased by study 
characteristics.”

13.4.3.2  Model 2: Meta-Analysis Based on Direct Comparisons
Like the standard bivariate model, model 2 is a two-level model. It is limited to two 
tests and uses only studies that compared the tests directly. The transformed (e.g., 
logit-transformed) sensitivities and specificities are modeled under the assumption 
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of study-specific differences between them. In the second stage, these differences 
are modeled under the assumption that they follow a bivariate normal distribution. 
It is not distinguished between tests that were applied to the same individuals and 
tests that were randomized between individuals in the same study.

13.4.3.3  Model 3: Meta-Analysis Based on Direct and Indirect 
Comparisons

Models 3–5 are hierarchical models to compare K ≥ 2 tests. Model 3 (also described 
in [26]) is a generalization of model 2 and models the contrasts between trans-
formed sensitivities and specificities, using one test as a baseline. Thus model 3 
allows modeling indirect comparisons between tests that were not directly com-
pared in a study via common comparators. However, as the authors note, specifica-
tion and estimation of the variance-covariance matrix are complicated.

13.4.3.4  Models 4 and 5
Models 4 and 5 are latent class models that can be applied if no perfect reference 
standard is available. While model 4 ignores the correlation between tests from the 
same study, model 5, like model 3, is based on contrasts between tests.

13.4.4  The Approach by Dimou et al.

Like Trikalinos et  al. (2014) [28], Dimou et  al. (2016) focus on the case of two 
diagnostic tests [5]. The authors introduce their notation for the case of two tests 
([5], Table I), leading to eight possible combinations as in ([28], Table  5). The 
observed numbers are then presented in a second table ([5], Table II) as marginal 
sums of the numbers in the first table ([5], Table I). From these, for each study i the 
estimated study-specific logit-transformed true-positive rates TPR and false- positive 
rates FPR for test 1 (denoted ˆ ˆ,y yi i1 2 ) and test 2 ˆ ˆy yi i3 4,( )  and their estimated vari-
ances are derived. The parameters (β1, β2, β3, β4) correspond to the parameters 
(η1, ξ1, η2, ξ2) introduced in [28]. In generalization of the standard bivariate model, 
the vector ˆ ˆ ˆ ˆy y y y

T

1 2 3 4⋅ ⋅ ⋅ ⋅( ), , ,  is modeled using a multivariate normal distribution with 
a study-specific mean vector and a within-study covariance matrix that is observ-
able. The between-study model is of the same but unstructured type.

In contrast to Trikalinos et al. [28], who modeled the “joint true-positive rate” 
and the “joint false-positive rate” based on the observations (see Sect. 13.4.2), 
Dimou et al. use this information (from their Table I) to inform the within-study 
covariance matrix, which thus is assumed as known and fixed. As they state ([5], 
p. 3519), “the key point of this method is that the within-studies covariances can be 
calculated via a closed form expression.” With respect to three or more diagnostic 
tests, they briefly note “A direct extension of the method for more than two diagnos-
tic tests is straightforward” ([5], p. 3513); however, they do not make explicit how 
to calculate the multiple correlations in the general case.

In contrast to other approaches discussed here, the model by Dimou et al. can be 
fitted by standard frequentist software used for multivariate meta-analysis. It also 
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allows determining further standard measures such as the diagnostic odds ratio, a 
summary receiver operating characteristic (SROC) curve and the area under the 
curve (AUC).

13.4.5  The Approach by Hoyer and Kuss

Hoyer and Kuss (2016) propose, in generalization of the bivariate model, a 
quadrivariate logistic regression model for comparing two index tests with a 
common reference standard within studies [24]. At the study level, they model 
the number of true-positives and true-negatives of test k (k = 1, 2) within study 
i (i  =  1, …, n) following binomial distributions, given the study-specific true 
sensitivities and specificities for both tests. At the meta-analysis level, the mean 
parameters are μ1, μ2 (logit sensitivities of tests 1 and 2) and ν1, ν2 (logit speci-
ficities of tests 1 and 2), with the random study effects modeled by a quadrivari-
ate normal distribution with an unstructured variance-covariance matrix. 
Estimation is possible using standard software for generalized linear mixed 
models. Again, the parameters are closely related to those in the approaches by 
Trikalinos et al. [28] and Dimou et al. [5], with the only difference that not the 
false-positives, but specificities are modeled. Moreover, the analysis is based on 
two 2 × 2 tables per study and thus (as the authors admit) does not account for 
potential within-individual correlation. The authors also present a generaliza-
tion accounting for multiple thresholds. In addition, they give a concise over-
view over existing methods.

13.4.6  Two Approaches by Nyaga et al.

Nyaga et  al. (2016) published two papers, beginning with a discussion of the 
contrast- based versus the arm-based approach [26], arguing that the contrast-based 
models lead to problems with model identifiability and variance estimation. 
Therefore they suggest arm-based approaches.

13.4.6.1  Two-Stage Model Based on Logit Transformation
The arm-based two-stage Bayesian approach in the first paper is based on the logit- 
transformed sensitivities and specificities, as in the standard bivariate model. The 
model is described as follows. Denote the groups j = 0, 1 where 0 means without the 
target condition (“without disease”) and 1 means with the target condition (“dis-
eased”). Further, let us have i = 1, …, n studies, each comparing a subset of K diag-
nostic tests for the target condition (k = 1, …, K). Let πijk be the true probability of a 
correct result (i.e., sensitivity or specificity) for an individual in group j of study i 
with respect to test k. Then logit(πijk) is modeled as

 
logit π µ η δijk jk ij ijk( ) = + +
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where μjk is the true mean logit-transformed sensitivity (j = 1) or specificity (j = 0) 
of test k over all studies, ηij(j = 0, 1) are group-specific random study effects, and δijk 
are random errors. For the study effects we assume
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with variances σ1, σ0 and across-study correlation ρ. The random errors δijk are 
assumed to be normally distributed with mean 0 and conditionally independent, 
given a study i, with variances (τj1, …, τjK) that are constant across studies, but 
depending on the test and the group. The model is enriched with covariate infor-
mation. Estimation of marginal sensitivity and specificity uses Bayesian 
methods.

13.4.6.2  Beta-Binomial Model
In their second paper, Nyaga et al. consider a one-stage approach based on a copula 
model [27]. The bivariate joint distribution of sensitivity and specificity is modeled 
using the marginal distributions with a so-called copula that describes the depen-
dence between both. Instead of modeling the latent sensitivities and specificities in 
the studies via the logit transformation and assuming normal distribution, the sensi-
tivities and specificities were directly modeled using a beta-binomial model [29]. 
The beta distribution family consists of an infinite number of two-parameter distri-
butions defined on the interval [0,1]. The special parameterization in the paper is 
very flexible and captures the mean sensitivity and specificity for each of K tests, 
their association, and two sources of overdispersion due to repeated tests in a study. 
Estimation is again based on Bayesian methods.

13.4.7  Multivariate Meta-Analysis

As we have seen, (network) meta-analysis of diagnostic accuracy data is a special 
case of multivariate meta-analysis. Therefore it would at first seem obvious to look 
at existing approaches to multivariate NMA that were not particularly designed for 
diagnostic accuracy data, however may be applied to these.

There are some approaches to network meta-analysis of multiple correlated out-
comes. Mavridis and Salanti (2013) mentioned meta-analysis of DTA studies in the 
context of multivariate meta-analysis but only described the standard bivariate 
model [30]. Riley et al. (2014) used multivariate random effects meta-analysis mod-
els to treat multiple prognostic effect estimates due to multiple methods of measure-
ment within the same study, taking the prognostic perspective (see Sect. 13.2.2) 
[17]. Achana et al. (2014) and Efthimiou and colleagues (2014, 2015) considered 
multiple outcomes in networks of interventions [31–33]. However, none of these 
papers addressed the special situation of a bivariate outcome (sensitivity/specificity) 
in a network of correlated tests.
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13.4.8  Other Potential Research Questions

The standard bivariate model is designed for meta-analysis of studies that consider 
a single test. The methods discussed in this chapter generalize the bivariate model 
with respect to the number of diagnostic tests compared. Of course, there are other 
aspects that may be generalized.

First, already mentioned in Sect. 13.3.1.1, the index test may rely on a measure-
ment and a threshold which separates the population with the target condition (“dis-
eased”) from the population without the target condition (“non-diseased”).

Secondly, a single test may be developed for differentiating between more than 
two conditions, e.g., identifying different stages or subclassifications of a disease. 
For instance, Mitchell (2009) published a meta-analysis of the accuracy of the mini- 
mental state examination in the detection of dementia and mild cognitive impair-
ment, compared to healthy persons [34]. For this setting, a (bivariate) standard 
network meta-analysis would be appropriate for comparing the test accuracy 
between the independent conditions.

Finally, at least theoretically, all these aspects could be combined to a very com-
plex meta-analysis of multiple tests with multiple thresholds, applied in various 
studies to individuals with multiple different health conditions. A model perfectly 
suitable to evaluate such data would need individual patient data from all studies.

13.5  Discussion

While the standard bivariate model meta-analysis of DTA studies is appropriate to 
synthesize evidence on the accuracy of a single diagnostic test, in this chapter we col-
lected approaches for generalizing the model to the case of multiple diagnostic tests.

For investigating possible designs and analysis strategies, both a diagnostic and 
a prognostic perspective are possible. We found arm-based and contrast-based 
approaches. Most approaches use Bayesian methodology and seem to be computa-
tionally demanding. Exceptions are the models by Dimou et al. (2016) and Kuss and 
Hoyer (2016) that can be fitted using standard frequentist software [5, 29]. As all 
approaches are quite novel, we expect that there will be more research in this field. 
Also, methodological reviews comparing different approaches in simulations have 
to be awaited before recommendations for their use in practice can be made.

Like this chapter, some of these approaches are titled “network meta-analysis of 
diagnostic accuracy tests.” As we have seen, however, this may be misleading 
because of the difference between NMA of interventions and NMA of diagnostic 
tests: Interventions are usually compared between independent groups, while diag-
nostic tests are compared within the same individuals. Hence, networks of diagnos-
tic tests have a structure quite different from networks of interventions, and the 
statistical analysis must account for this. We therefore would like to put it up for 
discussion whether the term “network meta-analysis” for meta-analysis of DTA 
studies is appropriate or should be avoided.

13 Network Meta-Analysis of Diagnostic Test Accuracy Studies
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Key Messages
• For meta-analysis of DTA studies of a single test, the standard bivariate model is 

appropriate.
• Meta-analysis of DTA studies comparing multiple tests differs from network 

meta-analysis of interventions, as tests, unlike interventions, usually are com-
pared within individuals.

• For comparing multiple diagnostic tests in a meta-analysis, methods of multi-
variate meta-analysis are needed.

• Existing approaches differ in their methods (arm-based vs contrast-based, fre-
quentist vs Bayesian, specification of correlations).
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14Transition to Intervention Meta-Analysis

Umberto Benedetto and Colin Ng

14.1  Introduction

Medical treatment for diseases (“intervention”) has been developing faster than ever 
in the last few decades. New drugs are tested and approved every day for many 
diseases that were previously thought incurable. Cancer research is an example of 
an especially rapidly advancing field—antibody therapies are being developed to 
control both solid-organ and blood tumors [1]. New procedures and surgical tech-
niques are being developed, fueled by the exchange of ideas at nowadays popular 
conferences and meetings. A major focus today is the use of minimally invasive 
techniques to minimize the risks of open surgery such as wound infection and bleed-
ing and to enable faster recovery times [2].

As such, the onus is on clinicians to be up to date with the latest evidence so that 
their patients receive fair and appropriate treatment. As our reader might recall from 
earlier chapters, a meta-analysis of randomized controlled trials provides for top 
quality evidence, and indeed, these are the studies experts look for when designing 
clinical practice guidelines at major conferences and meetings of societies. Even 
our patients are getting up to date with the advances in medical care as the internet 
provides ample information to anyone who is keen to look. The rise in complexity 
of medicolegal cases means that doctors cannot be too careful when counseling a 
patient of the risks and benefits of treatment before starting it [3]. A good under-
standing of how outcomes are reported and analyzed enables the clinician to coun-
sel patients about an intervention more accurately.

As soon as a new intervention is developed for a medical condition, its creators 
are quick to scientifically test it, performing studies to show efficacy as well as 
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safety. A major treatment is typically tested more than once, and a meta-analysis is 
thereby useful in statistically combining the results of these studies, synthesizing a 
“big picture” out of the many trials.

14.2  Trials and Their Outcomes

For an intervention to be considered useful in the treatment of a medical condition, 
it has to show not only effectiveness in treating or curing the disease but also safety. 
The gold standard for investigating such intervention is the conduct of a randomized 
controlled trial (RCT). In such a study, participants are randomly assigned into 
groups—at least one with the new or proposed treatment that is being studied and at 
least one to be the control group. The control need not be a “no-treatment” or pla-
cebo group; it can be the previous gold standard in the treatment of the particular 
disease. There can be more than one treatment group in the trial, for example, when 
testing different doses of a particular drug.

There are other study designs, such as retrospective or non-randomized trials. 
However, the use of data from such studies weakens the quality of the evidence, as there 
are inherent limitations such as selection bias in a retrospective cohort study [4]. As 
such, it is recommended that a meta-analysis should only include randomized trials.

One emerging technique that is increasingly applied to intervention studies is the 
use of propensity score matching to create “matched pairs” of equal baseline char-
acteristics (e.g., age, gender, weight, etc.). Such a technique is applied to retrospec-
tively reviewed data that may be valuable, yet overcomes the limitation of not 
having a fully planned prospective study done years ago at the start of the use of the 
intervention. Studies that report propensity score-matched data can be relied upon 
as evidence where RCTs are not available [5] and can be considered in meta- 
analyses as well.

Trials on intervention will have to report the outcomes of efficacy and safety, 
which are typically decided on before the start of the trial (i.e., prospective study 
design). These are sometimes called endpoints. Examples of efficacy endpoints 
include cure rate, freedom from disease at specified intervals after the administra-
tion of treatment, while typical safety endpoints include measures such as mortality 
and incidence of known or expected side effects of treatment. These endpoints vary 
greatly depending on the type of disease in question, and an exhaustive list of such 
outcomes is impractical in this present literature.

Outcomes may be reported as continuous variables or rates of discrete events. 
For example, in a study investigating the effects of anticoagulation with a vitamin K 
antagonist, an outcome that is a continuous variable would be the international nor-
malized ratio (INR)—it can take on any numerical value. An example of a discrete 
variable would be the rate of stroke—either a subject has experienced a stroke or 
not; there are only two possible scenarios. A useful way of reporting the incidence 
would be a percentage of subjects who experienced a stroke in the study or follow-
 up period. An example of some commonly encountered discrete and continuous 
variables is listed in Table 14.1.

Consequently, when performing a meta-analysis, it is important to identify the rel-
evant outcomes and the format in which it is reported as the mode of analysis is 
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different between them. The software Review Manager [6] readily analyzes dichoto-
mous or discrete and continuous variables as described above. To analyze discrete 
outcomes, the number of participants in the control and experimental group with the 
specified event and the total number in each group are needed. To analyze continuous 
variables, the mean, standard deviation, and number of participants in each group will 
be needed.

Generally, when selecting outcomes, the researcher chooses the outcomes that 
matter—i.e., those that are relevant in assessing the utility of the intervention, but at 
times there is frustration in finding that not all the outcomes of interest are univer-
sally reported by the different trials. It is helpful at times to look in the supplemen-
tary appendices of the included studies or even contact the authors to request for 
additional data not reported in the main text of the published study. Having men-
tioned that, one can usually find key outcomes reported in most of the studies worth 
their salt. There may be studies that enthusiastically report many other outcomes 
that may not be reported by other studies, hence unsuitable for numerical statistical 
analysis, but can make for qualitative analyses in a systematic review.

It is important to note that different studies may report outcomes at different time 
periods—the follow-up after performing the intervention. Larger, well-funded prospec-
tive studies may follow up with patients for years, allowing for insight into the long-term 
effects of the intervention. When performing a meta-analysis, it is ideal to choose out-
comes reported at follow-up times common to all the included studies. This allows for 
uniform synthesis and comparison at a particular time point following the intervention.

14.3  Making Sense of the Data

It is important not only to perform your own meta-analysis but also to understand 
how to appreciate the works of others, apprising them critically for quality and find-
ing information that would be relevant in clinical work—such as when counseling 
for an intervention.

Table 14.1 A list of commonly reported outcomes of treatment in medical literature—some 
examples of continuous variables that may be reported as rates of a defined event are listed; exam-
ple of units by which the continuous variable is measured in is included in brackets

Discrete variable Continuous variable
Rate of death Patient satisfaction scores (numerical scale)
Rate of recurrence of a disease at a specified 
time period

Days before the recurrence of a particular 
condition (days)

Rate of major bleeding during a surgical 
procedurea

Amount of blood loss in a surgical procedure 
(milliliters)

Rate of reduction in systolic blood pressure by 
at least 5 mmHg

Blood pressure (mmHg)

Rate of cureb Time taken to complete a surgical procedure 
(minutes)

aThe criteria “major bleeding” would have to be defined by the author or adapted from a univer-
sally accepted definition by a consensus body
bThe definition of cure would have to be explained by the author and is specific to each medical 
condition
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The most important information one would be looking for in a meta-analysis on 
an intervention would usually be the efficacy endpoints. In an intervention that is 
designed to cure a disease, the rate of cure at the end of the follow-up period would 
be relevant. Another way by which data may be reported would be the freedom from 
disease at specific time points in the follow-up period. The combined rates are usu-
ally reported as odds ratios, which are measures of association between an exposure 
and an outcome [6]. In interventions designed to treat specifically measureable end-
points, such as for lowering blood pressure or serum cholesterol, the amount of 
lowering would be a numerical value. As discussed earlier, safety endpoints are also 
important to consider, when presenting risks of the intervention to patients.

In evaluating results, the 95% confidence interval statistic is crucial, because it 
gives information on whether the final calculated result is statistically significant 
and on the precision of the result. A common way of representing the analyzed data 
is on a forest plot. Visual inspection of the forest plot can easily show if the 95% 
confidence interval falls entirely on the same side of the plot as the calculated result. 
Another way of representing a statistically significant result is to use the p-value. A 
p-value of less than 0.05 is generally considered statistically significant.

In the event that the result is not statistically significant, a definite conclusion can-
not be drawn about the effect of the treatment. Otherwise in cases, where there is a 
clear effect, there is a statistical technique of removing individual studies from the 
analysis to check if the other remaining studies still consistently produce a statistically 
significant result. The use of such techniques tells the reader that the design of the 
meta-analysis has been rigorous and there is usually little doubt about the result.

Another consideration in meta-analyses is the evaluation of the risk of bias in the 
included studies. The Cochrane Handbook [4] provides a comprehensive instruction 
on the assessment of bias. The risk of bias is usually presented as a table in the text, 
showing the risks for each study across the different types of bias. A meta-analysis 
that includes studies with high risks of bias in different categories may raise suspi-
cion that the primary evidence is not of good quality, which may in turn affect the 
final results of the analysis. Caution should be exercised when the trials are largely 
heavily funded by private companies or if the authors have conflicts of interest at the 
time of publishing the studies.

Finally, it is unwise to get caught up with numbers and statistics without appre-
ciating a manuscript as a whole. Any intervention is bound to have its side effects, 
and as discussed earlier, there are instances where few of the included studies pub-
lish all the safety endpoints. This may result in certain crucial information not being 
subjected to a mathematical analysis. The discussion and limitations sections of any 
meta-analysis may contain key information and qualitative analysis of the interven-
tion and most certainly should not be neglected. The author may also state sugges-
tions for future research directions.

 Conclusion

There is tremendous utility for meta-analyses in the investigation of intervention. 
Such research is the basis for the creation of guidelines that would direct therapy 
across the world.
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It is important to select good-quality primary evidence (randomized con-
trolled trials) to include in the analysis. The outcomes of interests are analyzed, 
and common follow-up time points are ideally chosen. Bias should be evaluated 
as not all studies are equally rigorous.

When reading meta-analyses on interventions, the focus is on the key out-
comes in effect and safety of the treatment. Attention should be paid to the sum-
maries in the text that may give important information on certain outcomes 
unsuitable for a numerical analysis.

At the top of the hierarchy of evidence, meta-analysis is a practical tool in 
clinical decision-making, and utmost care should be taken to always conduct a 
thorough and statistically sound one.
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15.1  Introduction

The number of diagnostic test accuracy (DTA) studies has rapidly increased, espe-
cially over the last 5 years. A quick PubMed search (sensitivity[tiab] or 
specificity[tiab] or accuracy[tiab], filters: humans) revealed there were 15,772 pub-
lished studies in 2000; 20,916 in 2005 (5144 more than 2000); 28,723 in 2010 (7807 
more than 2005); and 39,110 in 2015 (10,387 more than 2010).

Systematic reviews (SRs) represent a very useful tool to synthesize the most 
relevant findings from different studies regarding a specific DTA question, as well 
as to investigate the possible reasons for discrepancies among studies and to assess 
the efficacy and clinical impact of new tests [1].

In the diagnostic field, assessing the impact of a new test is particularly critical 
and much more complicated than assessing the impact of new treatments. In fact, 
differently from new therapies, which are directly connected to clinical outcomes 
(either therapeutic effect or adverse event), the relationship between a new 
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diagnostic test and the final clinical outcome is much more complex and indirect [2] 
(Fig. 15.1). In light of this, studies on new tests naturally tend to concentrate more 
on the performance of the test alone (sensitivity, specificity, safety, and costs), rather 
than on its overall possible clinical impact, with DTA studies measuring only sensi-
tivity and specificity (such as cross-sectional studies) being more common than 
randomized clinical trials (RCTs). In diagnostic fields, in fact, RCTs are not required 
for marketing approval, and new diagnostic tests often enter clinical practice with-
out having their impact tested on patient outcomes [3]. All this makes it particularly 
complex to write a DTA SR and summarize evidence on the clinical impact of a new 
test. Moreover, it is time- and labor-consuming to write a DTA SR and evaluate and 
re-elaborate the latest and most interesting works concerning the topic of interest.

Despite the effort, SRs in general are destined to become “out of date” due to ongo-
ing progress and newly published works. In fact, new studies may contain relevant 
elements of novelty which could significantly affect the conclusions and validity of 
the previous review, making it not only incomplete but also misleading. This is par-
ticularly true in the field of DTA, given the high rate of development of new diagnostic 
tools, ongoing changes in current reference techniques, and clinical pathways.

Therefore, when elements of novelty are available, systematic reviews need to be 
either completely rewritten or updated. Updating a SR is a new version of a previ-
ously published review with novelties in terms of data, methods, or analyses com-
pared to the previous edition, as defined by the international panel for updating 
guidance for systematic review (PUGs) organized by Cochrane [4]. Compared to an 
ex novo edition, an update presents significant advantages, since it is generally more 
efficient and time-saving. However, the decision whether to update or completely 
rewrite a new review should be based on the quality of the already existing review. 
In fact, if the SR was imprecisely conducted using unsound methods (e.g., vague 
inclusion criteria, poorly developed outcomes, etc.), then starting all over again is 
probably the best choice. AMSTAR (a measurement tool to assess systematic 
reviews) is an example of a useful instrument that can be adopted to assess the over-
all quality of a SR [5], while PRISMA (Preferred Reporting Items for Systematic 
reviews and Meta-analyses) is useful to check reporting [6]. If updating is more 
convenient than rewriting, authors need to choose the review to update and when.

15.2  Which SR Should Be Updated?

Updating a SR is a challenging process, and its real worth must be well-balanced in 
order to channel the efforts into those areas where new evidence is crucial [4]. 
Therefore, choosing which reviews should be updated is a central problem. The 
systematic approach used to prioritize which SR to update may vary among guide-
line panels and review groups. However, some elements are common key points in 
the decisional approach (Fig. 15.2).

Among them, currency of a systematic review is essential. In fact, only reviews 
addressing questions of current interest can be considered worthy of being updated. 
This is particularly true in the field of DTA, where diagnostic tests are rapidly and 
easily exceeded by more modern diagnostic techniques (particularly in the field of 
imaging).
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To estimate the currency of a DTA SR, different strategies can be used. Among 
them, analysis of diagnostic approaches adopted in clinical practice is fundamental. 
In fact, reviews on diagnostic tests no longer used in routine diagnosis are probably 
out of date and unworthy of being updated.

Another valid strategy to assess currency is to evaluate whether the systematic 
review under consideration and/or other studies surrounding the DTA of interest 
receive good access, estimated through metrics for citations and downloads. In fact, 
widely cited or downloaded articles probably refer to topics of current interest, 
whereas reviews that are no longer cited or read probably refer to out-of-date diag-
nostic tools. In the latter case, updating of the review is generally considered 
unwarranted.

Even when currency is verified, the decision to update a SR must be based on the 
quality of the review itself; as reported above, when a SR addresses a question of 
current interest but is of poor quality, starting a completely new SR is the best 
choice.

15.3  When Should a SR Be Updated?

After having evaluated whether a review is worth being updated, choosing when to 
update it is a crucial point [4] (Fig. 15.2).

Theoretically, SRs should always be kept updated with the newest available evi-
dence in order to avoid healthcare decisions being made on out-of-date or even 
misleading information. However, updating a SR every time a new study is pub-
lished is both a utopian and methodologically incorrect approach. In fact, in addi-
tion to being extremely time-consuming, a “too-frequent” or “too-soon” update 
might lead to randomness bias since evidence from a single newer trial might 
completely modify the previous conclusions of the review. This is particularly true 
in light of the fact that studies with significant and particularly interesting results are 
more likely to be published and more quickly.

Some review groups arbitrarily decide to update the most relevant reviews with 
a fixed frequency (the Cochrane Library) [7], whereas others decide to update them 
according to the availability of elements of novelty [8] or to several other factors 
such as public health importance, rapidity of scientific developments, or nature of 
the health condition in question (AHRQ—Agency for Healthcare Research and 
Quality) [9].

To assess when to update, routine surveillance for newly published studies 
around the topic of interest should be performed. Novelties in studies not only 
include completely original works but also follow-up results of already included 
studies (although follow-up studies are uncommon in the diagnostic field since the 
majority of studies on diagnostic tests are designed as cross-sectional or observa-
tional studies).

Given the high rate of publication of DTA studies, a systematic approach is often 
useful for an exhaustive literature screening. Adopted approaches may vary among 
groups and are often based on the use of full or abbreviated search strategies, 
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focusing on the review of either the overall literature or of selected groups of core 
journals in the field of interest [10]. Two valid search approaches are the RAND and 
Ottawa methods [11–13]. Together with the GRADE approach [14], with statistical 
prediction tools and value of information analysis (described below), these methods 
also represent valid tools to estimate how relevant new studies can be in changing or 
confirming the conclusions of a review.

The RAND method [11] performs an abbreviated search in five major journals to 
find new studies. Following this first step, the method abstracts the results of rele-
vant articles and qualitatively assesses whether the new findings change or confirm 
the conclusion of the previous review. The RAND method also includes a subse-
quent step of consultation of the US Food and Drug Administration website and of 
external expert judgments to evaluate the currency and possible impact of these 
findings. Based on this approach, one of four levels indicating update necessity is 
attributed to the review: (1) original conclusion is still valid, and this portion of the 
original report does not need updating; (2) original conclusion is possibly out of 
date, and this portion of the original report may need updating; (3) original conclu-
sion is probably out of date, and this portion of the original report may need updat-
ing; and (4) original conclusion is out of date.

On the other hand, the Ottawa method [12] is a full-search approach that uses a 
PubMed search to identify new studies around a selected topic. If new studies are 
detected, this method performs quantitative and qualitative analysis to evaluate the 
possible impact of these findings on the conclusions of the review, without involv-
ing an expert judgment.

In addition to availability of newly published studies, novelties in methodology 
can affect the decision of when to update a review. Changes in methods are particu-
larly important in the field of DTA SRs, where marked inhomogeneity in results of 
DTA studies often occurs due to differences in the applied methods [15].

Methodological changes usually involve one or more of the parameters consid-
ered in the PICO(S) tool (i.e., population, intervention, comparison, outcomes, and 
study design of an article) or in the SPIDER tool (i.e., sample, phenomenon of inter-
est, design, evaluation, and research type of quantitative or mixed-method studies) 
[16].

However, methodological novelties may also involve routine approaches and 
procedures adopted in clinical practice. In diagnostic fields, changes in the deci-
sional approach in which the diagnostic test of interest is inserted could signifi-
cantly affect the conclusions and level of certainty of a review. Therefore, an update 
of a DTA SR should be considered every time the decisional tree undergoes 
modifications.

Similarly, changes in the standards of quality requested for studies included in 
the SR could occur as well. In fact, removal of some studies included in the previous 
version of the review, due to a reclassification as “poor-quality studies” following 
variations in the reference standards, may lead to significant variations in the overall 
conclusions.

When elements of novelty have been found, assessing the possible impact of 
novelties on the conclusions and certainty of a systematic review is a crucial step in 
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the decision of whether or not to update a review. Experts in the diagnostic field of 
interest, as well as editors or referees, can often provide an informed and critical 
estimate of this impact [11] (RAND method).

However, the consensus of experts is often limitative and not objective. Therefore, 
different tools have been developed to estimate the impact of an update. A possible 
approach is GRADE [14], which is based on the assessment of the level of certainty 
of the evidence reported in a review. According to this approach, the highest assigned 
level is the certainty of outcomes reported in the review, with the lowest referring to 
the probability that results from new not-yet-included studies will affect the conclu-
sions of the review.

Assessment of the impact of a review cannot be considered only in terms of gains 
in scientific knowledge. In fact, the strongest is evidence reported in a review, and 
the highest will be its probability of influencing the clinical practice, leading to both 
social and economic consequences.

In light of this consideration, also a value of information analysis should be 
performed before starting a review update [17]. This statistical prediction method 
allows calculation of the gain in terms of reduction of losses related to uncertainty 
compared to the cost measured in days required to update the SR. Those with sig-
nificantly positive estimated value of information are worthy of being updated soon 
due to their probable relevant implications in clinical practice.

Along with the abovementioned considerations, the moment of updating a review 
may also be influenced by the aim of the update itself. In fact, the objective of system-
atic reviews can go beyond a simple synthesis of evidence, aiming to estimate a ROC 
curve or to summarize evidence on the validity of a certain test in a specific setting 
(such as for a particular clinical condition or in a particular range of values) [1].

15.4  How Should a SR Be Updated?

If a review has been judged as worthy of updating, authors should carefully plan the 
work according to these points suggested by the International PUGs [4]:

 1. Authorship must be updated: if authors differ from those of the first review, then 
the previous author team should be acknowledged in the update.

 2. State of the art must be refreshed, including all background information and 
evidence already known about the topic.

 3. The aim of the previous review should be reconsidered to evaluate if it is still 
relevant to patients and clinical practice. If so, the question of the previous review 
can be readdressed; otherwise a new question of current relevance should be 
formulated.

 4. Inclusion criteria should be revisited: not all previously included studies should 
be included in the new edition. When better-quality and larger studies are pub-
lished, previously included weaker and smaller studies should be excluded from 
the update. Similarly, studies comparing the test of interest with obsolete or no 
longer commonly used tests should be removed.
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 5. Methods should be revisited: authors are advised to use the latest and most accu-
rate accepted methods, eventually repeating the whole data extraction for all 
studies.

 6. A search for newly published studies should be started, taking into account the 
new inclusion criteria and aims of the update; thus, search strategies may vary 
compared to the previous version of the review.

 7. A clear description of novelties, in terms of search strategy or methods, must be 
provided and well-documented to assure replicability. Moreover, given that 
newly included studies can partially or radically change the overall conclusions 
of the review, it is crucial to clearly and attractively present the new findings, 
highlighting and discussing the differences compared to the previous edition. 
Users of reviews greatly benefit from a concise and easy-to-read synthesis of 
results and novelties, with possible explanations for changes. A valid choice is to 
use a stand-alone concise summary composed mainly of tables and figures pro-
viding a full report with a detailed description of all data and results, especially 
for those who need more accurate information on the topic [18].

 8. Updating can be conducted manually; however this is both time-consuming and 
poorly efficient; various technological innovations have been developed to 
increase both the rapidity and efficacy of an update [4]. The implementation of 
the speed and rapidity of the update process through the already-existing and the 
underdevelopment tools aims to allow, in a near future, the real-time update of 
knowledge with the results from new studies [4, 19].

15.5  Case Study

In order to assess the impact of updating DTA SRs, we searched Cochrane reviews 
reporting the terms “accuracy” or “sensitivity” or “specificity” in the title or abstract 
and labeled as updated by a “new search” in the Cochrane Library (Table 15.1). We 
found four SRs which fulfilled these requirements:

 1. Galactomannan detection for invasive aspergillosis in immunocompromised 
patients [20, 21]

 2. Optical coherence tomography (OCT) for detection of macular edema in patients 
with diabetic retinopathy [22, 23]

 3. The diagnostic accuracy of the GenoType® MTBDRsl assay for the detection of 
resistance to second-line antituberculosis drugs [24, 25]

 4. Diagnostic accuracy of laparoscopy following computed tomography (CT) scan-
ning for assessing the resectability with curative intent in pancreatic and periam-
pullary cancer [26, 27]

We assessed the following features: months since the original and the updated 
search and number of new studies found; any change in review objectives in the 
main text, including PICO, clinical pathway, and test role; conclusions as presented 
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Table 15.1 Comparison of four SRs and their corresponding updates published in the Cochrane 
Library

First version of SR Update of SR

Title of first version: Galactomannan Detection for Invasive Aspergillosis in 
Immunocompromised Patients [20, 21]
Years August 2005–April 2007 February 2014
N. studies 42 (of whom 30 included in the meta- analysis), 

6792 subjects
54 (of whom 50 included in 
the meta-analysis), 8305 
subjects

Objectives Assess the diagnostic accuracy of galactomannan 
detection in serum for the diagnosis of invasive 
aspergillosis in immunocompromised patients, at 
different cutoff values for test positivity

Same

Pathway There is substantial variation in the way the 
galactomannan ELISA is currently used in the 
clinic:
  – Some clinicians do not use it at all
  – Others use the galactomannan ELISA as a 

screening tool, to monitor whether patients 
at risk develop invasive aspergillosis (IA) or 
not. In those cases, serum is tested for IA 
once or twice every week

  – Sometimes the galactomannan ELISA is 
used to test for IA in BAL fluid when IA is 
already suspected, and in those situations, 
the test is only used in serum when there is 
no BAL fluid

  – In most situations, the galactomannan 
ELISA is used as a triage test: if the ELISA 
is positive, patients will be referred for 
further diagnostic testing

  – The test is also used in the definition of 
proven, probable, or possible IA or as final 
decision-making tool to start antifungal 
therapy

Same
In addition: further 
diagnostic testing may 
involve either laboratory 
testing of BAL fluid, CT 
scanning or radiography, or a 
combination of tests. Patients 
may also be referred for 
further diagnostic work-up 
on the basis of clinical signs 
and symptoms

Index Two commercially available assays for the 
detection of galactomannan:
  – The Pastorex© latex agglutination test: 

rarely used
  – The Platelia© sandwich ELISA test: mostly 

used for the detection of antigen in serum 
and in fluid that is obtained via 
bronchoalveolar lavage (BAL). Other 
specimens in which the test can also be 
used are cerebrospinal fluid (CSF) or urine

The SR focused on the ELISA test in serum

Same

(continued)
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Table 15.1 (continued)

First version of SR Update of SR

Reference The following reference standards can be used to 
define the target condition:
  – Autopsy (gold standard combined with a 

positive culture of Aspergillus species from 
the autopsy specimens or with 
histopathological evidence of Aspergillus; 
however autopsy is rarely reported)

  – The criteria of the EORTC/MSG (reference 
standard in the SR)

  – The demonstration of hyphal invasion in 
biopsies, combined with a positive culture 
for Aspergillus species from the same 
specimens

The criteria of the EORTC/MSG divide the patient 
population into four categories: patients with 
proven IA, patients who probably have IA, 
patients who possibly have IA, and patients 
without IA
Clinical studies have shown that these criteria do 
not match autopsy results perfectly. This is 
especially true for the possible category. For 
clinical trials investigating the effect of treatment, 
for example, it is recommended that only the 
proven and probable categories are used

Same
In addition: the exclusion of 
patients with “possible” 
invasive aspergillosis, which 
can be regarded as group of 
“difficult or atypical” 
patients, is likely to affect the 
observed diagnostic accuracy 
of a test. Also, the exclusion 
of any other of the reference 
standard groups may affect 
the accuracy of the index test. 
We therefore excluded 
studies explicitly excluding 
one of the four categories of 
patients from the review, as 
well as studies in which it is 
not clear how many patients 
with proven, probable, 
possible, or no invasive 
aspergillosis had positive or 
negative index test results

Heterogeneity Three sources of heterogeneity: effect of cutoff 
value, effect of the reference standard, and 
existence of clinical subgroups

Same

Conclusions 
(taken from the 
Abstract)

Using the test at a cutoff value 0.5 ODI in a 
population with a disease prevalence of 8% 
(overall median prevalence):
  – Sensitivity 78%, 22% false negatives
  – Specificity of 81%, 19% false negatives
Using the test at cutoff value 1.5 in the same 
population:
  – Sensitivity 64%, 36% false negatives
  – Specificity of 95%, 5% false negatives
These numbers should however be interpreted 
with caution, because the results were very 
heterogeneous

Using the test at a cutoff 
value 0.5 ODI in a population 
with a disease prevalence of 
9% (overall median 
prevalence):
  – Sensitivity 82%, 18% 

false negatives
  – Specificity 81%, 19% 

false negatives
Using the test at cutoff value 

1.5 in the same 
population:

  – Sensitivity 61%, 39% 
false negatives

  – Specificity 93%, 7% 
false negatives

These numbers should, 
however, be interpreted with 
caution because the results 
were very heterogeneous
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Table 15.1 (continued)

(continued)

First version of SR Update of SR

Bias QUADAS QUADAS 2
Summary of 
findings (SoF)

Yes Yes

Title of first version: Optical Coherence Tomography (OCT) for Detection of Macular Oedema 
in Patients with Diabetic Retinopathy [22, 23]
Years May 2011 June 2013
N. studies 9, 768 subjects, 1325 eyes 10, 830 subjects, 1387 eyes
Objective To determine the diagnostic accuracy of OCT for 

detecting diabetic macular edema (DMO) and 
clinically significant macular edema (CSMO), 
defined according to ETDRS 1985

To determine the diagnostic 
accuracy of OCT for 
detecting DMO and clinically 
significant macular edema 
(CSMO), defined according 
to ETDRS 1985, in patients 
referred to ophthalmologists 
after DR is detected. In the 
update of this review, we also 
aimed to assess whether OCT 
might be considered the new 
reference standard for 
detecting DMO

Pathway and 
role

Measurements of retinal thickness may be 
obtained directly from the tomograms either by 
manually measuring the distance between the 
inner and outer retinal boundaries or by using 
computer image- processing techniques
OCT is increasingly used for detecting macular 
edema in people with DR because it is an objective 
and reliable tool. Furthermore, OCT allows a 
quantitative follow-up of the effects of treatment. 
However, purchasing an OCT machine is costly, 
and personnel are needed to use it
OCT is unlikely to be used by primary care 
professionals as a triage test to detect DMO; OCT 
is mainly used by secondary care professionals to 
further investigate patients who are suspected of 
having macular edema. As such it would be used 
by an ophthalmologist as an add-on test, to assess 
the need for laser treatment by recording macular 
thickness

In the updated version of this 
review, we acknowledge that 
the clinical pathway of 
patients with DMO is unclear 
and probably dependent on 
the country and setting. Thus, 
the applicability of the results 
of the review will depend on 
patient selection in included 
studies, such as inclusion 
criteria and results of prior 
testing
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Table 15.1 (continued)

First version of SR Update of SR

Index The index test was OCT, regardless of the 
generation of development of the instrument 
(low- or high-resolution, three-dimensional, or 
spectral-domain OCTs)

The index test was OCT, 
regardless of the generation 
development of the 
instrument (low- or 
high-resolution, three- 
dimensional, or spectral- 
domain OCTs). Despite the 
fact that retinal thickness 
measurements with OCT 
have been compared to those 
obtained with the retinal 
thickness analyzer in at least 
one study, based on their best 
knowledge, authors believed 
that such a comparison is no 
longer of interest given the 
dominant use of OCT 
devices. Authors were not 
aware of any other 
instruments that can be 
compared to OCT

Reference In the ETDRS study, DMO was defined on the 
basis of stereoscopic fundus photography (ETDRS 
1985). This technique is complicated and difficult 
to use in a clinical setting. It was replaced by 
contact fundus biomicroscopy, which was found to 
be in close agreement with stereophotography, 
particularly for CSMO. Noncontact fundus 
biomicroscopy is more commonly used, since 
sophisticated fundus lenses have been proposed 
for binocular fundus observation during the past 
two decades, yet it has been shown to be slightly 
less sensitive than contact fundus biomicroscopy
Finally, valid reference tests considered in this 
review were stereoscopic fundus photography and 
contact lens or noncontact lens biomicroscopy of 
the fundus

Same
In addition:
In the update of this review, 
authors acknowledge that 
OCT is increasingly thought 
of as a new reference 
standard for DMO and will 
not update the review further
Although the American 
Academy of 
Ophthalmology’s Preferred
Practice Patterns (AAO PPP 
2012) still considers clinical 
examination as the current 
recommendation for routine 
diagnosis of DMO, Schneider 
(2013) found that the use of 
OCT has greatly increased 
for patients with neovascular 
age-related macular 
degeneration or DMO in 
recent years, while that of 
fluorescein angiography or 
fundus photography has 
decreased

E. Lucenteforte et al.



217

Table 15.1 (continued)

First version of SR Update of SR

Heterogeneity Heterogeneity related to retinal thickness cutoff, to 
index test, to reference standard, to characteristics 
of the study population, and to methodological 
study quality items of the QUADAS checklist

Same

Conclusions Central retinal thickness measured with OCT 
cannot be used as a stand-alone test to diagnose 
the central type of CSMO and decide on the use of 
laser photocoagulation in patients who are referred 
to retina clinics. In fact, there is a substantial 
disagreement of OCT with the ETDRS definition 
of CSMO based on clinical examination. Some 
researchers have observed that OCT can detect 
macular thickening earlier than clinical 
examination but also found that such cases did not 
necessarily progress to CSMO and need 
photocoagulation
Care should be taken in applying the conclusions 
of this review to other test-treatment pathways. In 
fact, OCT will become an essential tool to manage 
antiangiogenic therapy, an expanding therapeutic 
option for patients with macular edema due to DR, 
because OCT is a component of the diagnostic 
algorithms of studies on this new treatment

Using retinal thickness 
thresholds lower than 300 μm 
and ophthalmologist’s fundus 
assessment as reference 
standard, central retinal 
thickness measured with 
OCT was not sufficiently 
accurate to diagnose the 
central type of CSMO in 
patients with DR referred to 
retina clinics. However, at 
least OCT false positives are 
generally cases of subclinical 
DMO that cannot be detected 
clinically but still suffer from 
increased risk of disease 
progression. Therefore, the 
increasing availability of 
OCT devices, together with 
their precision and the ability 
to inform on retinal layer 
structure, now makes OCT 
widely recognized as the new 
reference standard for 
assessment of DMO, even in 
some screening settings. 
Thus, this review will not be 
updated further

Bias QUADAS QUADAS 2
SoF Yes Yes
Title of first version: The Diagnostic Accuracy of the Genotype® MTBDRsl Assay for the 
Detection of Resistance to Second-Line Anti-tuberculosis Drugs [24, 25]
Years January 2014 September 2015
N. studies 21 27

(continued)
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Table 15.1 (continued)

First version of SR Update of SR

Objective and 
role

  • Primary objectives:
   –  To assess and compare the diagnostic 

accuracy of MTBDRsl for the detection 
of resistance to fluoroquinolones (FQs) 
in patient specimens (using direct 
testing) and culture isolates (using 
indirect testing) confirmed as 
tuberculosis (TB) positive

   –  To assess and compare the diagnostic 
accuracy of MTBDRsl for the detection 
of resistance to second-line injectable 
drugs (SLIDs) in patient specimens 
(using direct testing) and culture isolates 
(using indirect testing) confirmed as TB 
positive

   –  To assess and compare the diagnostic 
accuracy of MTBDRsl for the detection 
of extensively drug-resistant TB 
(XDR-TB) in patient specimens (using 
direct testing) and culture isolates (using 
indirect testing) confirmed as TB 
positive

  •  Secondary objectives:
   –  To investigate heterogeneity in relation 

to the reference standard (culture-based 
drug susceptibility testing (DST) 
compared with:

      1. Genetic sequencing
      2.  Culture-based DST and genetic 

sequencing
      3.  Culture-based DST followed by 

genetic sequencing with discordant 
results) and individual drugs within 
a drug class (e.g., ofloxacin and 
moxifloxacin within the FQ class)

Authors also prespecified in the protocol 
investigations of heterogeneity in relation to HIV 
status, condition of the specimens (fresh or frozen, 
volume of specimen), patient population (patients 
suspected of having MDR-TB or XDR-TB), and 
whether WHO-recommended critical drug 
concentrations were used for culture-based 
reference testing

  •  Primary objectives:
Same
In addition: the populations 
of interest were people with 
MDR-TB or rifampicin- 
resistant TB, which is 
considered a proxy for 
MDRTB in high-burden 
settings
  • Secondary objectives:
Same
In addition:
Subsequent to the published 
protocol, we added an 
investigation of heterogeneity 
in relation to microscopy 
smear grade
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(continued)

Table 15.1 (continued)

First version of SR Update of SR

Pathway Depending on the setting, DST is either performed 
on all patients with confirmed TB or only on 
patients who are clinically suspected of having 
DR-TB (e.g., if the patient’s symptoms have failed 
to improve on first-line therapy or if they still have 
viable bacilli in their sputum after an extended 
period of treatment). As mentioned above, the 
manufacturer recommends that if the patient 
specimen (usually sputum) is smear positive, the 
assay be performed directly on the specimen 
(direct testing). If smear negative, it is 
recommended that the assay be performed on the 
culture isolate grown from the patient specimen 
(indirect testing). DST for resistance to the 
second-line drugs is only performed if resistance 
to the first-line drugs is confirmed. Where routine 
molecular (genotypic) testing is well established, 
phenotypic DST is not usually performed. 
However, authors expected research studies 
evaluating the accuracy of molecular DSTs, such 
as the MTBDRsl assay, to almost always include 
phenotypic DST as a reference standard. 
Furthermore, authors also expected some studies 
to use genetic sequencing to resolve any 
discordant index test-reference standard results

Depending on the setting, 
DST is either performed on 
all patients with confirmed 
TB or on patients who are 
clinically suspected of having 
drug-resistant TB (e.g., if the 
patients’ symptoms have 
failed to improve on first-line 
therapy or if they still have 
M. tuberculosis bacilli in 
their sputum after an 
extended period of treatment)
DST for resistance to the 
second-line drugs is usually 
only performed if resistance 
to the first-line drugs is 
confirmed. Specifically, a 
patient with suspected 
drug-resistant TB provides a 
specimen (usually sputum), 
which is examined by smear 
microscopy. If smear 
positive, MTBDRsl version 
1.0 or version 2.0 can be 
performed directly on the 
specimen. If smear negative, 
MTBDRsl version 1.0 should 
not be performed directly on 
the specimen but rather on 
the culture isolate. MTBDRsl 
version 2.0 may be 
performed directly on a 
smear-negative specimen. A 
molecular test for first-line 
drug resistance (e.g., the 
MTBDRplus assay) may be 
performed prior to testing 
with MTBDRsl if resistance 
to the first-line drugs is yet to 
be confirmed. Phenotypic 
DST may still be performed 
on culture-positive isolates

15 Updating Diagnostic Test Accuracy Systematic Reviews



220

Table 15.1 (continued)

First version of SR Update of SR

Comment This updated systematic 
review summarizes the 
current literature and 
includes 27 studies and 
integrates six new studies: 
five new studies for 
MTBDRsl version 1.0 
identified since the original 
Cochrane review and one 
study for MTBDRsl version 
2.0. For MTBDRsl version 
1.0, the findings in this 
updated review are consistent 
with those reported in the 
previous version of the 
review

Index Studies that evaluated the MTBDRsl assay were 
included
MTBDRsl would be used as an initial test 
replacing phenotypic culture-based DST as the 
initial test

The index test was MTBDRsl 
version 1.0 or version 2.0
Comment: one study on 
version 2.0
The role of MTBDRsl would 
be as the initial test, replacing 
culture-based DST, for 
detecting second-line drug 
resistance

Reference   1.  Phenotypic culture-based DST: solid 
culture or a commercial liquid culture 
system (BACTEC 460, MGIT 960, and 
MGIT manual system, Becton Dickinson, 
USA) incorporating the drug of interest. It 
is the conventional reference standard, but 
it is considered to be imperfect and is 
dependent on the drug concentration 
threshold used to define resistance

  2.  Genetic sequencing of the gyrA or rrs genes 
or both. Genetic sequencing is considered 
to be more accurate than phenotypic 
culture-based DST; however, this is only if 
it targets all known resistance-determining 
regions, which are not completely defined 
for the FQs and the SLIDs. Therefore, 
genetic sequencing can miss mutations that 
may cause drug resistance which fall 
outside of the targeted genes. Furthermore, 
genetic sequencing is usually applied only 
to culture isolates when results for the index 
test and the culture-based reference test do 
not agree. In this latter situation, there is 
potential for verification bias because the 
same reference standard is not being used 
to verify all index test results

  1. Same
  2.  Sequencing of the 

gyrA or rrs genes 
(MTBDRsl version 
1.0) or additionally the 
gyrB and eis promoter 
regions (MTBDRsl 
version 2.0). 
Sequencing is 
considered to be more 
accurate than 
culture-based DST; 
however, this is only if 
it targets all known 
resistance-determining 
regions, which are not 
fully known for the 
FQs and the SLIDs. 
Therefore, targeted 
sequencing may miss 
mutations that cause 
drug resistance

  3. Same
  4. Same
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Table 15.1 (continued)

First version of SR Update of SR

  3.  Two reference standards used together: 
phenotypic culture-based DST and genetic 
sequencing of the same samples. If a 
specimen was resistant according to 
phenotypic culture-based DST or had a 
mutation in the gyrA or rrs genes, the 
specimen was classified as having the target 
condition. If both phenotypic culture-based 
DST and genetic sequencing indicated 
susceptibility, the specimen was classified 
as not having the target condition

  4.  Two reference standards used sequentially: 
phenotypic culture-based DST followed by 
selective testing by genetic sequencing of 
samples with discordant results (also 
referred to as discrepant analysis). 
Discordant results may be either index test 
positive/phenotypic culture-based DST 
negative or index test negative/phenotypic 
culture-based DST positive

Heterogeneity Within each stratum (e.g., SLID resistance), 
heterogeneity was investigated through visual 
examination of forest plots of sensitivity and 
specificity. Then, if sufficient studies were 
available, we explored the possible influence of 
the following prespecified
categorical covariates:
  –  Reference standard (culture, genetic 

sequencing, culture and genetic sequencing, 
culture followed by genetic sequencing)

  –  Individual drug (amikacin, kanamycin, and 
capreomycin)

Within each stratum (e.g., 
SLID resistance), 
heterogeneity was 
investigated through visual 
examination of forest plots of 
sensitivity and specificity. 
Then, if sufficient studies 
were available, we explored 
the possible influence of the 
following prespecified  
categorical covariates:
  –  Reference standard 

(culture, genetic 
sequencing, culture 
and genetic 
sequencing, culture 
followed by genetic 
sequencing)

  –  Resistance to the 
following drugs: 
ofloxacin, 
moxifloxacin, 
levofloxacin, 
gatifloxacin, amikacin, 
kanamycin, and 
capreomycin

  –  Drug concentration 
used for culture-based 
DST

In addition, for this updated 
review, authors added an 
investigation of heterogeneity 
in relation to microscopy 
smear grade

(continued)
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First version of SR Update of SR

Conclusions 
(from the 
Abstract)

  –  A positive MTBDRsl result for resistance to 
the fluoroquinolone drugs or the second-line 
injectable drugs is reliable evidence that the 
person has drug-resistant TB and further 
conventional drug-resistance testing is not 
required

  –  However, when the test reports a negative 
result, clinicians may still wish to carry out 
conventional testing

  –  In people with 
rifampicin-resistant or 
multidrug-resistant 
tuberculosis, 
MTBDRsl performed 
on a culture isolate or 
smear-positive 
specimen may be 
useful in detecting 
second-line drug 
resistance. MTBDRsl 
(smear-positive 
specimen) correctly 
classified around six in 
seven people as having 
fluoroquinolone or 
SLID resistance, 
although the sensitivity 
estimates for SLID 
resistance varied

  –  However, when 
second-line drug 
resistance is not 
detected (MTBDRsl 
result is negative), 
conventional DST can 
still be used to evaluate 
patients for resistance 
to the fluoroquinolones 
or SLIDs

  –  Authors recommend 
that future work 
evaluate MTBDRsl 
version 2.0, in 
particular on 
smear-negative 
specimens and in 
different settings to 
account for different 
resistance-causing 
mutations that may 
vary by strain

  –  Researchers should 
also consider 
incorporating 
WHO-recommended 
critical concentrations 
into their culture-based 
reference standards

Table 15.1 (continued)
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(continued)

First version of SR Update of SR

Bias QUADAS 2 QUADAS 2
SoF Yes Yes
Title of first version: Diagnostic Accuracy of Laparoscopy Following Computed Tomography 
(CT) Scanning for Assessing the Resectability with Curative Intent in Pancreatic and 
Periampullary Cancer 1 [26, 27]
Years September 2012 May 2016
N. studies 15, 1015 subjects 16, 1146 subjects
Objectives   • Primary objective:

   –   To determine the diagnostic accuracy 
of diagnostic laparoscopy performed as 
an add-on test to CT scanning in the 
assessment of curative resectability in 
pancreatic and periampullary cancer

  • Secondary objective:
Authors planned to explore the following sources 
of heterogeneity:
   1.  Studies at low risk of bias versus those at 

unclear or high risk of bias
   2. Full-text publications versus abstracts
   3.  Prospective studies versus retrospective 

studies
   4.  Proportion of patients with pancreatic 

cancer, ampullary cancer, and bile duct 
cancers

   5.  Procedures performed under the same 
anesthetic versus

       procedures performed under a different 
anesthetic

   6.  Different definitions for resectable cancer 
on laparotomy

   7.  Additional pretests performed (besides 
CT scan)

Same

Pathway There is no standard algorithm currently available 
for assessing the resectability of pancreatic and 
periampullary cancers, with different clinicians 
following their own algorithms based on either 
their clinical experience or what they were taught. 
Currently, almost all algorithms include a CT scan 
as one of the tests. CT may be the only test 
performed before laparotomy. Other tests such as 
diagnostic laparoscopy, positron-emission 
tomography (PET scanning), magnetic resonance 
imaging (MRI), or endoscopic ultrasound (EUS) 
may be used in addition to CT scan to assess 
resectability

Same

Table 15.1 (continued)

15 Updating Diagnostic Test Accuracy Systematic Reviews



224

First version of SR Update of SR

Index Only diagnostic laparoscopy, in which 
histopathological confirmation of metastatic 
spread was obtained on a paraffin section, was 
included
Diagnostic laparoscopy can be considered as an 
add-on test to the CT scan prior to laparotomy 
done with the intention of performing a potentially 
curative resection

Same

Reference Confirmation of liver or peritoneal involvement by 
histopathological examination of suspicious (liver 
or peritoneal) lesions obtained at diagnostic 
laparoscopy or laparotomy. Authors accepted only 
paraffin section histology as the reference 
standard. In clinical practice, depending on the 
urgency of the results, a frozen section biopsy may 
be done to obtain immediate results. However, this 
is always confirmed by subsequent paraffin section 
histology (which can take several days) because 
frozen section biopsy is not as reliable as paraffin 
section histology. Authors also accepted the 
surgeon’s judgment of unresectability at 
laparotomy when biopsy confirmation was not 
possible. For example, if the tumor has invaded the 
adjacent blood vessels, the surgeon may not resect 
the tumor because of the danger posed by 
resecting part of a large blood vessel, and so 
biopsy confirmation cannot be obtained

Same

Heterogeneity Authors planned to explore heterogeneity by using 
the different sources of heterogeneity as 
covariate(s) in the regression model. However, this 
was not possible because the information was 
either not available or was the same in all the 
studies

Same

Conclusions 
(taken from the 
Abstract)

Diagnostic laparoscopy may decrease the rate of 
unnecessary laparotomy in patients with 
pancreatic and periampullary cancer found to have 
resectable disease on CT scan. On average, using 
diagnostic laparoscopy with biopsy and 
histopathological confirmation of suspicious 
lesions prior to laparotomy would avoid 23 
unnecessary laparotomies in 100 patients in whom 
resection of cancer with curative intent is planned

Diagnostic laparoscopy may 
decrease the rate of 
unnecessary laparotomy in 
people with pancreatic and 
periampullary cancer found 
to have resectable disease on 
CT scan. On average, using 
diagnostic laparoscopy with 
biopsy and histopathological 
confirmation of suspicious 
lesions prior to laparotomy 
would avoid 21 unnecessary 
laparotomies in 100 people in 
whom resection of cancer 
with curative intent is 
planned

Bias QUADAS 2 QUADAS 2
SoF Yes Yes

Table 15.1 (continued)
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in the Abstract and implications for practice and research in the main text; and 
methodological tools used as risk of bias tool and summary of findings (SoF) table.

The number of studies increased from 30 to 54 in 78 months [20, 21], from 9 to 
10 in 37 months [22, 23], from 21 to 27 in 18 months [24, 25], and from 15 to 16 in 
32 months [26, 27].

The review objectives in the main text were unchanged or rephrased with no 
substantive change, in three reviews, while Virgili (2015) [23] added details on the 
clinical pathway and the potential for the index test to replace the reference stan-
dard. Regarding PICO components, all reviews were unchanged in terms of index 
and reference tests, but two reviews [23, 25] noticed that different index test ver-
sions were available. The test role was explicit in Allen (2013) and Allen (2016) [26, 
27] (replacement), while other reviews referred more generically to estimating 
accuracy with no explicit role.

Regarding the main conclusions presented in the Abstract, Leeflang (2008) and 
Leeflang (2015) [20, 21] used this section to present absolute frequencies of test 
performance, and Allen (2013) and Allen (2014) were also unchanged with minimal 
rephrasing. On the other hand, Theron (2014) and Theron (2016) [24, 25] used very 
different wording, suggesting a change in the clinical interpretation of results. This 
was also the case for Virgili (2011) and Virgili (2014) [22, 23] who discussed dis-
cordances between the index and reference tests in support of the widely accepted 
dominance of the index test in modern clinical practice.

An update from QUADAS to QUADAS 2 was conducted in three reviews, and a 
summary of results or summary of findings table was present in all reviews.

This survey of four updated Cochrane DTA reviews suggests no explicit reason 
for updating was used apart from time since the publication of the original version, 
except when a change of the index test role was expected. The number of new stud-
ies in the update was quite variable, probably reflecting different phases and impor-
tance of the test development with respect to the clinical question made in the 
review. Updating methodological tools, such as for QUADAS checklist version, 
was the main structural change to the review methodology.

 Conclusion
Updates of DTA SR are a precious instrument for clinical practice as well as 
regulatory aspects, supporting the decision-making approach based on current 
scientific evidence. Despite their high value, up to now, only a few updates of 
DTA SR have been published. However, considering that the majority of DTA 
studies of current relevance have been conducted in the most recent years, the 
number of SR will probably increase significantly in the near future as new evi-
dence becomes available.
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Diagnostic Meta-Analysis: Case Study 
in Endocrinology

Kosma Wolinski

16.1  Introduction

The case study in endocrinology is overview of meta-analyses assessing the methods 
of differential diagnostics of benign and malignant thyroid lesions. Thyroid nodular 
goiter is a very common endocrine pathology, according to some studies present even 
in over a half of adult population. The risk of malignancy is assessed to be about 5%, 
so relatively small, however noticeable [1]. Differentiation between the lesions being at 
high risk of malignancy needing surgical treatment and benign ones is crucial. The 
main diagnostic tools are ultrasonography and fine-needle biopsy of selected nodules.

16.2  The Case Study 1: Comparison of the Diagnostic Value 
of Core-Needle and Fine-Needle Aspiration Biopsies 
of Thyroid Lesions

This chapter is based on the study “Comparison of diagnostic yield of core-needle 
and fine-needle aspiration biopsies of thyroid lesions: Systematic review and meta- 
analysis” [2].

16.2.1  Background

The cytological assessment of specimens obtained in fine-needle aspiration biopsy 
(FNAB) remains the most important tool in the diagnostics of sonographically suspi-
cious thyroid lesions and presurgical assessment of the character of the lesions. Most 
important limitation of the method is significant proportion of nondiagnostic results. 
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According to numerous studies, 10–20% of biopsies gain nondiagnostic results [3–6]. 
Furthermore, lesions with the nondiagnostic result of the initial FNAB are at a very 
high risk of repetitive nondiagnostic result [7]. These diagnostic difficulties can lead 
on one hand to unnecessary thyroidectomies in patients with lesions finally diagnosed 
as benign and on the other hand to the delay of treatment in patients with thyroid 
malignancies. One of investigated ways to improve the cytological diagnosis is biopsy 
with the use of core needles (core needle biopsy (CNB))—needles with larger diam-
eter, containing the inner stylet which can be removed just in the nodule. On the other 
hand, the larger diameter also favors the aspiration of liquids being under high pres-
sure, such as blood in the arteries or liquid contained in cystic components of the 
lesions [7, 8]. Results of particular studies were discrepant, and CNB does not estab-
lish place in the guidelines concerning diagnostic of thyroid cancer [10].

16.2.2  Methods

The following databases had been searched: PubMed/MEDLINE, Cochrane Library, 
Scopus, Cinahl, Academic Search Complete, Web of Knowledge, PubMed Central, 
PubMed Central Canada, and ClinicalKey. The databases had been searched by two 
researchers independently. The search term was ((“core-needle”) or (core and nee-
dle)) and thyroid. We have limited our search to studies written in English and 
published between January 2001 and December 2014.

16.2.2.1  Inclusion and Exclusion Criteria
The most important criterion for the inclusion was comparison of the diagnostic 
effectiveness of FNAB and CNB; we have accepted papers with the studied group 
composed of subjects who underwent CNB and control group undergoing FNAB, 
as well as the studies in which FNAB and CNB were performed simultaneously in 
the same thyroid lesions (if percentage of diagnostic FNABs and CNBs was given 
separately). Another criterion was sonographic guidance of both types of biopsies. 
Exclusion criteria included studies concerned on characteristic types of thyroid 
lesions (e.g., follicular tumors only). All included studies were assessed using 
Newcastle-Ottawa scale. Studies on the topic of effectiveness of CNB but not meet-
ing all criteria (e.g., without control group or comparing simultaneous FNAB + CNB 
versus the FNAB itself) were collected in separate table as part of broader system-
atic review of the studies.

16.2.2.2  The Data Synthesis
Results of the biopsy described as nondiagnostic or—in newer studies—Bethesda 
category I [3] were interpreted as nondiagnostic. Biopsies with different, particular 
cytological diagnoses (older studies) or Bethesda categories II–VI were interpreted 
as diagnostic including categories III and IV, which are inconclusive results in con-
text of differentiation between benign and malignant lesions but assessed as ade-
quate for cytological assessment—so apart from the clinical doubts, the quality of 
obtained sample is satisfying.

Risk ratios (RRs) of nondiagnostic result were meta-analyzed using random- 
effect model. Publication bias was assessed using Kendall’s tau. We decided to 
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perform the quantitative synthesis in steps—initially to meta-analyze results of all 
included studies comparing the percentage of nondiagnostic FNABs and CNBs and 
then to perform some analyses in subgroups—e.g., nodules with one previous non-
diagnostic of FNAB.

16.2.3  Results

Eleven studies were included to the quantitative synthesis [7, 11–20]. Steps of lit-
erature selection are shown at Fig. 16.1; studies included to the meta-analysis are 
summarized in Table 16.1.

391 papers generated by
literature search;

335 papers after duplicates
removed;

90 studies;

19 full texts reviewed

17 studies
included

2 studies excluded-
describing biopsy of neck
masses, describing
alternative biopsy
techniques;

6 studies without control
group, with unclear inclusion
criteria etc. - included to the
systematic review;

11 studies included to
quantitative synthesis

71 excluded - abstract
suggested not
appriopriate;

245 excluded - title
suggested not
appriopriate;

Fig. 16.1 Flowchart 
presenting steps of literature 
search and selection. Adapted 
from: Wolinski K et al. 
Comparison of diagnostic 
yield of core-needle and 
fine-needle aspiration 
biopsies of thyroid lesions: 
Systematic review and 
meta-analysis. Eur Radiol. 
2017; 27: 431–436
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The pooled RR of gaining the nondiagnostic result using CNB was 0.27 with 
95% confidence interval (CI) 0.16–0.46 (p < 0.0001). There was no evidence for 
publication bias (Kendall’s tau = −0.24, two-tailed p-value = 0.31); however, het-
erogeneity was significant (Q = 85.3, df = 10, i2 = 88.3%, p < 0.0001). The forest 
plot for all studies is shown in Fig. 16.2.

Seven studies focused on lesions with one previous nondiagnostic result of 
FNAB [7, 13–19]. The pooled RR of gaining nondiagnostic result using CNB was 
0.22 (95% CI 0.10–0.45, p = 0.0001). There is no evidence for publication bias 
(Kendall’s tau = −0.33, two-tailed p-value = 0.29); however, heterogeneity was sig-
nificant (Q = 47.5, df = 6, i2 = 87.37%, p < 0.0001). The forest plot is shown on 
Fig. 16.3.

Four studies from the same territory (South Korea) were performed with very 
similar methodology [13–15, 18]. Lesions with one previous nondiagnostic FNAB 
were included; in all studies, the same system for CNB was used. For these studies 
pooled RR was 0.05 (95% CI 0.02–0.10, p  <  0.0001), without publication bias 
(Kendall’s tau = 0.0, two-tailed p-value = 1.0) nor significant heterogeneity (Q = 1.2, 
df = 3, i2 = 0.0%, p = 0.76).

Study

Chen et al.

Choi et al.

Lee et al.

Stangierski et al.

Na et al.

Samir et al.

Sung et al.

Park et al.

Renshaw et al.

Strauss et al.

Karstrup et al.

Pool result

RR 5%CI 95% CI p-value

0.06 (0.03 0.14) 0.0000

0.03 (0.01 0.11) 0.0000

0.07 (0.02 0.22) 0.0000

0.88 (0.54 1.43) 0.6103

0.06 (0.01 0.40) 0.0043

0.44 (0.29 0.67) 0.0001

0.24 (0.11 0.50) 0.0002

0.04 (0.01 0.27) 0.0010

0.60 (0.46 0.78) 0.0002

0.64 (0.49 0.84) 0.0012

4.50 (1.00 20.15) 0.0493

0.27 (0.16 0.46) 0.0000

0.005 0.02
0.01 0.05 0.2 1 5 20

0.1 0.5 2 10

Fig. 16.2 Forest plot presenting particular and pool results of the studies comparing the diagnos-
tic effectiveness of core- and fine-needle aspiration biopsies. Adapted from: Wolinski K et  al. 
Comparison of diagnostic yield of core-needle and fine-needle aspiration biopsies of thyroid 
lesions: Systematic review and meta-analysis. Eur Radiol. 2017; 27: 431–436
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16.2.4  Discussion

The study aimed to evaluate the risk of nondiagnostic result using FNAB and 
CNB. According to the results, CNB brings significantly lower risk of such results 
with RR equal to 0.27. What is more, in case of the lesions with one previous non-
diagnostic result of FNAB, the RR of repeating the result is even lower (0.22).

It is worth to notice that in fact the term “core needle biopsy” describes rather the 
family of similar techniques than one unified procedure; there is a great variety of 
equipment used in case of the technique—from quite simple needles which differ 
from conventional fine needles according to larger diameter and presence of remov-
able inner stylet [7] to more sophisticated, but also invasive, automatic biopsy guns 
[13, 14]. Secondly, apart from the construction, core needles and also fine needles 
used in particular included studies differed regarding the diameter. For example, 
Stangierski et al. [7] used 22 G and 25 G needles, respectively, Samir et al. [16] used 
20 G and 25 G needles respectively, and Lee et al. [14] used 18 G core needles; 
details about fine needles were not given. In consequence, the significant heteroge-
neity of the meta-analysis of all included studies is not surprising. Sub-analyses 
limited to studies performed with similar methodology brought more homogenous 
outcomes.

Study

Choi et al.

Lee et al.

Stangierski et al.

Na et al.

Samir et al.

Park et al.

Strauss et al.

Pool result

RR 5%CI 95% CI p-value

0.03 (0.01 0.11) 0.0000

0.07 (0.02 0.22) 0.0000

0.88 (0.54 1.43) 0.6103

0.06 (0.01 0.40) 0.0043

0.55 (0.34 0.87) 0.0110

0.04 (0.01 0.27) 0.0010

0.64 (0.49 0.84) 0.0012

0.22 (0.10 0.45) 0.0001

0.005 0.02

0.01 0.05 0.2 1

0.1 0.5 2

Fig. 16.3 Forest plot presenting particular and pool results of studies comparing diagnostic effec-
tiveness of core- and fine-needle aspiration biopsies (FNAB) in lesions with one previous nondiag-
nostic result of FNAB.  Adapted from: Wolinski K et  al. Comparison of diagnostic yield of 
core-needle and fine-needle aspiration biopsies of thyroid lesions: Systematic review and meta- 
analysis. Eur Radiol. 2017; 27: 431–436
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The amount of the available studies is at the moment not sufficient to perform the 
cost-effectiveness analysis and also to include the aspect of pain and patients’ toler-
ability of the procedure in quantitative way. However, the meta-analysis presented 
above constitutes the proof that CNB is a more effective diagnostic method than 
FNAB and should be considered especially in case of thyroid lesions with previous 
nondiagnostic result of FNAB.

16.3  The Case Study 2: Sonographic Markers 
of Malignancy—Report on the Diagnostic 
Meta-Analysis

This chapter is based on the study “Usefulness of different ultrasound features of 
malignancy in predicting the type of thyroid lesions: a meta-analysis of prospective 
studies” [21].

16.3.1  Background

The problem addressed in this study is in fact one step before the issue of biopsy 
described above. Thyroid nodules constitute extremely common problem in every-
day practice of endocrinologists as—according to different studies—they are pres-
ent in 30–70% of the adult population [1]. What is more, numerous patients have 
multinodular goiter where the number of lesions can be high. Due to the relatively 
small risk of malignancy [1, 22], biopsy as—all in all—invasive procedure is not 
needed in every patient with thyroid lesions; on the other hand, in patients with 
multinodular goiter, biopsy of every nodule can be very difficult or just impossible, 
at least during the single visit [10, 23, 24]. Assessment if the biopsy is needed and—
in case of patients with multinodular goiter—which lesions should underwent the 
biopsy and which should be single constitutes a vital issue. Thyroid ultrasonogra-
phy (US) constitutes the most common and reliable method of preliminary diagnos-
tics of thyroid lesions [21, 25]. Numerous sonographic features—so-called 
sonographic markers of malignancy—had been described as characteristic for the 
malignant lesions [21, 24]. The aim of the study was to assess which of the sono-
graphic markers are increasing the risk of malignant character of the lesions and to 
assess the diagnostic value of particular features.

16.3.2  Materials and Methods

The PubMed/MEDLINE and Cochrane Library had been searched. The databases 
had been searched by two researchers independently. The search term was thyroid 
cancer or thyroid nodules and ultrasound or ultrasonography or elastography or 
“power Doppler” or “color Doppler.” We have limited our search to studies written 
in English and published between January 2007 and February 2013.
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16.3.2.1  Inclusion and Exclusion Criteria
Studies comparing the prevalence of sonographic features in benign and malignant 
thyroid nodules were included.

Exclusion criteria:

 – Studies conducted before 2002 and performed with the use of a transducer 
with the frequency of less than 7.5  MHz have been excluded from the 
 quantitative synthesis; the aim of these limitations was to avoid underestima-
tion of the diagnostic value of US malignancy markers, which could result 
from taking into account older studies, performed with lower-quality 
equipment.

 – Researches in which the diagnosis of malignant, or suspicious, nodules was 
based only on cytopathology, without further histopathological examination and 
final differentiation between malignant and benign ones.

 – Studies focusing on particular subgroups of subjects (e.g., surgical or pediatric 
patients only), or particular kinds of nodules (e.g., subcentimeter, palpable, pure 
cystic or mixed, etc.)

16.3.2.2  The Data Synthesis
ORs and RRs were calculated using a random-effect model using Statistica v10 
software with medical package. T2 and i2 values given in Sect. 16.3.3 are based on 
the odds ratio calculations. Quantitative synthesis was performed if at least free 
studies assessing particular marker of malignancy were available. Pooled sensitivi-
ties, specificities, positive (PPV) and negative predictive values (NPV) of particular 
markers of malignancy were calculated using a random-effect model according to 
the methodology described by Borenstein et al. [9].

16.3.3  Results

Fourteen studies had been included to meta-analysis. These studies encompassed 
5439 thyroid lesions—4712 benign nodules and 727 cancers. Steps of literature 
selection are shown on Fig. 16.4. Included studies are summarized in Table 16.2.

16.3.3.1  Calculations for Particular Markers of Malignancy

Microcalcifications
Thirteen of fourteen meta-analyzed studies provided data on the frequency of 
microcalcifications, amounting to 5308 nodules (718 malignant, 13.5%). The 
pooled OR equalled 7.1 (95% confidence interval (CI) 4.3–11.9); RR, 3.8 (95% 
CI 3.0–5.0); sensitivity, 44.1% (95% CI, 37.9–51.3%); and specificity, 75.9% 
(95% CI, 70.3–82.0%). PPV is 42.3% (95% CI 33.6–53.3%). There was no evi-
dence of significant heterogeneity (Q  =  10.3, degrees of freedom (df)  =  12, 
p-value = 0.59, i2 = 0.0%) or publication bias (Kendall’s tau = 0.15, two-tailed 
p-value = 0.46).
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1790 studies generated by the
literature search.

1477 excluded (found in both
databases or tittle suggested

article not appropriate)

313 studies

-59 excluded – abstract
suggest article not
appriopriate;

254 full texts reviewed

240 excluded:
-30 – review articles;
-72 retrospective studies;
-1 – partially the same group of
patients;
-17 - diagnostic ends on
cytopathology or inconclusive
results excluded;
-6 - “raw data” absent -
only results of calulations given;
-2 - started before 2002;
-112 – focused on particular
groups of nodules or patients
(eg. surgical patients, pediatric
patients, subcentimeter nodules,
follicular thyroid carcinomas only,
palpable nodules only, patients
with autoimmune thyroid
diseases etc.)

14 articles included

Fig. 16.4 Flowchart presenting steps of literature search and selection. Adapted from: Woliński K 
et al. Usefulness of different ultrasound features of malignancy in predicting the type of thyroid 
lesions: a meta-analysis of prospective studies. Pol Arch Med Wewn. 2014; 124: 97–104
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Hypoechogenicity
Eleven studies provided data on the frequency of hypoechogenicity (5179 nodules 
including 682 malignant). The pooled OR was 3.2 (95% CI 2.3–4.5); RR, 2.5 (2.0–
3.1); sensitivity, 68.7% (95% CI 58.8–82.6%); and specificity, 60.3% (95% CI 
53.4–68.2%). PPV is 25.2% (95% CI 17.6–36.2%). There was no evidence of sig-
nificant heterogeneity (Q = 16.7, df = 10, p-value = 0.08, i2 = 39.9%) or publication 
bias (Kendall’s tau = 0.35, two-tailed p-value = 0.14).

16.3.3.2  Irregular Margins
Thirteen studies provided data on the frequency of irregular margins (5296 nodules, 
707 malignant). The pooled OR is 7.2 (95% CI 4.5–11.5); RR, 4.1 (95% CI 3.1–
5.5); sensitivity, 45.5% (95% CI 30.9–66.9%); and specificity, 79.6% (95% CI 
71.9–88.2%). PPV is 40.4% (95% CI 29.9–54.7%). There was no evidence of sig-
nificant heterogeneity (Q = 12.9, df = 12, p-value = 0.38, i2 = 7.1%) or publication 
bias (Kendall’s tau = 0.03, two-tailed p-value = 0.90).

Table 16.2 The main characteristics of studies included in meta-analysis

Author Year Patients Mean age (years) Nodules Malignancies
Azizi et al. [31] 2012 706 Women, 48.5; 

men, 47.7
912 86

Bojunga et al. [32] 2012 99 women, 39 
men

52.0 158 21

Rossi et al. [33] 2012 1439 women, 417 
men

52 2421 233

Trimboli et al. [34] 2012 438 women, 138 
men

53.0 498 126

Bhatia et al. [35] 2011 89 patientsa Not given 89 19
Merino et al. [36] 2011 89 women, 14 

men
58 106 10

Ünlütürk et al. 
[37]

2011 157 women, 37 
men

Women, 43.7; 
men, 47.5

237 58

D’Souza et al. [38] 2010 151 women, 49 
men

Not given (range 
8–74)

200 26

Friedrich-Rust 
et al. [39]

2010 37 women, 13 
men

Women, 54; men, 
52

53 7

Gietka-Czernel 
et al. [26]

2010 42 women, 10 
men

45 71 22

Yunus et al. [40] 2010 58 women, 8 men Not given (range 
18–75)

78 25

Asteria et al. [27] 2008 54 women, 12 
men

Women, 51.3; 
men, 60.5

86 17

Brunese et al. [41] 2008 264 women, 79 
men

41.2 479 66

Rubaltelli et al. 
[42]

2008 25 women, 15 
men

55 51 11

Adapted from: Woliński K et al. Usefulness of different ultrasound features of malignancy in pre-
dicting the type of thyroid lesions: a meta-analysis of prospective studies. Pol Arch Med Wewn. 
2014; 124: 97–104
aAfter exclusion of metastases
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16.3.3.3  Elastography
Ten studies provided data on lesion stiffness graded according to elastography scores 
(2233 nodules, 367 malignant). The pooled OR is 10.5 (95% CI 6.4–17.2); RR, 6.0 
(95% CI 4.2–8.6); sensitivity, 74.1% (95% CI 57.7–95.3%); and specificity, 69.7% 
(95% CI 62.8–77.2%). PPV is 37.2% (95% CI 28.4–48.7%). There was no evidence 
of significant heterogeneity (Q = 13.4, df = 9, p-value = 0.15, i2 = 32.9%). The publi-
cation bias turned out to be significant (Kendell’s tau = 0.64, two-tailed p-value = 0.01). 
Apparently, two studies based on the smallest groups and presenting the highest study 
variances [26, 27] report outstanding results (OR 68.9 and 190, respectively). After 
the exclusion of these papers, the following results were obtained: OR 7.9 (95% CI 
5.6–11.2), RR 5.4 (95% CI 3.8–7.5), sensitivity 73.3% (95% CI 56.6–95.0%), speci-
ficity 69.3% (95% CI 62.4–76.9%), and PPV 35.2% (26.5–46.7%). This step also 
eliminated the publication bias—Kendell’s tau = 0.43, two-tailed p-value = 0.14.

16.3.3.4  “Taller than Wide”
Three studies provided data on the frequency of the “taller-than-wide” feature (665 
nodules, 170 malignant). The pooled OR was 13.7 (95% CI 4.1–45.7); RR, 3.9 
(95% CI 2.5–5.9); sensitivity, 25.9% (95% CI 12.1–55.3%); and specificity, 95.9% 
(95% CI 48.3–100.0%). PPV is 76.0% (95% CI 35.0–100.0%). There was no evi-
dence of significant heterogeneity (Q = 2.4, df = 2, p-value = 0.30, i2 = 17.3%) or 
publication bias (Kendell’s tau = 0.33, two-tailed p-value = 0.60).

16.3.3.5  Halo Absence
Four studies provided data on the halo absence frequency (648 nodules, 112 malig-
nant). The pooled OR was 3.8 (95% CI 1.7–8.5); RR, 3.0 (95% CI 1.5–6.0); sensi-
tivity, 63.8% (95% CI 38.1–100.0%); specificity, 47.5% (95% CI 33.4–67.8%); and 
PPV, 23.5% (95% CI 15.6–35.6%). There was no evidence of significant heteroge-
neity (Q = 3.4, df = 3, p-value = 0.33, i2 = 10.7%) or publication bias (Kendell’s 
tau = −0.33, two-tailed p-value = 0.50).

16.3.3.6  Color Doppler Examination
Three studies provided data on the frequency of intranodular flow in color Doppler 
examination (1048 nodules, 214 malignant). The pooled OR was 4.3 (95% CI 3.1–
6.1); RR, 2.6 (95% CI 1.6–4.0); sensitivity, 44.2% (95% CI 33.6–58.2%); specific-
ity, 81.5% (95% CI 67.8–98.0%); and PPV, 41.3% (95% CI 28.4–60.2%). There 
was no evidence of significant heterogeneity (Q  =  1.8, df  =  2, p-value  =  0.41, 
i2 = 0.0%) or publication bias (Kendell’s tau with continuity correction = 0.0, two- 
tailed p-value = 1.0).

16.3.3.7  Power Doppler: Pattern 3 Flow (Intensive Central 
with Lower Peripheral Blood Flow)

Six studies provided data on the frequency of pattern 3 flow in power Doppler 
examination (1419 nodules, 204 malignant). The pooled OR was 2.6 (95% CI 0.8–
8.3), and the result was statistically insignificant. There was no evidence for signifi-
cant heterogeneity (Q = 5.9, df = 5, p-value = 0.32, i2 = 15.2%) or publication bias 
(Kendall’s tau = 0.2, two-tailed p-value = 0.57).
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ORs and PPVs are summarized at Figs. 16.5 and 16.6.

16.3.4  Discussion

To our knowledge, the presented study comprised the first quantitative synthesis of 
the data on sonographic markers of malignancy. The study confirmed diagnostic 
value of most features considered as markers of malignancy; it also enabled to 
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Fig. 16.5 Pooled odds ratios with 95% confidence intervals for analyzed sonographic markers of 
malignancy. Adapted from: Woliński K et al. Usefulness of different ultrasound features of malig-
nancy in predicting the type of thyroid lesions: a meta-analysis of prospective studies. Pol Arch 
Med Wewn. 2014; 124: 97–104
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Fig. 16.6 Pooled positive predictive values of significant sonographic markers of malignancy 
with 95% confidence intervals. Adapted from: Woliński K et al. Usefulness of different ultrasound 
features of malignancy in predicting the type of thyroid lesions: a meta-analysis of prospective 
studies. Pol Arch Med Wewn. 2014; 124: 97–104
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assess the clinical importance of particular features and to rank them or—at least—
divide into categories depending on their clinical significance. Low elasticity of the 
lesions assessed in elastography, microcalcifications, irregular borders, and finally 
characteristic disproportion of the nodules’ shape—anterior-posterior dimension 
visibly larger than lateral—so-called taller-than-wide feature can be interpreted as 
strong risk factors; central blood flow in color Doppler examination, hypoecho-
genicity, and lack of so-called halo (thin hypoechoic rim) could be interpreted as 
intermediate risk factors; type 3 flow in power Doppler examination is a doubtful 
marker without significantly increased risk in context of our results.

Particular markers of malignancy have different clinical characteristics; some of 
them are characterized with low sensitivity but very high specificity and extremely 
high positive prognostic value; such features—if present—should arise very high 
suspicion of malignancy and strong indication for further diagnostics. Other ones 
are more sensitive but less specific, quite common also in benign lesions. The aim 
of the study was to provide comprehensive characteristics of particular sonographic 
markers of malignancy—this is why not only ORs and RRs but also sensitivities, 
specificities, and positive predictive values had been meta-analyzed.

In this context the taller-than-wide feature turned out to be the most suggestive 
marker of malignancy; despite the low sensitivity, 76.0% of lesions possessing this 
feature turned out to be malignant. Oppositely, e.g., hypoechogenicity had relatively 
high sensitivity; however, the risk of malignancy in case of lesions possessing the 
feature was 25.2%.

The main limitation of the study was relatively small amount of included studies 
and—subsequently—quite broad confidence intervals. Partially it was the conse-
quence of relatively strict inclusion and exclusion criteria. Another meta- analysis 
published at similar time by Brito et al. [28] had less strict exclusion criteria, and the 
number of included studies was much higher—31. The largest group of studies 
excluded from our meta-analysis were studies describing results of presurgical 
ultrasonography in patients referred for thyroidectomy. First methodological doubt 
is the fact that suspicious sonographic appearance can be one of reasons for the 
decision about the surgery; there can be some preselection of nodules with sono-
graphic markers of malignancy. But what seems to be more important, the risk of 
malignancy in patients with nodular goiter is—according to most authors—about 
5–10% [1]; in our meta-analysis, it was slightly higher than expected—about 13%. 
In studies concerning patients referred for the total thyroidectomy, the risk of malig-
nancy is much higher—in most studies over 30% [29, 30]. These groups differ, and 
especially calculations of parameters strongly dependent on the prevalence of 
pathology (in this context—thyroid cancer) such as positive predictive value would 
not be reliable.

Another problem was that—probably due to large number of suggested sono-
graphic markers—only few of the included studies described comprehensive panel 
of markers; most of them omitted some of them, also definitions and classification 
of particular markers were differed between studies (e.g., some studies described 
micro- and macrocalcifications separately, some of them just “calcifications”). In 
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consequence, 13 studies contained data on the presence of microcalcifications, but 
only three assessed the taller-than-wide feature.

To conclude, however, the markers of malignancy cannot allow for fully reliable 
differentiation between benign and malignant thyroid lesions; they constitute valu-
able tool for the initial assessment of thyroid nodules and the decision for FNAB. As 
numerous studies on the topic are being published every year, it will be also interest-
ing to perform similar meta-analysis after few years in order to achieve more reli-
able outcomes, based on larger numbers of included researches.
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17.1  Introduction

As discussed in previous chapters, meta-analysis (MA) refers to the combination of 
results from different studies. The rationale for meta-analyses is simple. For many 
clinical outcomes, the effect of interest is uncertain when looking at multiple indi-
vidual studies. Various studies may even show conflicting results leaving readers 
confused. It is common in medical literature to see the phrase, “results on this out-
come are conflicting,” or a similar phrase. With meta-analysis, we are able to gather 
existing results from various studies, compare the magnitude and direction of effect, 
and summarize the results in one number in many cases. This ability to look at the 
whole body of evidence is invaluable. Before meta-analyses, narrative reviews were 
common practice in medical literature. Such narrative reviews are still used today. 
In a narrative review, the authors use their best judgment and expertise to discuss the 
evidence on a particular outcome. MA, however, requires a systematic review of all 
available outcomes. This is then followed by careful synthesis and statistical analy-
sis of the body of evidence across all studies. Clearly, the later approach is more 
superior and preferable.

If done correctly, meta-analysis can be a very powerful tool in synthesizing and 
presenting best evidence on a particular topic. Therefore, there has been a national 
trend toward evidence-based medicine. The Institute of Medicine and the National 
Guideline Clearinghouse now require all clinical guidelines to be evidence based. 
This includes a systematic review of evidence and meta-analysis of various clinical 
outcomes one possible. The three major GI societies in the USA are all moving 
toward evidence-based guidelines and away from narrative reviews.

As the influence of MA continues to grow, it is prudent for the average reader to 
be able to understand key concepts with regard to this type of studies. In this chapter 
we will try to shed light on some key issues related to meta-analyses. In doing so, 
we will use several recently published case studies of meta-analyses. The goal of 
this chapter is not to study every aspect of MA, but rather to focus on important 
challenges in conducting and understanding meta-analyses.

17.2  Background

The meta-analyses considered here are highly cited studies dealing with the several 
studies related to Barrett’s esophagus (BE). Those studies were recently published 
and deal with various issues regarding this topic. BE is a change in the squamous 
epithelium of the esophagus columnar mucosa containing intestinal metaplasia 
(Fig. 17.1). BE is a major risk factor of esophageal adenocarcinoma (EAC). Studies 
have shown that BE appears to progress to EAC in a sequence events marked by 
low-grade dysplasia (LGD), high-grade dysplasia (HGD), and then EAC [1, 2]. 
While the risk of EAC is very low in patients with non-dysplastic BE (NDBE), the 
risk is significantly higher for patient with dysplasia [3, 4]. Dysplasia, however, is 
hard to detect on normal white light endoscopy (WLE) as it is often not very dis-
tinct. Therefore a standard biopsy protocol is recommended where four quadrants, 
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1–2 cm apart, are randomly biopsied throughout Barrett’s segment (Seattle proto-
col). This method had been known to miss cases of dysplasia and neoplasia [5]. 
Hence, endoscopists have been trying to develop ways to detect dysplasia or early 
neoplasia, which can then be treated more effectively. Advanced imaging (AI) 
modalities offered a potential improvement to WLE. Chromoendoscopy (CE) refers 
to the use of various dyes to alter the surface color of the mucosa, which would 
allow better detection of dysplasia. Virtual chromoendoscopy (VC) achieves the 
same goal by employing light filters which are activated within the scope without 
the need to apply any dyes. The study by Qumseya et al. on AI for BE will be cited 
frequently in this chapter [6]. Another study will deal with the use of endoscopic 
ultrasound (EUS) for the detection of advanced disease in BE [7]. Similarly, we will 
also use the example of a study which focused on the use for radiofrequency abla-
tion (RFA) for treatment of BE [8]. This study looked at rates and predictors of 
adverse outcomes after such treatment. Lastly, we will provide examples from the 
most recent study on low-grade dysplasia (LGD) in BE [9].

In this chapter, we will delve into some of the specifics of how these studies were 
done and the challenges of doing meta-analyses. Key features of those studies are 
included in Table 17.1. We hope that our examples will allow the reader to appreci-
ate some of the key elements in meta-analyses and ways in which they have been 
addressed.

17.3  Inclusion and Exclusion Criteria

There are several key components of any MA. The process usually starts with a 
clinical outcome of interest. One of the most important next steps is to start with 
clear identification of the inclusion and exclusion criteria for studies to be included. 
These criteria will be described in the methods section of any MA and will detail the 
types of studies to be considered for the systematic review and specific criteria to be 
met for consideration. While most readers do not give much attention to these 

a b

Fig. 17.1 (a) Normal view of the distal esophagus with pale/white epithelium typical of normal 
squamous cell lining; (b) Barrett’s esophagus with salmon-colored mucosa extending into the 
distal esophagus. There is a sharp but irregular demarcation with the squamous cell lining
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criteria, this is in fact one of the most consequential steps in a review. The decisions 
made at this point will have great effect on the results of the study. Additionally, 
these criteria will affect study quality and will likely alter decisions made down-
stream including choosing meta-meters of choice, heterogeneity, and publication 
bias.

As explained in previous chapters, before conducting a MA, one starts with a 
systematic review (SR). In a SR, the goal is to review all pertinent literature in a 
systematic and transparent method. The MA part then tries to summarize and com-
pare effects between studies. Hence, the goal of the SR part is to be as inclusive as 
possible. Let us consider the example of the MA on advanced imaging. In this study, 
the authors decided to include prospective studies and clinical trials which are pub-
lished in full text. This means that retrospective, observational studies were excluded 
from this analysis. The decision to include or exclude retrospective studies is to be 
considered in detail and should be done a priori. There are pros and cons to this 
decision. As the goal of a SR is to review all available literature on a particular topic, 
retrospective studies are part of the medical literature and should thus be reviewed 
in this context. For many clinical outcomes, retrospective reviews form a sizeable 
portion of available data. Consider the recent meta-analysis on adverse outcomes 
for treatments of Barrett’s esophagus [8]. Of 37 studies included in this meta- 
analysis, 21 studies were retrospective in nature. The drawback of including such 
studies is that they are generally lower quality compared to clinical trials. For exam-
ple, in the adverse outcomes study, retrospective studies showed lower rate of 
adverse outcomes compared to prospective studies. Thus, retrospective studies will 
likely lower the overall quality of the results and may also contribute to increasing 
heterogeneity.

To further illustrate that retrospective studies may lower study quality, consider 
the example of Grading of Recommendations, Assessment, Development, and 
Evaluation (GRADE) working group. This highly appraised system of assessing 
and grading clinical guidelines ranks meta-analyses of clinical trials as high quality 
and meta-analyses of retrospective or observational studies to be low quality. Those 
categories can then be rated up and down further based on the evidence. This illus-
trates that in the view of many experts, evidence from observational studies is lower 
in quality.

However, there are drawbacks to excluding such studies. Firstly there will be an 
increased chance of publication bias. That is, the included studies are mainly the 
positive studies, while all the negative data is being missed. There are statistical 
tools to help authors identify and quantify this issue. In the Qumseya et al. MA of 
advanced imaging, the risk of publication bias was assessed with funnel plot. There 
was some asymmetry noted and also some studies fell outside of the funnel plot. 
Both findings indicated the possibility of publication bias. To further quantify this 
possibility, the authors used the classic fail-safe test. The test measures the number 
of negative studies that would have to be missed in order for the p-value in the 
analysis to be >0.05. They found that more than 170 such studies would be needed. 
So in this case, excluding retrospective studies did not cause a significant concern 
for publication bias.
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The second potential drawback in illuminating retrospective studies is that for 
many clinical outcomes, there are no, or limited, clinical trials. Within the field of 
gastroenterology, this is true for many clinical outcomes. Take the recent meta- 
analysis of disease progression in LGD. Of the 19 studies included, only 2 were 
clinical trials. One cannot do a meta-analysis of two studies. In such cases, research-
ers have to include retrospective and observational studies. One potential way to 
clarify the effect of retrospective studies on the overall results is to consider includ-
ing retrospective studies but analyzing them separately. This was done by Qumseya 
et al. in their recent meta- analysis on LGD. This offers the reader the ability to 
compare results and make decisions on their own.

The issues discussed above are not unique to retrospective studies. Similar argu-
ments can be made about including or excluding meeting abstracts. In the AI meta- 
analysis, the authors excluded abstracts. In the adverse outcomes and LGD studies, 
the authors did include meeting abstracts. The same trade-off applies here between 
publication bias and quality of data.

In this discussion, we have shown that choosing appropriate inclusion and exclu-
sion criteria can be very consequential. In our experience, we have been involved in 
studies in which retrospective studies were included and the peer reviewers argued 
for excluding those. On the other hand, we have had reviewers ask to include such 
studies when we had decided to exclude them. We would advocate careful consid-
erations of a particular outcome and available studies. Researchers need to make 
those decisions a priori with the understanding that such decision will have signifi-
cant effect on study quality, heterogeneity, and publication bias.

17.4  Choosing the Best Meta-Meter

As discussed above, one of the first challenges in a MA is deciding on specific inclu-
sion and exclusion criteria. Another very important aspect is choosing the best 
meta-meter of interest for a particular outcome. A meta-meter is the measurement 
of choice which will be the primary result of the meta-analysis. This is also referred 
to as effect size or treatment effect. This can be odds ratio (OR), relative risk (RR), 
risk difference (RD), or a proportion, to name a few metrics of choice. The meta- 
meter is of critical importance as it will be the number which will be most visible 
and will convey most of the results from a study.

There are several important factors to be considered when choosing the correct 
meta-meter or effect size. Most importantly is understandability and interpretability. 
That is, clinicians/readers within the field should be able to easily interpret the 
results of the analyses in a clinically meaningful way. Often, the effect size of choice 
is the main result of each of the individual studies included in the MA. However, 
this is not always the case, and authors have to be careful and thoughtful in their 
consideration of the most suitable meta-meter. We will try to use the case of the 
Qumseya et al. study on advanced imaging to illustrate this issue [6]. In the initial 
planning phase of this meta-analysis, the authors wanted to look at the diagnostic 
performance of AI in detection of dysplasia. Metrics like sensitivity, specificity, and 
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accuracy of AI were reported in most of the studies to be included. Therefore, the 
natural inclination was to include one of those metrics as the primary meta-meter. 
This would have been straightforward. However, as the researchers studied this 
topic more carefully, they became concerned of using such metrics. When reporting 
specificity, for instance, one needs to have the true negative result. However, the 
only way to find out the true negativity of dysplasia in BE patients is to have an 
esophagectomy or complete resection of the Barrett’s mucosa. Only then can we be 
sure that all cases with dysplasia can be detected. For example, a patient may have 
no dysplasia on WLE and also on AI. We would call this patient negative for dyspla-
sia. But what if both modalities missed dysplasia?

This realization put the authors in a significant dilemma. Not reporting sensitiv-
ity and specificity would essentially mean that the authors believed that most pub-
lished data on those measures were inaccurate. This may not be well received by the 
peer reviewers who would have likely contributed to such studies. Reporting such 
measures, on the other hand, would mean that the authors would report measures 
that are not accurate and may be misleading. Instead, the authors had to look for 
another measure to analyze. This would have to be a clinically meaningful measure. 
They decided to report the risk difference in the diagnostic yield in AI compared to 
WLE. Although this measure is not as intuitive as sensitivity and specificity, it is 
actually very useful. The measure simply tells the reader about the relative increase 
in the chances of finding dysplasia on AI compared to WLE. It made clinical sense 
and was more accurate.

A similar approach was done by Qumseya et al. in the meta-analysis on EUS for 
BE [7]. In this study, the primary meta-meter of interest was the proportion of 
patients with advanced disease who were correctly diagnosed by EUS. This out-
come was not a primary outcome in any of the included studies. However, the 
authors were looking for the most clinically relevant clinical outcome.

Let us consider a more recent meta-analysis, which also illustrates the impor-
tance of selection of meta-meter. In the previously cited study, Qumseya et  al. 
wanted to assess the usefulness in radiofrequency ablation (RFA) in treating patient 
with LGD [8]. This had been a highly controversial topic with conflicting society 
recommendations. However, there were only three studies with head-to-head com-
parison of RFA versus surveillance. None of those studies reported the same effect 
size. Additionally, there were another 16 studies which had indirect results on dis-
ease progression on either surveillance or in RFA patients. Many studies did report, 
however, disease progression in either of those two groups. Disease progression is 
not an effect size which can easily compare RFA to surveillance. However, dividing 
the two risks of disease progression between RFA and surveillance would result in 
a risk ratio (RR, also referred to as relative risk). Therefore, the authors chose to 
report risk ratio as the meta-meter of choice for the three studies that compared RFA 
to surveillance directly. They then calculated the indirect RR from the other studies 
to confirm the magnitude and direction of effect from the indirect studies.

Finding the proper meta-meter involves more research than just looking the pub-
lished articles and using the same effect sizes. As seen above, such strategy may not 
always be the most accurate. Rather, researchers need to have a clear understanding 
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of the clinical question at hand and existing data on the outcome. This information 
can then be used to calculate the best meta-meter of interest.

17.5  Duplicate Cohorts

In the current case studies, we have reviewed the importance of selecting the proper 
inclusion/exclusion criteria and have illustrated the need for an accurate meta-meter. 
In our experience, another important challenge in meta-analyses is identifying and 
dealing with duplicate cohorts. This is especially relevant in the field of gastroenter-
ology since randomized clinical trials are less common. Therefore, many meta- 
analyses rely on observational studies. In such a scenario, the potential for 
duplication in cohorts is increased. Finding and dealing with duplicate cohorts is, 
therefore, an important challenge which needs to be taken into consideration with 
designing, conducting, or reviewing any MA.

As with any statistical analyses, duplicate observations will bias the results of a 
MA. One of the important assumptions in conducting many statistical analyses is 
the assumption of independence. Having duplicate cohorts will violate the assump-
tion of independence of observations which is critical to most statistical analyses. 
Essentially, using duplicate cohorts is like counting the same patient result multiple 
times.

As a result, each meta-analysis should have a clear plan to identify duplicate 
cohorts. Sometimes, duplicate studies will have similar names which will make 
identification easy. However, more often, the study names vary. Duplication could 
come in various forms. An update to a previous study is the most common form and 
is potentially the easiest to identify. However, using the same patients in various 
databases is common in retrospective studies. Consider the example of the US RFA 
registry [10]. This large dataset has over 5000 patients for various centers in the 
USA. When including this data, there may be some duplication with other patients 
from some of the centers which contribute this registry. This point was seen in the 
meta-analysis of adverse outcomes post RFA [6]. In this study, several of the centers 
which contributed studies included in the MA were also contributed to the US RFA 
registry.

In our studies, we start by extracting data on authors, institution, and country for 
each study. Any studies from the same group should be suspected for potential 
duplication. Based on reviewing the methods and number of patients, one can iden-
tify most duplicate cohorts. However, having the same lead author does not always 
mean duplication in cohorts. The author may simply be very interested in a particu-
lar topic. For instance, in the AI meta-analysis, there were three studies which had 
the same lead author. However, careful review of the studies revealed that they had 
varying co-investigators, study periods, and study centers. Therefore, the authors 
made the conclusion that they were different studies and all were included.

One approach to such studies is to contact the corresponding author. The corre-
sponding author’s email is usually listed in the study. However, depending on the 
study date and authors, this may not be successful. For example, authors may not 
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respond to inquiries. In this case, we try to email the authors on two separate occa-
sions. Though this is not based on any scientific guideline, we feel that two contacts 
are enough to establish that the team put in enough effort. This method was done by 
Qumseya et al. in the LGD study. If the authors do not respond, and one is still not 
sure, statistical methods can be employed to ensure that the potential duplication did 
not have a significant effect on the final results. For example, in the AI meta- analysis, 
the authors conducted a sensitivity where two of the three suspected studies were 
removed at a given time and the final outcome was assessed and compared. Similar 
approach was done within the adverse outcome; meta-analysis with the study from 
the RFA registry was removed from the analysis to ensure that potential duplication 
did not affect the final outcomes.

In summary, duplicate cohorts can bias the results of any MA. Careful review of 
methods, designs, patient numbers, authors, and study institutions will allow identi-
fication of most duplicates. However, contacting authors and using statistical meth-
ods may be needed to deal with this important challenge.

17.6  Direct Versus Indirect Comparisons

Having discussed the importance of duplicate cohorts, let us now turn our attention 
to another frequently encountered challenge in conducting and understanding meta- 
analyses. In clinical practice, many outcomes of interest are comparative in nature. 
We frequently need to analyze at the effects of an intervention versus no interven-
tion, treatment versus no treatment, or a diagnostic test versus another. However, for 
many clinical outcomes of interest in the field of GI, such comparative studies may 
be scarce or lacking. Yet, in the era of evidence-based medicine, researcher may still 
be interested in comparing such outcomes despite the scarcity of published studies. 
Given such scenario, some methods can be used to compare data indirectly. We will 
discuss two such examples.

Firstly, consider the example of the meta-analysis on LGD in BE. As discussed 
earlier, the authors started with the direct comparison between RFA and surveil-
lance as reported in three studies. The effect size was reported as relative risk (RR). 
Yet, there were another 16 studies which looked at RFA or surveillance alone. 
Rather than ignoring this valuable data, the authors decided to use this data and 
compared results to the direct evidence. To do so, authors calculated the risk of 
disease progression in RFA among studies that reported on RFA only. Similarly, 
they calculated the risk of disease progression among patients who had surveillance 
only. Those two risks were compared in a meta-analysis as a subgroup analysis. The 
results reported a frequency with 95% CI and a p-value. Additionally, dividing these 
two risks allowed for indirect comparison and resulted in an RR which was com-
pared to the direct RR reported earlier. This served to confirm the magnitude and 
direction of the RR reported in the direct studies and supported the conclusions of 
this study. Indirect comparisons are not ideal and will lower the quality of the evi-
dence. However, if employed correctly as above, such comparison can provide sup-
portive evidence to the small number of comparative studies.
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A similar approach was used in the MA of adverse events post RFA.  In this 
analysis, the authors wanted to assess the effect of EMR on the risk of adverse out-
comes. Based on clinical suspicion, the authors hypothesized that EMR increases 
the risk of adverse outcomes. However, no direct comparisons were available 
between the two groups. Three studies compared adverse outcomes between the 
RFA group and the EMR with RFA group. However, these studies were not clinical 
trials and were indirect comparisons of retrospective cohorts. When looking at those 
three studies alone, the authors reported a much higher rate of adverse outcomes in 
the EMR group compared to the non-EMR group with an RR of 4.4. This finding is 
very important and supports the fact that EMR is associated with increase in adverse 
outcomes in this patient population. This is another good example of how indirect 
comparisons can be very helpful in cases where direct comparisons are limited or 
lacking.

Hence, we have shown that MA does not always have to depend on direct com-
parative studies. While such studies provide the best and most direct evidence, indi-
rect comparisons can be used to support direct evidence. On the other hand, indirect 
comparisons can be used to assess outcomes where comparative studies are 
lacking.

17.7  Other Considerations

There are various other considerations that we would like to briefly address at the 
end of this chapter.

17.7.1  Fixed Versus Random Effects

Using fixed versus random effects modeling is sometimes confusing to the research-
ers and readers.

In conducting a meta-analysis, we are trying to estimate the true effect size for 
a particular outcome. In our studies, this can be the relative risk of disease pro-
gression, the risk difference in dysplasia detection, or the prevalence of strictures 
post RFA. In fixed effects models, we assume that there is a true effect size. Under 
this assumption, any variability in the effect size among the studies is solely due 
to error in sampling between the different studies. In medical literature, this is 
unlikely to be the case. More commonly, studies have variation in population, 
intervention protocol, follow-up time, etc. In fact, it would be hard to find a clini-
cal situation where the populations in the varying studies are the same. A good 
example of fixed effects modeling is a company which is testing a dosage of a 
drug in tandem animal populations. In such case, the animal population in each 
study is very similar with the exception of the drug being tested. It is reasonable 
in this case to use fixed effects models, as any variation in the result is likely due 
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to random error. In the field of GI, the most commonly used modeling is random 
effects modeling. Under this model, we assume that the true effect size is different 
in different studies. This variation often comes from the differences in popula-
tions. Each of the studies cited in this chapter addresses this issue in the methods 
section. A priori sources of heterogeneity are hypothesized and stated in the pro-
tocol. Those are sources of differences among the included studies that will 
increase the variance between included studies. In such cases, using random 
effects modeling is most appropriate.

While many of the studies cited in this chapter will use the test of heterogeneity 
to inform the decision to use random versus fixed modeling, such strategy is now 
discouraged. Random effects modeling should be used when the baseline popula-
tions are different.

17.7.2  Search Strategy

This can be a challenging part of any MA, especially for the novice researcher. 
In the MA of advanced endoscopy, four researchers conducted the literature 
search with help from an expert librarian. In our experience, including an expert 
librarian in this process is crucial. With clear guidance from the research team, a 
librarian is more efficient and able to extract relevant studies and provide them to 
the team. 

17.7.3  Screening Articles

This process has traditionally been the most laborious part of conducting a meta- 
analysis. Having to go through thousands of citations is very challenging and can 
be overwhelming. Initially, this process of reviewing articles is used to be done 
by hand, then using Excel (Microsoft Corporation, Redmond, WA), and later 
using EndNote (Thompson Reuters, Philadelphia, PA). For instance, in the case 
study of advanced imaging in BE, the authors used EndNote. This software 
allows the user to create subfolders within a library and move citations accord-
ingly. While this is an appropriate way to do the search, there are newer methods. 
Other tools have become available which make the screening process easier and 
much faster. In the LGD study, the authors used the online tool covidence.org. 
This online tool allows researchers to import studies from various formats. Once 
imported, each citation appears in abstract form. Each step requires two review-
ers who are blinded to the choices of each other. In our experience, we found this 
tool to be invaluable. Regardless of which method is used, researchers need to 
keep track of articles that are removed and reasons why they were excluded. As 
seen in the studies cited here, this process is usually reflected in Fig. 17.1 of each 
publication.
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17.7.4  Quality Assessment

This is one of the most impactful topics to be addressed in MA. In combining dif-
ferent studies with varying populations and varying designs, the quality of studies 
will inevitably vary. Therefore, researchers need to assess the quality of each of the 
included studies. In the AI in BE and EUS in BE meta-analyses, the researchers 
used the Quality Assessment of Diagnostic Accuracy Studies (QUADAS) [11] tool. 
In the EUS study, they used Newcastle-Ottawa scale [12]. In the LGD study, quality 
assessment was done using the Downs and Black scale [13]. There are variable 
quality measures that have been developed depending on the study design and out-
come. Choosing the right tool to assess study quality is essential.

 Conclusions
In this chapter, we used several meta-analyses to illustrate some of the most com-
mon challenges and considerations when conducting or reviewing a meta-analy-
sis (Tables 17.1 and 17.2). As we have pointed out, the field of meta-analysis is 
fast growing. The potential for high-quality, evidence-based results, using this 
method, is invaluable. In each of the subheadings, we were able to hone in on key 
issues. We started by detailing the significance of choosing the correct inclusion 
and exclusion criteria. We argued how this process should be carefully studied 
due to the important impactions on results and quality. We gave examples of how 
choosing the best meta-meter can be challenging but will have a huge impact in 
the final results. We assessed ways to deal with the critical issue of duplicate 
cohorts. We showed how indirect comparisons can be used to support direct 
comparisons or analyze outcomes that lack such comparative studies. As the 
scope of meta-analysis continues to grow, we will continue to do more such stud-
ies in the field of gastroenterology. Being able to understand some of the key 
issues presented here will be of great help to researchers and readers.

Table 17.2 Key topics and take-home messages

Topic Take-home message
Inclusion/exclusion 
criteria

  •  Carefully consider retrospective studies and meeting abstract a priori
  • Trade-off between publication bias and quality of evidence
  •  Consider sensitivity analyses to differentiate outcomes between 

different study designs
Choosing a 
meta-meter

  • Consider options for most appropriate meta-meter
  • Does not have to be the same as published studies
  • Consider clinical relevance and understandability

Identifying and 
dealing with 
duplicate cohorts

  • Can bias the results
  •  Review of authorship, methods, designs, number of patients, and 

study institutions
  • Contacting authors or use statistical methods if needed

Indirect comparisons   •  Comparative studies provide the best evidence, but are not 
mandatory for MA

  • Indirect comparisons can be used to support direct evidence
  •  Indirect comparisons can assess outcomes where comparative 

studies are lacking
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18.1  Cancer Epidemiology

Cancer is a major public health problem worldwide and is the second leading mor-
tality cause in the United States [1].

The four most common cancers occurring worldwide are lung, female breast, 
colorectal, and prostate cancer, accounting for around 40% of oncologic diagnosis. 
Lung cancer represents 10% of cancers in men worldwide.

In the United States, prostate, lung/bronchus, and colorectal cancers account for 
44% of all cases in men, with prostate cancer alone accounting for 1 in 5 new diag-
noses. For women, the three most commonly diagnosed cancers are breast, lung/
bronchus, and colorectum, representing one-half of all cases; breast cancer alone is 
expected to account for 29% of all new cancer diagnoses in women [1].

18.1.1  Cancer Mortality

In the United States, cancer is the second leading cause of death following heart 
disease, which accounted for 24% of total deaths in 2012. However, cancer is the 
leading cause of death among adults aged 40–79 years. It is also the leading cause 
of death in 21 states, primarily due to exceptional gains made in the progress against 
heart disease.

In addition, cancer is the leading cause of death among both Hispanics and Asian/
Pacific Islanders, who combined comprise one-quarter of the US population [2].
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Breast cancer is the principal cause of death in women aged 20–59 years but is 
replaced by lung cancer in women aged 60 years or older. Among men, lung cancer 
is the leading cause of death for those aged 40 years or older.

The most common causes of cancer death are cancers of the lung/bronchus, pros-
tate, and colorectum in men and lung/bronchus, breast, and colorectum in women. 
These four cancers account for 46% of all cancer deaths, with more than one-quar-
ter (27%) due to lung cancer [1].

18.1.2  Cancer Survival

Although there has been an overall drop of 23% of cancer deaths during the last two 
decades, incidence and death rates are increasing for several cancer types, including 
liver and pancreas, which represent two of the most fatal cancers. Advances have 
been slow for lung and pancreatic cancers, for which the 5-year relative survival is 
currently 18% and 8%, respectively. These low rates are partly because more than 
one-half of cases are diagnosed at a distant stage, for which 5-year survival is 4% 
and 2%, respectively.

In contrast, progress has been most rapid for hematopoietic and lymphoid malignan-
cies due to improvements in treatment protocols, including the discovery of targeted 
therapies. For example, the 5-year survival for acute lymphocytic leukemia increased 
from 41% during the mid-1970s to 70% during 2005 to 2011. The use of BCR-ABL 
tyrosine kinase inhibitors doubled survival for patients with chronic myeloid leukemia 
in less than two decades [3], from 31% in the early 1990s to 63% during 2005 to 2011.

18.2  Importance of Diagnostic Test Accuracy (DTA) 
Systematic Reviews and Meta-Analysis 
as a Methodological Tool for Improving Clinical 
Management in Oncology

Accurate diagnosis and staging are needed in order to optimize appropriate onco-
logic patient management. In this context, the internationally accepted TNM clas-
sification of cancer by anatomic disease extent (stage) is the major determinant of 
appropriate treatment and prognosis. Stage is an increasingly important component 
of cancer surveillance and cancer control and an endpoint for the evaluation of the 
population-based screening and early detection efforts.

Oncologic staging is universally expressed using the Union for International 
Cancer Control (UICC) TNM classification. This system represents an anatomically 
based classification that records the primary and regional nodal extent of the tumor 
and the absence or presence of metastases, including the following categories:

T category describes the primary tumor site.
N category describes the regional lymph node involvement.
M category describes the presence or otherwise of distant metastatic spread.
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This system has been continuously updated and expanded for more than 50 years 
by the UICC TNM project group according to high-quality emerging clinical evi-
dence [4].

However, summary and interpretation of quality and content of the overwhelm-
ing published material in oncology in order to make relevant updates may be chal-
lenging. In this context, well-designed DTA studies can help in making these 
decisions, provided that they transparently and fully report their participants, tests, 
methods, and results.

Diagnostic tests are a critical component of health care and clinicians. Whenever 
a new test is on the process of being incorporated in clinical practice, the physician 
needs to evaluate if testing improves outcome. It is important to objectively know 
what test to use, to purchase, or to recommend in practice guidelines and how to 
interpret test results [5].

DTA systematic reviews and meta-analysis represent an important methodologi-
cal tool that enables efficient integration of current information, providing a basis 
for rational decision-making, thereby improving efficient evidence summary in 
oncologic diagnosis and staging [6].

As elsewhere in science, DTA systematic reviews and meta-analysis can be used 
to obtain more precise estimates when small studies addressing the same test and 
patients in the same setting are available. Reviews can also be useful to establish 
whether and how scientific findings vary by particular subgroups and achieve sum-
mary estimates with a stronger generalizability than estimates from a single study. 
Systematic reviews may help identify the risk of bias that may be present in the 
original studies and can be used to address questions that were not directly consid-
ered in the primary studies, such as comparisons between tests [5].

Additionally, whenever a policy decision is needed to promote use of a new 
index test, evidence is required that using the new test increases test accuracy over 
other testing options, including current practice, or has equivalent accuracy but 
offers other advantages [7–9]. As with the evaluation of interventions, systematic 
reviews need to include comparative analyses between alternative testing strategies 
and not focus solely on evaluating the performance of a test in isolation.

In relation to the existing situation, three possible roles for a new test can be 
defined: replacement, triage, and add-on [7]. If a new test is to replace an existing 
test, then comparing the accuracy of both tests on the same population and with the 
same reference standard provides the most direct evidence. In triage, the new test is 
used before the existing test or existing testing pathway, and only patients with a 
particular result on the triage test continue the testing pathway. When a test is 
needed to rule out disease in patients who then need no further testing, one will be 
looking for a test that gives a minimal proportion of false negatives and thus a rela-
tively high sensitivity. Triage tests may be less accurate than existing ones, but they 
have other advantages, such as simplicity or low cost. A third possible role of a new 
test is add-on. The new test is then positioned after the existing testing pathway, to 
identify false positives or false negatives after the existing pathway. The review 
should provide data to assess the incremental change in accuracy made by adding 
the new test.
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An example of a replacement question can be found in a systematic review of the 
diagnostic accuracy of urinary markers for primary bladder cancer [10]. Clinicians 
may use cytology to triage patients before they undergo invasive cystoscopy, the 
reference standard for bladder cancer. As cytology combines a high specificity with 
a low sensitivity [11], the goal of the review was to identify a tumor marker with 
sufficient accuracy to either replace cytology or to be used in addition to cytology. 
For a marker to replace cytology, it has to achieve equally high specificity with 
improved sensitivity. New markers, which are sensitive but not specific, may have 
roles as adjuncts to conventional testing. The review included studies in which the 
test under evaluation (several different tumor markers and cytology) was evaluated 
against cystoscopy or histopathology. Included studies compared one or more of the 
markers, cytology only, or a combination of markers and cytology.

Although information on accuracy can help clinicians in making decisions about 
tests, review authors and readers should realize that good diagnostic accuracy is a 
desirable but not a sufficient condition for the effectiveness of a test [8]. To show 
that using a new test does more good than harm to patients tested, randomized trials 
of test-and-treatment strategies and reviews of such trials may be necessary. In most 
cases, such randomized trials are rare, and systematic reviews of test accuracy may 
provide the most useful evidence to guide decision-making and provide key evi-
dence to incorporate into decision models.

18.3  Current Quality Status of Diagnostic Systematic 
Reviews and Meta-Analysis in Oncology

Objective and transparent reporting is essential for reviews to be reliable and rele-
vant. However, the methods used to conduct high-quality systematic reviews of 
diagnostic tests are developing and continuously being reviewed and updated.

Systematic reviews of diagnostic studies involve additional challenges to those 
of therapeutic studies [12, 13]. Studies are observational in nature, prone to various 
biases [14], and report two linked measures summarizing the performance in par-
ticipants with disease (sensitivity) and without (specificity). In addition, there is 
more variation between studies in the methods, manufacturers, procedures, and out-
come measurement scales used to assess test accuracy than in randomized con-
trolled trials, which generally causes marked heterogeneity in results [15].

Systematic reviews need to report results from all included studies, with infor-
mation on study design, methods, and characteristics that may affect clinical appli-
cability, generalizability, and potential for bias.

Deficiencies in the reporting of research have been highlighted in several areas 
of clinical medicine [16]. Essential elements of study methods are often poorly 
described and sometimes completely omitted, making both critical appraisal and 
replication difficult, if not impossible. Sometimes study results are selectively 
reported, and other times, researchers cannot resist unwarranted optimism in inter-
pretation of their findings [17, 18]. These practices limit the value of the research 
and impeding the identification, critical appraisal, and replication of studies.
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A systematic review that aimed to assess the methods and reporting of systematic 
reviews of diagnostic tests in cancer identified specific limitations regarding differ-
ent reporting steps of test accuracy studies in oncology [19].

 1. Objectives, inclusion criteria, and search strategy
Objectives and inclusion criteria should be clearly stated in order to obtain a 
systematic approach [20]. Search strategies should also be clearly specified, in 
order for readers of the review appraise how well the review has avoided bias 
in locating studies. Additionally, report of the search strategy guarantees repro-
ducibility of the results of the review.
Twenty-five percent of the 89 included reviews did not report inclusion criteria, 
and 49% (44) tabulated characteristics of included studies. Among total reviews 
that were assessed in detail [21], 64% used study inclusion criteria relating to 
sample size or study design, and 15 discussed the appropriateness of patient 
inclusion criteria used by the primary studies. Thirty-two percent of the reviews 
searched two or more electronic databases, 80% reported their search terms, and 
84% searched bibliography lists or other nonelectronic sources.

 2. Description of target condition, patients, and clinical setting
Clinical relevance and reliability require reporting of information on the target 
condition, patients, and clinical setting [22]. Fifty percent of the reviews did not 
report whether tumors were primary, recurrent, or metastatic. Only 17% (15/89) 
reported on the clinical setting, and 45% reported characteristics of patients for 
individual studies. Of 17 reviews of primary or recurrent tumors assessed in 
detail, 10 did not consider possible effects of tumor stage or grade on test perfor-
mance. Reviews sometimes omitted information that had been collected, for 
example; 18% (16/89) of reviews collected information on the severity of dis-
ease but did not report it.

 3. Study design
Consecutive prospective recruitment from a clinically relevant population of 
patients with masked assessment of index and reference tests is the recom-
mended design to minimize bias and ensure clinical applicability of study results. 
Twenty of the 25 reviews assessed in detail did not report or were unclear on 
whether included studies used consecutive recruitment of patients. Few reviews 
limited inclusion to study designs less prone to bias, namely, consecutive (8%) 
or prospective (12%) studies. Sixty percent (15/25) discussed test masking. Poor 
reporting made it impossible to identify inclusion of case-control designs [23].

 4. Description of index and reference tests
Both index and reference tests need to be clearly described for a review to be 
clinically relevant and transparent and to allow readers to judge the potential for 
verification and incorporation biases. Only 36% (9/25) of reviews reported the 
definition of a positive result for the index test. In 40% (10/25) it was unclear if 
the included studies used the same, or different, index tests or procedures. When 
index tests were reported to vary between included studies, 71% (10/14) reported 
the index test for each study and the compatibility of different tests was dis-
cussed in 86% (12/14) of reviews. Sixty-eight percent (17/25) of reviews assessed 
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in detail reported the reference tests used in the review; 40% reported reference 
tests for each included study. Six reviews reported whether reference tests were 
used on all, a random sample, or a select sample of patients.

 5. Reporting of individual study results and graphical presentation
We assessed the level of detail used to report the results of individual studies. 
Ideally reviews should report data from 2 × 2 tables.
Graphs are efficient tools for reporting results and depicting variability between 
study results. Of the 89 reviews, 40% contained graphs of study findings, and 
39% reported sensitivities and specificities, likelihoods ratios, or predictive val-
ues. Over half (56%, 14/25) of the reviews assessed in detail provided adequate 
information to derive 2 × 2 tables for all included studies. Four reviews included 
tests with continuous outcomes but presented only dichotomized results; three 
reported the cutoff used.

 6. Meta-analysis, quality, and bias
Appropriate use of meta-analysis can effectively summarize data across studies. 
Quality assessment is important to give readers an indication of the degree to 
which included studies are prone to bias. Sixty-one percent (54/89) of reviews 
presented a meta-analysis and 32% completed a formal assessment of quality. 
Twenty-three of the 25 reviews assessed in detail discussed the potential for bias. 
Spectrum bias was most commonly considered (80% of reviews), with verifica-
tion bias and publication bias considered least (40%).

 7. Procedures in review
The reliability of a review depends partly on how it was done. Only 48% (12/25) 
of reviews provided information on review procedures, most reporting duplicate 
data extraction by two assessors (nine reviews), a method recommended to 
increase review reliability.

 8. Abstracts
In two recent literature surveys, abstracts of diagnostic accuracy studies pub-
lished in high-impact journals or presented at an international scientific confer-
ence were found insufficiently informative, because key information about the 
research question, study methods, study results, and the implications of findings 
were frequently missing [24].

18.4  How to Overcome Limitations on Summary of Evidence 
of DTA Studies in Oncology

18.4.1  Quality Assessment of DTA Studies in Oncology

The Quality Assessment of Diagnostic Accuracy Studies (QUADAS-2) checklist is 
a valuable revised tool used to assess the quality of diagnostic test accuracy studies. 
It consists of four key domains that discuss patient selection, index test, reference 
standard, and flow of patients through the study and timing of the index tests and 
reference standard qualitatively. This checklist is useful in order to identify potential 
sources of bias and to take into consideration the effects of these biases on the 
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estimates and the conclusions of the review. Additionally, authors should consider 
carefully whether specific items that reflect other sources of bias should be added to 
the QUADAS list [18].

It is important to consider that the use of different methods of weighting indi-
vidual items from the same quality assessment tool can produce different quality 
scores. Criteria used to generate quality scores into the results of a review can lead 
to different conclusions regarding the effect of study quality on estimates of diag-
nostic accuracy [25].

Although there are clear limitations regarding the use of quality scores in diag-
nostic systematic reviews based on the subjectiveness of the weighting of items of 
key domains, the lack of a score may also potentially limit a clear comparison 
among studies. There is actually a lack of consensus on how to objectively report 
bias on diagnostic systematic reviews. We present two examples on how this limita-
tion may be overcome:

for example, stacked bars can be used for each QUADAS item. In the study: 
“Single-operator cholangioscopy and targeted biopsies in the diagnosis of inde-
terminate biliary strictures: a systematic review” [21] the risk for bias was 
described as follows: “In most studies, there was a low risk of bias regarding the 
selection of patients. There were no bias issues or concerns regarding applicabil-
ity of the selection of patients. There was no risk of bias issues of the index test 
in any of the studies. In most studies there was a low risk of bias to determine 
whether an appropriate reference standard was used or its applicability. 
Ultimately, 10 studies with sufficient data that met our inclusion criteria were 
included in the final meta-analysis” [21] (Fig. 18.1).

The other option to evaluate the risk for bias within studies, using the QUADAS-2 
tool, can be to define specific criteria for high-, moderate-, and low-quality studies. 
As an example in the study: “Overtube-assisted enteroscopy and capsule endoscopy 
for the diagnosis of small-bowel polyps and tumors: a systematic review and meta-
analysis” [26] the risk for bias was described as follows: “The QUADAS-2 was 
applied to each of the studies. Studies of high quality were defined as those with low 
risk answers to at least three of four key items. Studies of poor quality were those 

Fig. 18.1 Risk of bias report with the use of stacked bars in the study: “Single-operator cholan-
gioscopy and targeted biopsies in the diagnosis of indeterminate biliary strictures: a systematic 
review”

Patient Selection
Index Test

Reference Standard
Flow and Timing

0% 25% 50%

Risk of Bias

High Unclear Low

Applicability Concerns

75% 100% 0% 25% 50% 75% 100%
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Fig 18.1 (continued)

that failed or had an unclear answer to three of the four items. Moderate quality was 
assigned for every other possibility” (Table 18.1) [26].

Another way of presenting the quality assessment results is by tabulating the 
results of the individual QUADAS items for each single study. In the analysis phase, 
the results of the quality appraisal may guide explorations of the sources of hetero-
geneity [42–44]. Possible methods to address quality differences are sensitivity 
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Table 18.1 Risk for bias according to QUADAS-2 (Quality Assessment of Diagnostic Accuracy 
Studies)

Selection of patients OAE CE Time and flow Study quality
Arakawa [27] L U L L Good
Buscaglia [28] L H L H Moderate
Fry [29] H H L L Moderate
Fujimori [30] L H L L Good
Kamalaporn [31] L H L H Moderate
Kameda [32] L L L U Good
Lee [33] H H L U Poor
Manno [34] L H L L Good
Marmo [35] L L L L Good
Matsumoto [36] H L L L Good
Nakamura [37] L L L L Good
Partridge [38] L H L U Moderate
Sethi [39] L H L L Good
Vere [40] L U L U Moderate
Li [41] L H L L Good

OAE overtube-assisted enteroscopy, CE capsule endoscopy, L low risk for bias, U unclear risk for 
bias, H high risk for bias

analysis, subgroup analysis, or meta-regression analysis, although the number of 
included studies may often be too low for meaningful investigations.

18.4.2  Strategies to Improve Quality of Reporting of DTA Studies 
in Oncology

The Standards for Reporting of Diagnostic Accuracy (STARD) statement was 
developed to improve the quality of reporting of diagnostic accuracy studies. Here 
we present a practical approach to some key items of STARD 2015 [24], including 
examples published in DTA reviews related to neoplastic diseases. We will refer 
specifically to the study “Overtube-assisted enteroscopy and capsule endoscopy for 
the diagnosis of small-bowel polyps and tumors: a systematic review and meta-
analysis,” in order to give some key examples.

Identification as a study of diagnostic accuracy using at least one measure 
of accuracy in title or abstract (such as sensitivity, specificity, predictive val-
ues, or AUC).

To facilitate retrieval of an article in electronic databases such as MEDLINE or 
Embase, authors can explicitly identify it as a report of a diagnostic accuracy study. 
This can be performed by using terms in the title and/or abstract that refer to mea-
sures of diagnostic accuracy, such as “sensitivity,” “specificity,” “positive predictive 
value,” “negative predictive value,” “area under the ROC curve (AUC),” or “likeli-
hood ratio.”
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The specific keyword (MeSH heading) for indexing diagnostic studies, “sensitivity 
and specificity,” has been introduced. However, the sensitivity of using this particular 
MeSH term to identify diagnostic accuracy studies can be as low as 51%. As of May 
2015, Embase’s thesaurus (Emtree) has 38 check tags for study types; “diagnostic test 
accuracy study” is one of them but was only introduced in 2011 [24].

Example Title. Overtube-assisted enteroscopy and capsule endoscopy for the 
diagnosis of small-bowel polyps and tumors: a systematic review and 
meta-analysis.

Abstract. “Patients and methods: The sensitivity, specificity, positive likelihood 
ratio, and negative likelihood ratio for the diagnosis of small-bowel polyps and 
tumors were analyzed. Secondarily, the rates of diagnostic concordance and discor-
dance between OAE and CE were calculated” [26].

The abstract should represent a structured summary of study design, meth-
ods, results, and conclusions.

Readers use abstracts to decide whether they should retrieve the full study report 
and invest time in reading it. In cases where access to the full study report cannot be 
obtained or where time is limited, it is conceivable that clinical decisions are based 
on the information provided in abstracts only.

Informative abstracts help readers to quickly appraise critical elements of study 
validity (risk of bias) and applicability of study findings to their clinical setting 
(generalizability). Structured abstracts, with separate headings for objectives, meth-
ods, results, and interpretation, allow readers to find essential information more 
easily [45].

The introduction should state scientific and clinical background, including 
the intended use and clinical role of the index test and study aims.

In the introduction of scientific study reports, authors should describe the ratio-
nale for their study. In doing so, they can refer to previous work on the topic, 
remaining uncertainty, and the clinical implications of this knowledge gap. To help 
readers in evaluating the implications of the study, authors can clarify the intended 
use and the clinical role of the test under evaluation, which is referred to as the 
index test [24].

Example “Small-bowel tumors have been difficult to diagnose as a consequence of 
their nonspecific presentation and the poor accessibility of the distal small bowel.

Since the introduction of capsule endoscopy (CE) and overtube-assisted enter-
oscopy (OAE), the number of small-bowel polyps and tumors that are diagnosed 
has increased. Obscure gastrointestinal bleeding (OGIB) is the main indication for 
using these enteroscopic modalities. Importantly, the development of both double-
balloon enteroscopy (DBE) and single-balloon enteroscopy (SBE) has made it pos-
sible to perform diagnostic and therapeutic procedures during a single examination.

Several studies have evaluated the utility of DBE and CE in the evaluation of 
patients with suspected small-intestinal disease, including OGIB.  However, the 
studies have shown inconsistent results and are largely limited by their small sample 
size. Furthermore, these meta-analyses did not focus on small-bowel polyps and 
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tumors. No systematic review has yet been conducted to evaluate OAE and CE for 
the diagnosis of small-bowel polyps and tumors” [26].

Defining Study Objectives and Hypotheses
Clinical studies may have a general aim (a long-term goal, such as “to improve the stag-
ing of esophageal cancer”), specific objectives (well-defined goals for this particular 
study), and testable hypotheses (statements than can be falsified by the study results).

In diagnostic accuracy studies, statistical hypotheses are typically defined in 
terms of acceptability criteria for single tests (minimum levels of sensitivity, speci-
ficity, or other measures). In those cases, hypotheses generally include a quantita-
tive expression of the expected value of the diagnostic parameter. In other cases, 
statistical hypotheses are defined in terms of equality or non-inferiority in accuracy 
when comparing two or more index tests.

A priori specification of the study hypotheses limits the chances of post hoc data 
dredging with spurious findings, premature conclusions about the performance of 
tests, or subjective judgment about the accuracy of the test. Objectives and hypoth-
eses also guide sample size calculations. An evaluation of 126 reports of diagnostic 
test accuracy studies published in high-impact journals in 2010 revealed that 88% 
did not state a clear hypothesis [46].

Methods: Whether data collection was planned before the index test and refer-
ence standard were performed (prospective study) or after (retrospective study).

There is great variability in the way the terms “prospective” and “retrospec-
tive” are defined and used in the literature. It is therefore necessary to describe 
clearly whether data collection was planned before the index test and reference 
standard were performed or afterward. If authors define the study question before 
index test and reference standards are performed, they can take appropriate actions 
for optimizing procedures according to the study protocol and for dedicated data 
collection [47].

Sometimes, the idea for a study originates when patients have already undergone 
the index test and the reference standard. If so, data collection relies on reviewing 
patient charts or extracting data from registries. Though such retrospective studies 
can sometimes reflect routine clinical practice better than prospective studies, they 
may fail to identify all eligible patients, and often result in data of lower quality, 
with more missing data points [47]. A reason for this could be, for example, that in 
daily clinical practice, not all patients undergoing the index test may proceed to 
have the reference standard.

Example Table 18.2 summarizes the characteristics of the studies of the systematic 
review, including the study and data collection design.

Eligibility criteria and on what basis potentially eligible participants were 
identified.

Since a diagnostic accuracy study describes the behavior of a test under particu-
lar circumstances, a report of the study must include a complete description of the 
criteria that were used to identify eligible participants. Eligibility criteria are usually 
related to the nature and stage of the target condition and the intended future use of 
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the index test; they often include the signs, symptoms, or previous test results that 
generate the suspicion about the target condition. Additional criteria can be used to 
exclude participants for reasons of safety, feasibility, and ethical arguments.

Differences in methods for identifying eligible patients can affect the spectrum 
and prevalence of the target condition in the study group, as well as the range and 
relative frequency of alternative conditions in patients without the target condition. 
These differences can influence the estimates of diagnostic accuracy [48].

Example “We included comparative studies in which OAE (including DBE, SBE, 
and SE) and CE were performed to diagnose small-bowel disease in patients with 
OGIB gastrointestinal polyposis, anemia, chronic abdominal pain, diarrhea, or sus-
pected mass. Our search was applied to all databases through November 2014” [26].

In the example, participants were identified through searching a patient database 
if provided and were included if they underwent the index test and the reference 
standard.

Specify Where and when potentially eligible participants were identified 
(setting, location, and dates), whether participants formed a consecutive, ran-
dom, or convenience series; index test, in sufficient detail to allow replication; 
and reference standard, in sufficient detail to allow replication.

Example Table 18.2 summarizes an example of these items.

Rationale for Choosing the Reference Standard (If Alternatives Exist)
In diagnostic accuracy studies, the reference standard is used for establishing the 
presence or absence of the target condition in study participants. Several reference 
standards may be available to define the same target condition. In such cases, 
authors are invited to provide their rationale for selecting the specific reference 
standard from the available alternatives. This may depend on the intended use of the 
index test, the clinical relevance, or practical and/or ethical reasons.

Alternative reference standards are not always in perfect agreement. Some refer-
ence standards are less accurate than others. In other cases, different reference stan-
dards reflect related but different manifestations or stages of the disease, as in 
confirmation by imaging (first reference standard) versus clinical events (second 
reference standard) [24].

Example “The sensitivity and specificity of OAE were calculated by establishing 
CE as the reference test for the diagnosis of small-bowel pathology. This was 
because of its ability to visualize the entire small bowel in a higher proportion of 
patients compared with OAE. When data for surgically resected specimens were 
available, OAE biopsy results were compared with the final surgical histopathologi-
cal diagnosis” [26].

Whether clinical information and reference standard results were available 
to the performers or readers of the index test or whether clinical information 
and index test results were available to the assessors of the reference standard.

Medical tests require interpretation and judgement. These actions may be influenced 
by the information that is available to the reader [14, 16, 49]. This can lead to artificially 
high agreement between tests, or between the index test and the reference standard.

18 Diagnostic Meta-Analysis: Case Study in Oncology
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When the assessors of the reference standard may have had access to the index 
test results, the final classification may be guided by the index test result, and the 
reported accuracy estimates for the index test will be too high [16, 17, 50]. Tests that 
require subjective interpretation are particularly susceptible to this bias.

Withholding information from the readers of the test is commonly referred to as 
“blinding” or “masking.” Blinding is neither desirable nor undesirable, but, rather, 
that readers of the study report need information about blinding for the index test 
and the reference standard to be able to interpret the study findings.

Example “Most studies used CE as an initial test, and its results served as a guide for 
the OAE route of insertion and localization of lesions. Indeed, OAE was frequently 
performed with an unblinded CE result, which introduced a higher risk for bias. 
However, this approach reflects the current standard of care, and it would not make 
sense to randomize patients to undergo OAE first when CE is a less invasive test” [26].

Methods for estimating or comparing measures of diagnostic accuracy.
Multiple measures of diagnostic accuracy exist to describe the performance of a 

medical test, and their calculation from the collected data is not always straightfor-
ward [51]. Authors should report the methods used for calculating the measures that 
they considered appropriate for their study objectives.

Example “Based on these data, the sensitivity, specificity, PLR, and NLR (with 
corresponding 95 % confidence intervals [CIs]) of enteroscopy were calculated. 
Pooled results with corresponding 95 % CIs were derived by using the random 
effects model. A summary receiver operating characteristic curve (SROC) was con-
structed based on the Moses-Shapiro-Littenberg method” [26].

Results: Baseline demographic and clinical characteristics of participants.
The diagnostic accuracy of a test may have variations according to the demo-

graphic and clinical characteristics of the population in which it is applied [17, 18]. 
These differences may reflect variability in the extent or severity of disease, which 
affects sensitivity, or in the alternative conditions that are able to generate false-
positive findings, affecting specificity [52].

An adequate description of the demographic and clinical characteristics of study 
participants allows the reader to judge whether the study can adequately address the 
study question or whether the study findings apply to the reader’s clinical question.

Example Table 18.2 summarizes characteristics of included studies, including 
population characteristics and main indication for reference and index test.

Time Interval and Any Clinical Interventions Between Index Test and 
Reference Standard
Studies of diagnostic accuracy are essentially cross-sectional investigations. In most 
cases, one wants to know how well the index test classified patients in the same way 
as the reference standard, when both tests are performed in the same patients, at the 
same time [53]. When a delay occurs between the index test and the reference stan-
dard, the target condition and alternative conditions can change; conditions may 
worsen, or improve in the meanwhile, due to the natural course of the disease or due 
to clinical interventions applied between the two tests. Such changes influence the 
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agreement between the index test and the reference standard, which could lead to 
biased estimates of test performance.

The bias can be more severe if the delay differs systematically between test posi-
tives and test negatives or between those with a high prior suspicion of having the 
target condition and those with a low suspicion [16, 17].

Example Table 18.2 summarizes characteristics of included studies, including 
time interval between tests and examination sequence.

Estimates of diagnostic accuracy and their precision (such as 95% CIs).
Diagnostic accuracy studies never determine a test’s “true” sensitivity and speci-

ficity; at best, the data collected in the study can be used to calculate valid estimates 
of sensitivity and specificity. The smaller the number of study participants, the less 
precise these estimates will be [54].

The most frequently used expression of imprecision is to report not just the esti-
mates—sometimes referred to as point estimates—but also 95% CIs around the 
estimates. Results from studies with imprecise estimates of accuracy should be 
interpreted with caution, as overoptimism [46].

Example “The pooled sensitivity and specificity of OAE for the diagnosis of 
small-bowel polyps and tumors were 0.89 (95 %CI 0.84 – 0.93), with heterogeneity 
χ2   =   41.23 (P   =   0.0002) and inconsistency (I 2)   =   66.0 %, and 0.97 (95 % CI 
0.95 – 0.98), with heterogeneity χ2   =   45.27 (P   =   0.07) and inconsistency (I 
2)  =  69.1 %, respectively. The pooled PLR and NLR, random effects model, were 
16.61 (95 % CI 3.74 – 73.82), with heterogeneity Cochrane Q  =  225.19 (P  <  0.01) 
and inconsistency (I 2)  =  93.8 %, and 0.14 (95 % CI 0.05 – 0.35), with heterogeneity 
Cochrane Q  =  81.01(P   <  0.01) and inconsistency (I 2)  =  82.7 %, respectively” [26].

Any adverse events from performing the index test or the reference standard.
Not all medical tests are equally safe, and in this, they do not differ from many 

other medical interventions [55, 56]. The testing procedure can lead to complica-
tions, such as perforations with endoscopy, contrast allergic reactions in CT imag-
ing, or claustrophobia with MRI scanning.

Measuring and reporting of adverse events in studies of diagnostic accuracy will 
provide additional information to clinicians, who may be reluctant to use them if they 
produce severe or frequent adverse events. Actual application of a test in clinical 
practice will not just be guided by the test’s accuracy but by several other dimensions 
as well, including feasibility and safety. This also applies to the reference standard.

Example Table 18.2 summarizes characteristics of studies, including complications.
Discussion: Study limitations including sources of potential bias, statistical 

uncertainty, and generalizability.
In the discussion, authors should critically reflect on the validity of their findings, 

address potential limitations, and elaborate on why study findings may or may not be 
generalizable. As bias can come down to overestimation or underestimation of the 
accuracy of the index test under investigation, authors should discuss the direction of 
potential bias, along with its likely magnitude. Readers are then informed of the 
likelihood that the limitations jeopardize the study’s results and conclusions [24].

18 Diagnostic Meta-Analysis: Case Study in Oncology
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Example “Our study has potential limitations. First, and important, is the limited 
number of comparison data with a gold standard method, such as intraoperative 
enteroscopy or surgery, found in most of the included studies. However, intraopera-
tive enteroscopy is now rarely performed. Second, although histological confirma-
tion is required for choosing the most adequate therapeutic option, histological 
confirmation by OAE may sometimes guide therapeutics other than surgery, such as 
chemotherapy. This is especially important in cases of malignant lymphoma or 
metastasis. Third, most studies had a relatively small sample size, and heterogeneity 
may also have limited the study” [26].

Implications for practice, including the intended use and clinical role of the 
index test.

To make the study findings relevant for practice, authors of diagnostic accuracy 
studies should elaborate on the consequences of their findings, taking into account 
the intended use (the purpose of testing) and clinical role of the test (how will the 
test be positioned in the existing clinical pathway) [24].

Example “Most studies used CE as an initial test, and its results served as a 
guide for the OAE route of insertion and localization of lesions. Indeed, OAE was 
frequently performed with an unblinded CE result, which introduced a higher risk 
for bias. However, this approach reflects the current standard of care, and it would 
not make sense to randomize patients to undergo OAE first when CE is a less 
invasive test” [26].
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19Diagnostic Meta-Analysis: Case Study 
in Surgery
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and Thanos Athanasiou

19.1  Introduction

It has been estimated that doctors should read ten peer-reviewed articles per day for 
365 days a year to stay up to date with developments in their field [1]. Surgery is an 
ever-expanding, continuously evolving field and is subject to multiple streams of 
new knowledge. These include new evidence of (1) specific elements to the pre-, 
peri-, and postoperative period, (2) surgical and medical pathology, (3) advances in 
disease imaging and tissue guidance, and (4) awareness of new devices ranging 
from operative monitoring/diagnostic devices, stapling instruments, and robots. As 
a result, the evaluation of all of these elements requires substantiation with appro-
priate evidence. While several types of literature reviews attempt to merge this 
expansion of information, diagnostic meta-analysis seems to offer a particularly 
powerful role in combining pertinent quantitative study data from selected studies 
to develop a single conclusion with greater statistical power [2] that can supporting 
surgical decision-making.

Recent examples of diagnostic accuracy meta-analysis in surgery include intra-
operative techniques for margin assessment in breast cancer surgery [3], assessing 
the diagnostic accuracy of percutaneous renal tumor biopsies [4], and a review of 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-78966-8_19&domain=pdf
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the diagnostic role of procalcitonin and C-reactive protein for the early diagnosis of 
intra-abdominal infection after elective colorectal surgery [5]. Broader topics 
include assessing different modalities for suspected acute appendicitis [6], evalua-
tion of the effectiveness and risks of bariatric surgery outcomes [7], or even for the 
prenatal diagnosis of critical congenital heart disease and their effect on the reduc-
tion of death from cardiovascular compromise prior to planned neonatal cardiac 
surgery [8].

The aim of this chapter is to identify the principles, steps, and examples of diag-
nostic meta-analysis in the surgical setting.

19.2  Surgical Needs

Diagnostic accuracy meta-analysis in surgery can augment decision-making in the 
whole surgical pathway ranging from the pre-, intra-, and postoperative phases. It 
can affect the decision to undergo surgery when done preoperatively, can change the 
course of the operation when the diagnostic test is performed intraoperatively, or 
can evaluate the outcomes of certain surgical procedures on a long-term basis as 
illustrated below.

19.2.1  Preoperative Diagnosis

Diagnostic tests are usually performed preoperatively to determine the need and 
type of surgical procedure that will be done (Fig. 19.1). For example, accurate three- 
dimensional printing of hearts can now be undertaken preoperatively for children 
with congenital heart diseases to help physicians assess and visualize the precise 
cardiac anatomy of patients and plan the best surgical course of action [9]. Another 
common example includes the use of cardiac catheterization to determine the degree 
of diseased coronary arteries before deciding whether to undergo the placement of 
stents via percutaneous coronary intervention or to perform open-heart surgery. In 
terms of cancer, preoperative diagnostic tools such as imaging and biopsies deter-
mine the need and extent of surgery, and performing such studies could help in the 
formation of guidelines for preoperative diagnostic tools.

19.2.2  Intraoperative Diagnosis

In the study mentioned earlier, reviewers attempted to come to a conclusion for the 
best diagnostic measure to assess the margins for breast cancer intraoperatively 
using all different techniques available [3]. Having accurate information at hand 
about this topic can determine the course of the surgery as well as the prognosis of 
the patient. Another example would be attempting to establish whether using lapa-
roscopic ultrasonography or intraoperative cholangiograms is the superior tool to be 
used intraoperatively for the detection of stones in the common bile duct [10].

E. Al Haddad et al.
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Screening

• Breast cancer
• Aneurysm detection
• Cervicalcancer
• Colon cancer

Pre-operative

• 3D-printing of hearts
• Imaging and biopsies pre-cancer surgery
• Cardiac catherization to diagnose cardiac pathologies
• Detection of mesenteric ischemia
• Blood tests for suspected appendicitis

Intra-operative

• Intra-operative Ultra-sound-cancer
• Frozen section-cancer
• Cytology-cancer

Post-operative

• Infections post colorectal surgery
• Imaging and other diagnostic tests for cancer recurrence
• Outcomes post bariatric surgery

• Specimen radiography-cancer
• Intra-operative cholangiograms - stones in CBD
• Laparoscopic ultrasonography-stones in CBD
• Evoked potentials-neurosurgery

Fig. 19.1 The use of diagnostic tests in surgery
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19.2.3  Postoperative Diagnosis

Diagnostic tests can also be performed postoperatively as to determine multiple 
important parameters pertaining to the outcomes of that specific surgery. Such 
examples include determining the outcomes of post-bariatric surgery such as weight 
loss on the long-term basis or the resolution of comorbidities, as well as the prompt 
and accurate diagnosis of complications such as leak or bleeding, and the best meth-
ods to deal with these complications.

19.2.4  Surgical and Medical Pathology

The diagnosis of underlying tissue pathology remains a core component of modern 
surgery. There are increased necessities of diagnosis pathological accuracy in preci-
sion surgery particularly in the identification of pathological tissue subgroups and 
their individual responses to treatment modalities. This can be illustrated in the 
evaluation of the pathological response to neoadjuvant chemotherapy in breast can-
cer patients [11] or the usage of fine needle aspiration for the detection of malig-
nancy in pediatric thyroid nodules [12].

19.2.5  Advances in Disease Imaging and Tissue Guidance

Similarly, diagnostic radiology is also a fundamental component of precision sur-
gery. Diagnostic surgical meta-analysis has recently identified [13] how F-FDG 
PET and PET-CT can assess the metabolic profile of cancers and aid in the diagno-
sis of colorectal liver metastasis [14].

19.2.6  Awareness of New Devices Ranging from Operative 
Monitoring/Diagnostic Devices, to Stapling Instruments, 
and Surgical Robots

All novel surgical devices ranging from surgical staplers to the newest robots have 
an impact in clinical outcomes, and diagnostic accuracy meta-analysis may offer an 
avenue into assessing how these may affect the results of established diagnostic and 
imaging modalities. Additionally, these techniques can be utilized to assess new 
surgical diagnostic platforms such as the use of novel intraoperative ultrasound for 
the detection of breast cancer margins [3].

One important area where diagnostic accuracy meta-analysis has an important 
role in surgery is its application in generating evidence for consensus statements 
and diagnostic tool, for example, which diagnostic tool is of most value for each 
step of disease diagnosis in various stages of the patient journey. Table 19.1 reveals 
some of the most prominent diagnostic meta-analytical studies performed in the 
surgery.
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Table 19.1 Meta-analysis studies performed from 2012 to 2017, categorized by field of surgery 
and year of publication

Title Authors
Field of 
surgery Year Time

Novel serological biomarkers to detect 
acute mesenteric ischemia [31]

Treskes N 
et al.

General 
surgery

2017 Preoperative

Fine needle aspiration biopsy for 
detection of malignancy in pediatric 
thyroid nodules [12]

Lai SW et al. General 
surgery

2015 Preoperative

Detection of common bile duct stones 
during laparoscopic cholecystectomy 
[10]

Aziz O et al. General 
surgery

2014 Intraoperative

Endoscopic ultrasound in pancreatic 
neuroendocrine tumors [32]

Puli SR et al. General 
surgery

2013 Preoperative

Procalcitonin, C-reactive protein, and 
white blood cell count for suspected 
acute appendicitis [6]

Yu CW et al General 
surgery

2013 Preoperative

Margin assessment in breast cancer 
surgery [3]

St John ER 
et al.

Cancer surgery 2017 Intraoperative

Ductoscopy in patients with 
pathological nipple discharge [33]

Waaijer L et al. Cancer surgery 2016 Preoperative

Evaluation of pathologic response to 
neoadjuvant chemotherapy in patients 
with breast cancer [11]

Sheikhbahaei S 
et al.

Cancer surgery 2016 Preoperative

Evaluating PET-CT in the detection 
and management of recurrent cervical 
cancer [34]

Meads C et al. Cancer surgery 2013 Postoperative

Evoked potential monitoring 
techniques during intracranial 
aneurysm surgery for predicting 
postoperative ischemic damage [35]

Thomas B 
et al.

Neurosurgery 2017 Intraoperative

Motor-evoked potentials to detect 
neurological deficit during idiopathic 
scoliosis correction [36]

Thirumala PD 
et al.

Neurosurgery 2017 Intraoperative

Brain microdialysis during surgery 
[37]

Bossers SM 
et al.

Neurosurgery 2013 Intraoperative

Dilemmas in the interpretation of 
diagnostic accuracy studies on 
presurgical work-up for epilepsy 
surgery [38]

Burch J et al. Neurosurgery 2012 Preoperative

Early diagnosis of intra-abdominal 
infection after elective colorectal 
surgery [5]

Cousin F et al. Colorectal 
Surgery

2016 Postoperative

Carcinoembryonic antigen to detect 
colorectal cancer recurrence [39]

Sørensen CG 
et al.

Colorectal 
Surgery

2016 Postoperative

(18)F-FDG PET and PET-CT in 
colorectal liver metastasis [14]

Maffione AM 
et al.

Colorectal 
Surgery

2015 Preoperative

(continued)
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19.3  Paper Selection

When undertaking a meta-analysis for the determination of the most accurate diag-
nostic tool, a certain design needs to be followed. In this step, we shall use multiple 
previously mentioned papers as references to illustrate each step.

19.3.1  Study Design Terms

Diagnostic accuracy is represented by two measures [15–17] that we apply with our 
example of surgical disease (breast cancer). The first being sensitivity, which asses 
the true positive proportion of disease diagnosis which and is calculated as 

true positives

true positives false negatives+
. This reflects the probability that the person with 

the condition has a positive diagnostic test. The second measure is specificity, used 

to assess true negatives, and is calculated as 
true neagtives

true negatives false positives+
 

(Table 19.2).
The surgical test of interest is commonly known as the “index test,” and it is the 

one that is being compared to the best currently available diagnostic test, also known 

Table 19.1 (continued)

Title Authors
Field of 
surgery Year Time

Risks of biopsy in the diagnosis of a 
renal mass suspicious for localized 
renal cell carcinoma [40]

Patel HD et al. Urology 2016 Preoperative

18F-fluorodeoxyglucose positron 
emission tomography and computed 
tomography in staging bladder cancer 
[41]

Soubra A et al. Urology 2016 Preoperative

Diagnostic accuracy of percutaneous 
renal tumor biopsy [4]

Marconi L 
et al.

Urology 2016 Preoperative

Prenatal diagnosis of critical 
congenital heart disease prior to 
planned neonatal cardiac surgery [8]

Holland BJ 
et al.

Cardiac 
surgery

2015 Preoperative

Transesophageal echocardiogram for 
the detection of patent foramen ovale 
[42]

Mojadidi MK 
et al.

Cardiac 
surgery

2014 Preoperative

Clinical tests for the diagnosis of hip 
femoroacetabular impingement/labral 
tear [43]

Reiman MP 
et al.

Orthopedic 
surgery

2015 Preoperative

CT angiography and MR angiography 
in the stenosis detection of autologous 
hemodialysis access [44]

Li B et al. Vascular 
surgery

2013 Preoperative
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as the “reference test.” In St. John et al.’s study [3], the reference test used was per-
manent section histopathology, while the index tests included frozen section, cytol-
ogy, specimen radiography, optical imaging, and intraoperative ultrasound. As 
shown by this example, multiple index tests can be compared to a common refer-
ence test to reach a consensus on which diagnostic tool is of best use.

19.3.2  Defining the Research Question

The review question includes the key elements of the inclusion criteria and estab-
lishes the objective and hypothesis. It should be structured as so: what is the 
diagnostic accuracy of (index test) compared with the (reference test) in (popula-
tion) for the diagnosis of (disease) [18]. In our study [3], the research question 
was shown to be: the aim of this study was to perform a systematic review and 
meta-analysis to evaluate pooled diagnostic accuracy for intraoperative breast 
margin assessment (IMA) techniques that have been evaluated in clinical practice, 
as a benchmark against which the performance of emerging technologies can be 
compared.

19.3.3  Establishing the Study Selection Criteria

This step establishes the inclusion and exclusion criteria for identifying eligible 
studies. The PIRD mnemonic can be used for inclusion, and that includes popula-
tion (important characteristics to define include the disease stage, symptoms, age, 
gender, race, and educational status), index test (there are multiple factors to con-
sider here. Those include decision threshold, the expertise/qualification of the per-
son doing or interpreting the test, the conditions under which the test was conducted, 
and details on how the test will be conducted), reference test (the “gold standard”), 
and diagnosis of interest (What exactly is being investigated? This needs to be spec-
ified when it comes to designing the search strategy) [13, 18].

In our study [3], the inclusion criteria included studies written in English that 
comprised margin assessment data and acquired from one or more IMA tech-
niques used during breast cancer surgery (BCS) for breast cancer (invasive or in 
situ); only studies that stated sensitivity and specificity data compared with per-
manent section histopathology or in whom sensitivity and specificity data could 
be calculated from raw data were included. Study participants were adults (mean 
age >18 years).

Table 19.2 Example for the classification of patient mammography test results

Index 
test outcome—mammography

Pathology for breast cancer 
positive

Pathology for breast cancer 
negative

Mammography positive True positive False positive
Mammography negative False negative True negative

19 Diagnostic Meta-Analysis: Case Study in Surgery
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19.3.4  Performing the Literature Search of the Topic

This step begins with the initial limited search that identifies relevant keywords and 
indexing forms. Secondly, a thorough search is performed using all included data-
bases (Pubmed, Embase, CINAHL, SCOPUS, Cochrane Library). Subsequently, a 
review of the reference lists of the included studies is undertaken [13, 19]. After the 
search strategy is complete, the references need to be screened for duplicates, which 
can be done both on the search engine and also on referencing management soft-
ware. Titles and abstracts are then reviewed for their relevance to be included, after 
which the full texts are reviewed. Studies that fit a preselected inclusion criteria are 
kept, whereas those that have elements listed in predefined exclusion criteria are 
rejected. It is important to note that, at each step, the studies that were included and 
excluded are kept track of, as well as the reasons behind why these articles were 
excluded.

The entire process needs to be reported, from the search to the selection. 
Afterwards, a flow chart that conforms to “Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses” (PRISMA) would be created. Figure 19.2 illustrates 
this step.

19.3.5  Study Features, Outcomes, and Quality Assessment

This stage of the study assesses, firstly, the methodological quality of the diagnostic 
studies that were included, and secondly, critical appraisal is used to determine their 
quality. The best tool available at this instance to perform this step is the Quality 
Assessment of Diagnostic Accuracy Studies 2 (QUADAS-2) which is a set of criti-
cal appraisal checklist questions, answered as yes, no, unclear or N/A. This was 
developed in 2011 following the revision of the original QUADAS tool [20]. We 
recommended that reviewers use the QUADAS-2 tool when undertaking their criti-
cal appraisal and its “signaling questions,” which are included in Table 19.3.

All studies need to be independently appraised by at least two reviewers, and if 
the questions are answered with a “yes,” the study can be included. Disagreement 
regarding article inclusion would be resolved by consensus in discussion with a 
third senior author [21]. Figure 19.3 is an example of a QUADAS-2 questionnaire 
that would determine the quality of each paper to be included in the meta-analysis. 
A quantitative measure of reviewer agreement regarding study section is the 
Cronbach’s tool. While there is no formal measure of the Cronbach’s score for 
accepting adequate reviewer agreement before proceeding to the next stage of the 
analysis, a score of over 90% is generally considered adequate for this stage.

19.3.6  Data Extraction

The first step is to settle on a decision threshold for what value is positive/negative; 
this is unique for diagnostic test accuracy. A standardized data extraction tool is 
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Databases used for search
with number of studies retrieved from each

and filter applied

Number of titles
identified

Inclusion and
Exclusion criteria Reasons for exclusion

based on
title/abstract

Number of titles after
screening on
title/abstract

Reason for exclusion
based on full text

Number of titles after
full text assessment

Number added after
cross reference and

hand searching

Titles included in the
critical appraisal

Titles included in the meta-analysis

Fig. 19.2 PRISMA flow diagram
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used. The Standards for Reporting Diagnostic accuracy studies (STARD) checklist 
and flow diagram (Table 19.4) provide a detailed guide on what should be reported. 
It includes a 2  ×  2 table that classifies patients’ test results and disease status. 
Subsequently a meta-analytical technique can be applied (see below) for combining 
data. This applies a weighted mean for results such that larger trials are given more 
weight since the results of smaller trials are more likely to be affected by chance 
[18, 21].

Table 19.3 QUADAS-2 signaling questions

Critical appraisal questions

Domain 1: patient selection
Was a consecutive or random sample of patients enrolled?
Was a case-control design avoided?
Did the study avoid inappropriate exclusions?
Domain 2: index test
Were the index test results interpreted without knowledge of the results of the reference 
standard?
If a threshold was used, was it prespecified?
Domain 3: reference test
Is the reference standard likely to correctly classify the target condition?
Were the reference standard results interpreted without knowledge of the results of the index 
test?
Flow and timing
Was there an appropriate interval between index test and reference standard?
Did all patients receive the same reference standard?
Were all patients included in the analysis?

Flow and timing

Reference standard

Q
u

ad
as

-2
 d

o
m

ai
n

Index test

Patient selection

0% 20% 40% 60% 80% 100%

Intermediate

Unclear

High

Low

Risk of bias (%)

Fig. 19.3 Example of QUADAS-2 tool: risk of bias judgment
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Table 19.4 STARD checklist

Section and 
topic No. Item

Reported 
on page #

Title or abstract
1 Identification as a study of diagnostic accuracy using at least 

one measure of accuracy (such as sensitivity, specificity, 
predictive values, or AUC)

Abstract
2 Structured summary of study design, methods, results, and 

conclusions (for specific guidance, see STARD for abstracts)
Introduction

3 Scientific and clinical background, including the intended use 
and clinical role of the index test

4 Study objectives and hypotheses
Methods
Study design 5 Whether data collection was planned before the index test and 

reference standard were performed (prospective study) or after 
(retrospective study)

Participants 6 Eligibility criteria
7 On what basis potentially eligible participants were identified 

(such as symptoms, results from previous tests, inclusion in 
registry)

8 Where and when potentially eligible participants were 
identified (setting, location, and dates)

9 Whether participants formed a consecutive, random, or 
convenience series

Test methods 10a Index test, in sufficient detail to allow replication
10b Reference standard, in sufficient detail to allow replication
11 Rationale for choosing the reference standard (if alternatives 

exist)
12a Definition of and rationale for test positivity cutoffs or result 

categories of the index test, distinguishing prespecified from 
exploratory

12b Definition of and rationale for test positivity cutoffs or result 
categories of the reference standard, distinguishing 
prespecified from exploratory

13a Whether clinical information and reference standard results 
were available to the performers/readers of the index test

13b Whether clinical information and index test results were 
available to the assessors of the reference standard

Analysis 14 Methods for estimating or comparing measures of diagnostic 
accuracy

15 How indeterminate index test or reference standard results 
were handled

16 How missing data on the index test and reference standard 
were handled

17 Any analyses of variability in diagnostic accuracy, 
distinguishing prespecified from exploratory

18 Intended sample size and how it was determined

(continued)
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19.4  Study Analysis

Initially, it is necessary to assess the heterogeneity between studies, which can be 
performed by various methods. These include Cochrane Q or Higgins’ I2 statistics. 
Typically in surgical studies, the results for these statistics tend to be high due to the 
variable nature of surgery (different techniques between surgeon even for the same 
procedures in addition to variations in patients, units, and pathologies). This needs 
to be clarified in any data interpretation as higher heterogeneity in data results in a 
lower confidence of accepting diagnostic analysis results [22].

The first level of analysis hinges on meta-analytical pooling of individual sensi-
tivity and specificity results (Fig. 19.4); this can be done through fixed-effects mod-
els or random-effects models (most commonly the DerSimonian and Laird method). 
The inherent variability of most surgical results typically requires most caution so 
that random-effects analysis predominates. Here the random-effects analysis offers 
an estimate of the mean effect of diagnostic test accuracy through the assumptions 
that (1) heterogeneity between studies is not purely random and that (2) it also stems 
from tau-squared, τ2, or an intrinsic variability in test accuracy [23].

Table 19.4 (continued)

Section and 
topic No. Item

Reported 
on page #

Results
Participants 19 Flow of participants, using a diagram

20 Baseline demographic and clinical characteristics of 
participants

21a Distribution of severity of disease in those with the target 
condition

21b Distribution of alternative diagnoses in those without the 
target condition

22 Time interval and any clinical interventions between index test 
and reference standard

Test results 23 Cross-tabulation of the index test results (or their distribution) 
by the results of the reference standard

24 Estimates of diagnostic accuracy and their precision (such as 
95% confidence intervals)

25 Any adverse events from performing the index test or the 
reference standard

Discussion
26 Study limitations, including sources of potential bias, 

statistical uncertainty, and generalizability
27 Implications for practice, including the intended use and 

clinical role of the index test
Other information

28 Registration number and name of registry
29 Where the full study protocol can be accessed
30 Sources of funding and other support; role of funders
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The next level of meta-analysis is based on pooling diagnostic odds ratios 
(DORs), and this is performed through two hierarchical approaches: (1) the Rutter 
and Gatsonis HSROC model and the (2) bivariate model (Table  19.5). Both 
approaches have the same primary level appraisal of inter-study variability through 
the assumption of a binomial distribution for the study factors of 1-specificity and 
sensitivity. However they differ in their second-level model in that the HSROC 
model utilizes a proxy threshold or theta “cutoff” and an alpha-natural logarithm of 
the study diagnostic odds ratio to quantify accuracy (derived from sensitivity and 
specificity). This requires a logit function with a dummy variable for subject disease 
standing [23].

Study 1 first author, year

Specificity (95% CI) Specificity (95% CI)

Study 2 first author, year

Study 3 first author, year

Grand total ES

0 0.2 0.4 0.6 0.8 1 0.2 0.4 0.6 0.8 1

Fig. 19.4 Example of a pooled meta-analysis forest plots per group

Table 19.5 Additional methods for meta-analysis of diagnostic accuracy studies

Methods for 
meta-analysis of 
diagnostic accuracy 
studies Description
Univariate pooling 
methods fixed 
effect versus 
random effects

Pool sensitivity and specificity separately, ignoring any correlation that 
may exist between the two measures
Fixed = assume homogeneity
Random = assume variability in test accuracy beyond sampling error

Summary receiver 
operating 
characteristic 
regression (SROC)

Account for possible heterogeneity in threshold by using a logistic 
transformation of true-positive (TPR) and false-positive rates (FPR) and 
linear regression
It models the relationship between test accuracy and the proportion of 
test positive

Hierarchical 
models
bivariate versus 
HSROC 
modelbivariate 
modelHSROC 
model

Take into account correlation between sensitivity and specificity across 
studies while also allowing for variation in test performance between 
studies through the inclusion of random effectsThis bivariate model is a 
linear mixed model that enables joint analysis of sensitivity and 
specificity. It assumes a bivariate normal distributionThe HSROC model 
can be viewed as an extension of the Moses SROC approach in which 
the TPR and FPR for each study are modeled directly. It is a nonlinear 
generalized mixed model
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The second level of the bivariate model also applies a logit function, but here it 
transforms sensitivity and specificity according to the assumption of a bivariate nor-
mal distribution. From the authors experience in surgical studies in diagnostic meta- 
analysis, both approaches offer similar results [24].

A graphical curve can now be derived from these meta-analytical results 
(Fig.  19.5). The Moses-Littenberg SROC method represents a fixed-effects 
model approach. Following a linear regression technique, a curve is generated 
of expected sensitivities across a range of specificities. Diagnostic accuracy is 
measured by the area under the curve (AUC) and Q* values, where an AUC of 
1 is a perfectly accurate test compared to a gold standard, whereas an AUC of 
0.5 is indeterminate or representing random results with no accuracy. 
Alternatively the HSROC (hierarchical SROC) method can be applied as a rep-
resentation of a random-effects approach [25]. This is favored in surgical stud-
ies due to its conservative nature of accommodating heterogeneity from within 
and between studies in addition to accommodating any correlations between 
specificity and sensitivity. Once again AUC is considered the primary measure 
of outcome.

Finally, meta-regression techniques can be utilized across of diagnostic variables 
to assess their role in overall diagnostic results. Here meta-regression assesses input 
study quality if variables of study quality (from quality questionnaires) have been 
included in the analysis. This will offer added value to overall diagnostic results as 
it can differentiate whether overall outcomes are derived from all studies or only the 
highest-quality studies.
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Fig. 19.5 (a) Example of meta-analysis SROC curves. The horizontal axis demonstrates specific-
ity, while the vertical demonstrates sensitivity. The curve demonstrates the true-positive rate of 
each test at each true-negative value. The diagnostic accuracy of each modality is highest when the 
results of both axes tend closer to 100% (or 1) for both true positives and true negatives. Examples 
of an SROC curve with a smaller AUC (graph on the left) as compared to the graph on the right 
and, therefore, lower diagnostic accuracy
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19.5  Typical Problems in Surgical Diagnostic Meta-Analysis

Surgical diagnostic meta-analysis studies can suffer from the biases of the underly-
ing biases of surgical study data. Surgical studies are notoriously difficult to per-
form for multiple reasons that include the difficulties of surgeon equipoise, where 
surgeons typically have preference to their exact way of performing an operation 
compared to other techniques or other treatment modalities; this is typically due to 
the “craft” element of surgery where expert surgeons are archetypally trained as 
apprentices when on their surgical learning curve.

Randomized controlled trials (RCTs) are known to provide the highest level of 
evidence when used in meta-analyses studies due to the fact that they have the abil-
ity to reduce bias and deliver the most reliable results [26]. However, their conduc-
tion remains challenging for the majority of surgical studies [27, 28], and they 
remain predominantly applied for pharmacological interventions. Here surgical 
equipoise can be limited through the fundamental notion of selecting the appropri-
ate operation for the appropriate patient. While this is classified as indication, and 
not necessarily bias, RCTs seek to erase this selection “bias” [26], and as a result 
surgical RCTs may not be instigated.

Patient equipoise issue also exists where patients typically can demonstrate a 
preference for or against surgical treatments, for example, a patient may feel that a 
robotic operation represents cutting-edge technology and would demonstrate more 
positivity to their outcomes from such an operation. Additionally there are the 
established problems of pooling nonhomogeneous data from different sources and 
biases from individual studies [29, 30]. The very nature of surgery results in the fact 
that no two operations are ever exactly the same, even when performed by the same 
individual. This renders direct comparisons tricky, as there are anatomical, patho-
logical, and physiological differences in each case but also differences in operating 
environments, assistants, and even anesthetists. The subsequent interpretation of 
meta-analysis of this data is very complex, even when taken from a single surgical 
unit. Assessing surgical data from multiple surgeons and institutions leads to even 
greater data variation and nonhomogeneity that can afflict consequent diagnostic 
meta-analysis.

Additional sources of diagnostic accuracy meta-analysis bias revolve around the 
identification of studies because investigators familiar with the field often selec-
tively choose familiar papers and who have individual opinions regarding specific 
operations and outcomes [26]. For example, an author who believes strongly in the 
benefits of the laparoscopic approach for colon cancer may unintentionally exclude 
studies that do not support their view. Language bias may exist when literature 
searches fail to include studies conducted in foreign languages, because some 
authors consider that significant results are more likely to be published in English 
[18, 19].

As each operation requires preoperative work-up, intraoperative staff and equip-
ment factors, and postoperative care, the very nature of a surgical study (particularly 
in the setting of experimental and expensive devices) adds further difficulties in the 
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execution of surgical studies. This is because of logistical, financial, and technical 
reasons. For this reason surgical studies are typically smaller than their medical and 
pharmacological counterparts. This smaller data sample size results in poorly pow-
ered trials such that the subsequent diagnostic meta-analytical studies can be limited 
by the limitations of the underlying data. Together these surgical study characteris-
tics can augment the “rubbish-in rubbish-out” effect in surgical diagnostic meta- 
analytical study and should be considered strongly when interpreting results from 
surgical diagnostic accuracy meta-analyses.

 Conclusion
Surgical diagnostic meta-analysis offers a mechanism to address the increasing 
need for accurate, time-effective diagnostic surgical questions. This includes the 
appraisal of (1) surgical pathology, (2) disease imaging and tissue guidance, (3) 
specific elements to the pre-, peri-, and postoperative period, and (4) assessment 
of the broad range of novel new devices ranging from operative monitoring/
diagnostic instruments, stapling instruments, and robots. While several limita-
tions exist that stem from the underlying difficulties of executing surgical clini-
cal trials, these can be addressed with clear and transparent methodology and a 
balanced interpretation of results. Surgery remains a dynamic and continually 
expanding field positioned at the forefront of technological innovation. Diagnostic 
meta-analytical techniques can therefore offer a prime solution through which to 
process the ever-increasing volume of surgical outcome data into meaningful 
information for enhancing clinical outcomes, supporting safety and developing 
the next generation of cutting-edge surgical technology.
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Acronyms

GLMMs Generalized linear mixed models
HSROC Hierarchical summary receiver operating characteristic
IPD Individual patient-level data
MRI Magnetic resonance imaging
NPV Negative predictive value
PPV Positive predictive value
ROP Retinopathy of prematurity
SROC Summary receiver operating characteristic

20.1  Review of Existing Statistical Work on Diagnostic 
Meta-analysis

Systematic review of test performance is a rigorous approach for synthesizing evi-
dence in the evaluation of diagnostic/screening tests performance. Previous chap-
ters have been focusing on guiding the progress of diagnostic test assessments and 
discussing the major challenges during systematic reviews, such as small study 
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effects, appraising inconsistency, and moderators. When the included studies meet 
the prespecified quality criteria, the results can be quantitatively summarized by a 
meta-analysis, providing the estimates for quantities of key interest while account-
ing for the possible heterogeneity.

To date, a variety of statistical methods for diagnostic meta-analysis have been 
developed in the presence and absence of a gold standard. Assume that the perfor-
mance of a candidate test has been measured against a gold standard. The simplest 
method is to apply univariate fixed-effect or random-effects meta-analysis to esti-
mate sensitivity and specificity separately, ignoring any correlations that may exist 
between the two measures. However, sensitivity and specificity are often negatively 
correlated across studies [1] due to the fact that different thresholds may have been 
used to define positive and negative test results. The current methods essentially can 
be classified into two categories. The first category includes the summary receiver 
operating characteristic (SROC) curve approach (or Moses-Littenberg model) [2, 3] 
and a hierarchical summary receiver operating characteristic (HSROC) model [2–
5], which were based on modeling of accuracy and scale parameters while account-
ing for between-study heterogeneity. The second category includes models based on 
sensitivity and specificity, including the bivariate general mixed-effects models and 
bivariate generalized linear mixed models (GLMMs) [1, 5–9]. Interestingly, Harbord 
et al. [10] found that the bivariate GLMMs and HSROC models are closely related 
and even equivalent in the absence of covariates.

Despite that various statistical methods have been developed and available as 
guidance for investigators, it is time to consider future directions of diagnostic tests 
in meta-analysis. In fact, there remain many interesting and important topics in 
diagnostic meta-analysis that need to be investigated.

20.2  Advanced Methods of Diagnostic Meta-analysis

This subsection is an incomplete collection of topics that we believe are important 
for future research on meta-analysis of diagnostic test accuracy studies. These 
include (a) the robustness of model misspecifications and (b) the identifiability of 
models and the assumption of conditional independence for multiple diagnostic 
tests in the absence of a gold standard.

20.2.1  Model Robustness

Although the bivariate GLMMs and HSROC models take into consideration the 
correlation between sensitivity and specificity across studies, the standard likelihood- 
based inference sometimes suffers from computational issues, such as non- 
convergence or sensitivity to the choice of initial values due to the complexity of 
likelihood and the small number of studies; see Chen et  al. [11]. To circumvent 
these difficulties, composite likelihood [12]-based inference of meta-analysis of 
diagnostic tests has been developed [13]. Such a procedure not only avoids the 
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computational issues but also offers robustness to misspecification of joint distribu-
tions of sensitivity and specificity. In practice, many of diagnostic test accuracy 
studies involve not only case-control studies but also cohort studies. The bivariate 
GLMMs and HSROC models focus only on sensitivity and specificity and ignore 
the information on disease prevalence that is contained in cohort studies. As a con-
sequence, such methods cannot provide estimates of measures related to disease 
prevalence, including positive and negative predictive values (PPV and NPV), 
which reflect the clinical utility of a diagnostic test. Additionally, due to possible 
clinical variability or artifactual variation, sensitivity and specificity may vary with 
disease prevalence [14, 15]. Chu et al. [16] proposed a trivariate model to jointly 
analyze sensitivity, specificity, and disease prevalence. Chen et al. [11] proposed a 
general framework of jointly analyzing case-control and cohort studies while pro-
ducing robust inference on positive and negative predictive values. They also applied 
their method to the surveillance of melanoma patients where the goal was to detect 
the recurrence of melanoma in regional lymph nodes and/or distant sites at a point 
when it remains treatable. This method not only provided robust estimates of diag-
nostic accuracy for the four modern diagnostic imaging modalities but also pro-
duced patient-specific estimates of positive/negative predictive value of the 
recurrence of melanoma under various clinical settings, which directly supports 
clinical decision-making [11]. Ma et al. [17] developed Bayesian inference of this 
model. Although the composite likelihood-based inference can address the compu-
tational issues in standard likelihood-based inference and is robust to the misspecifi-
cations of correlations among sensitivity, specificity, and disease prevalence, more 
robust models are still warranted. For example, van Houwelingen et al. [6, 7] have 
relaxed the normality assumption of random effects to mixture distributions. Chen 
et  al. [18] have developed beta-binomial distributions as an alternative to allow 
heavy-tailed distributions. More work along this line toward robust inference is 
needed.

20.2.2  Absence of Gold Standard Test: Identifiability 
and Conditional Dependence

In diagnostic meta-analysis, a common problem occurs when the selected reference 
test may not be a gold standard due to measurement error, high cost, or nonexistence 
[19]. Failure to account for the errors in reference test can lead to substantial bias in 
the evaluation of candidate test accuracy [20]. Several statistical methods have been 
proposed for dealing with such a situation in the literature. Among them, two mod-
els have been developed to account for an imperfect reference test, namely, a multi-
variate generalized linear mixed model [21] and a hierarchical summary receiver 
operating characteristic model [22]. In practice, investigators may have to choose 
between one of these two models. In order to provide a useful guideline for model-
ing with diagnostic meta-analysis, Liu et  al. [23] provided a unification of these 
models and showed that these two models, although with very different formula-
tions, are closely related and are mathematically equivalent in the absence of 
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study-level covariates. Moreover, they have provided the exact relations between 
the parameters of these two models and assumptions under which two models can 
be reduced to equivalent sub-models. In other settings, studies may rely on two or 
more imperfect reference tests to verify the results of a candidate test, or studies 
may have multiple candidate tests with an imperfect reference. In the former case, 
the composite reference standard was developed by Alonzo and Pepe [24]; this 
method combines information from several imperfect reference tests to obtain a 
“pseudo-gold standard.” Such a method is appealing because it provides a simple 
fixed rule to assign a final diagnosis to each subject in a study population, reducing 
the effect of misclassification of disease status [25]. For the latter case, the latent 
class models have been developed for estimating diagnostic accuracy [26, 27], 
among others. Nevertheless, some possible limitations of latent class approach have 
been discussed in the literature [28, 29].

It is worth noting that two important issues need to be carefully considered during 
the evaluating the accuracy of multiple candidate tests in the absence of a gold stan-
dard, namely, model identifiability and dependence of diagnostic tests. First, when 
two or more candidate tests in the absence of a gold standard are simultaneously 
applied to each subject of a population, the lack of identifiability may occur. For 
example, if two imperfect diagnostic tests are considered and the data is summarized 
as a 2 × 2 table with at most three degrees of freedom; yet, in fact, there are five 
unknown parameters (one disease prevalence, two sensitivities, and two specificities) 
in the probability distribution that characterizes these data. To overcome such non-
identifiability, the Bayesian approach was conducted through the knowledge of 
unknown test characteristics as prior information [19]. Gustafson et al. [30] proposed 
to use nested models, i.e., model expansion and model contraction, to alleviate the 
identifiable issue, and concluded that non-identifiable models with moderate amount 
of prior information often outperform simpler but identifiable models. The second 
issue is the assumption of conditional independence. Some models and inferences 
for multiple tests rely critically on the assumption that the tests are independent con-
ditional on disease status; see Hui and Walter [31], Pepe and Janes [32], and Chu 
et al. [21]. However, it is not always satisfied in practice. Dendukuri and Joseph [33] 
considered the conditional dependence between two tests by allowing pairwise cor-
relation between two tests and random-effects model for correlation between more 
than two tests. In summary, the issue of model identifiability and conditional inde-
pendence remains challenging, and further work in this direction is in great need.

20.3  Future Work and Direction

Traditional meta-analyses provide the results based on aggregated data (or study- 
level data) from published studies. Over the past few decades, although statistical 
methods relying on aggregated data have been well-studied, these procedures may 
be highly susceptible to ecological fallacy bias in the literature [34–37]. In contrast, 
individual patient-level data (IPD) meta-analysis, which synthesizes the evidence 
from patient-level data, is regarded as a gold standard. IPD meta-analysis offers 
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several advantages compared with the traditional meta-analysis, including bias 
reduction, the ability to undertake updated analyses (e.g., follow-up data), and sub-
group analyses [38]. More specifically, since IPD meta-analysis allows the results 
that are derived directly from each study, it has potential to substantially reduce the 
effects of publication and reporting biases [38]. Moreover, IPD meta-analysis col-
lects more detailed information on individual-level characteristics/covariates; it 
therefore can increase statistical power to carry out subgroup analyses through 
meta-regression [34]. In particular, when the heterogeneity is present, the interpre-
tation of overall summary results (e.g., study-level covariates) can be misleading, 
whereas IPD meta-analysis allows investigation on individual characteristic as 
potential sources of heterogeneity between studies [39]. Despite these benefits, 
however, IPD may not be always available from all relevant studies due to high cost 
or logistic reasons [38]. Additionally, in some situations, those studies with avail-
ability of IPD may represent a biased subset of the available studies [38, 40, 41].

Recently, incorporating IPD, if available, into aggregated data has received 
increasing attention, which offers opportunities to inform personalized medical 
decisions based on patient-level characteristics and produces results tailored to the 
individual patients or clinically relevant subgroups [42, 43]. In the following two 
subsections, we will discuss the future work efforts needed to address a set of statis-
tical challenges in combining both IPD and aggregated data, development of diag-
nostic prediction research, and assessment of prediction models for further aiding of 
clinical decision-making. In addition, we will also discuss the opportunities and 
potential challenges when IPD is used alone.

20.3.1  Combination of Aggregated Data and Individual  
Patient- Level Data

IPD may be unavailable for all studies; the circumstance arises when IPD are acces-
sible for a subset of studies and aggregated data alone are available for the remain-
ing studies. To utilize all available data, several methods have been proposed to 
combine both IPD and aggregated data using treatment interventions or diagnostic 
studies [43–45]. Among them, only few published work focuses on how to synthe-
size both data from diagnostic tests, as well as to evaluate accuracy-by-covariate 
interactions; for example, see Riley et al. [45], where they have extended the stan-
dard bivariate random-effects meta-analysis.

When there is more than one diagnostic test simultaneously used to evaluate their 
accuracy, it is essential for patients and clinicians to select the most effective diag-
nostic test. In such case, the network meta-analysis, which is an extension of tradi-
tional pairwise meta-analysis, has been applied to compare multiple interventions 
for a combination of IPD and aggregated data. To our best knowledge, very few 
statistical methods on the synthesis of IPD and aggregated data for multiple diag-
nostic accuracy studies have been developed. Further research is needed on this 
topic. Additionally, for either pairwise meta-analyses or network meta-analyses, it 
is important to consider the case when there is no gold standard.
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In clinical practice, patients and care providers often face decisional dilemmas 
when multiple diagnostic tests are available, and therefore, prediction models are 
essential tools in aiding decision-making. The diagnostic prediction model is useful 
to convert combinations of multiple predictors, such as individual characteristics 
(e.g., age and smoking status), test results, and biomarkers, with preassigned 
weights to an estimated absolute risk or probability of disease [46, 47]. By modeling 
these predictors, a commonly used statistical method is through the multivariable 
regression framework, such as logistic or Cox regression [48]. In fact, many predic-
tion models are constructed from a single dataset. However, with the availability of 
IPD, the prediction models based on IPD has become increasingly appealing for 
improving the development and validation of prediction models [49]. For example, 
several authors [50–52] incorporated previously published univariable predictor- 
outcome association to construct a novel prediction model through univariate meta- 
analysis. When the multivariable associations are available from the literature, it 
will be difficult to incorporate them due to inclusion of different predictors, model 
overfitting, and other practical factors. These potential challenges have been dis-
cussed in Debray et al. [53]. Before implementing a diagnostic prediction model in 
clinical practice, model validation is also required, particularly for two major fac-
tors—discrimination and calibration [54, 55]. Debray et al. [56] focused on investi-
gating the generalizability of prediction model through the internal-external cross 
validation to combine model development with validation. A principle on IPD meta- 
analysis for prediction modeling can be found in Debray et al. [57]. Riley et al. [48] 
highlighted the importance of external validation of prediction modeling (e.g., dis-
crimination and calibration) on IPD meta-analysis. Nevertheless, several important 
issues remain open, including novel methods of model development and validation, 
particularly for the case in the absence of a gold standard, combination of tests, 
missing predictors, and between-studies heterogeneity in predictor effects.

20.3.2  Partial Verification Bias/No Gold Standard for Individual 
Patient-Level Data

Despite IPD method offers many opportunities, it still poses many methodological 
challenges, such as partial verification bias and no gold standard. Next we give two 
case studies to illustrate the potential challenges using IPD alone.

Case study 1: An example on the issue of verification bias is the study of endome-
trial carcinoma reported by Rockall et al. [58]. The histology test is considered as a 
gold standard, but an invasive method, for the diagnosis of the myometrial and 
cervical invasion in endometrial carcinoma. As an alternative, the magnetic reso-
nance imaging (MRI) with gadolinium enhancement has been used as a surrogate; 
it is a noninvasive, highly accurate, and less expensive diagnostic test for detecting 
lymph node metastases [59, 60]. This study includes 96 patients with endometrial 
carcinoma who had a MRI test performed between May 1995 and November 2004. 
Out of 96 patients, 68 had a negative MRI test and 28 had positive MRI. For those 
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patients with positive results, 18% of them have been evaluated by the gold standard 
test of the endometrial carcinoma. For those patients with negative results, 66% of 
them have been evaluated by the gold standard test following the MRI testing. This 
design, only partially verifies the subjects with gold standard, is more cost-effective 
compared to the standard design where all subjects are evaluated by both tests.

Case study 2: An example on the imperfect reference test is the study of retinopa-
thy of prematurity (ROP), which is an eye disease that occurs in premature infants. 
It is a leading cause of avoidable blindness in children worldwide [61]. When infants 
with ROP are diagnosed in early stage, they can often be effectively treated with 
laser retinal ablative surgery or other treatments [62, 63]. In this ROP study, the 
enrolled infants have undergone a sequential screening examinations on their paired 
eyes by study-certified ophthalmologists (hereafter referred as the ophthalmology 
test), which is often treated as a gold standard. Such screening process essentially 
tends to be time-intensive for the ophthalmologists, stressful for the infants, and 
related to medicolegal liability concerns [64–66]. The telemedicine-based digital 
retinal imaging test (hereafter referred as the imaging test) has been widely used in 
practice. In this ROP study, the preliminary findings suggest that the prevalence 
rates of ROP significantly differ among subpopulations; specifically, the prevalence 
rates of female and male groups are 21% and 31%, respectively. The sensitivity and 
specificity of both diagnostic tests (i.e., the ophthalmology test and the imaging 
tests) are approximately the same across subpopulations.

In case study 1, since the subjects were evaluated by the gold standard selec-
tively, i.e., subjects with positive results from the candidate test were less likely to 
be evaluated by the gold standard compared to the subject with negative result from 
the candidate test, ignoring such selective verification can lead to bias in the esti-
mate of diagnostic accuracy. Such a problem has been recognized by researchers 
[67, 68], and this type of bias is known as the partial verification bias. Statistical 
methods have been proposed to correct for the potential partial verification bias 
when using IPD data alone [68–72]. For multiple studies, Ma et al. [17] recently 
proposed a hybrid GLMM to correct bias in diagnostic meta-analyses. However, 
little work has been done in the setting of correlated data or longitudinal studies.

In case study 2, the evaluation from study-certified ophthalmologists is also 
error-prone. In fact, previous studies have suggested that the agreement between 
two independent ophthalmologists is poor, suggesting that the reference test is not 
a gold standard. This problem is related to the Hui-Walter framework [31]. 
Specifically, Hui and Walter proposed the model to estimate the accuracy of diag-
nostic tests when the accuracy of the gold standard is unknown [31]. In particular, 
their proposed approach requires that (1) two diagnostic tests are both applied to 
two populations with different disease prevalence rates and (2) the results of one 
diagnostic test are assumed to be independent of the other ones within the disease 
subpopulation and the disease-free subpopulation. Additionally, the accuracy of 
both diagnostic tests is assumed to be consistent among two different 
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subpopulations. Compared to the Hui-Walter framework, the key difference is that 
the ROP study involves the correlated and clustered data. Such correlated or clus-
tered data are common collected in medical research. Further work is required to 
deal with such problem.

In conclusion, significant efforts are underway to enhance statistical methods for 
diagnostic test accuracy studies. This chapter aims to provide an overview of the 
recent statistical advances on meta-analysis of diagnostic tests and suggest a few 
directions for future research. We believe that more advances in this important topic 
will have direct impacts to better clinical decision-making and more effective 
screening of diseases.
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Giuseppe Biondi-Zoccai

In the information era, it is naïve to believe that a single study, even if very well 
designed, conducted, and reported, with adequate precision and external validity, 
can provide a unifying and definitive answer to a clinical issue [1]. Accordingly, 
facing a plethora of similar studies, systematic reviews and meta-analyses remain 
the cornerstone of informed decision-making by pooling several disparate but simi-
lar studies and aiming at increasing precision and external validity [2, 3]. Diagnostic 
test accuracy studies represent a rule in this scenario, not an exception, as it is easy 
to perform such a type of study by, for instance, simply querying a sufficiently large 
administrative database and comparing the diagnostic accuracy of fasting blood glu-
cose levels to serum levels of glycosylated hemoglobin levels for the diagnosis of 
diabetes mellitus [4].

Thanks to the seminal contributions provided in this book, we hope to guide 
clinicians and researchers dwelling into the subtleties of medical diagnosis with 
some useful guidance to correctly design, conduct, interpret, report, and apply a 
meta-analysis of diagnostic test accuracy studies. While the ultimate scientific test 
of any diagnostic tool remains a randomized controlled trial, such an effort may be 
often challenging, as well as occasionally futile, and thus decision-making rests in 
most cases on diagnostic accuracy features, such as sensitivity, specificity, predic-
tive values, likelihood ratios, diagnostic odds ratios, and areas under the curve of the 
receiver operating curve. All of these dimensions can be easily and poignantly sum-
marized by meta-analysis. In addition, novel meta-analytic methods for diagnostic 
test accuracy studies can highlight sources of inconsistency, moderators, and small 
study effects and also perform indirect and network analyses.

It is far more important to know what person the disease has 
than what disease the person has

Hippocrates

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-78966-8_21&domain=pdf
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This textbook has made a compelling case of how careful application of estab-
lished and reproducible methods can ensure high-quality reviews, with credible 
results. In particular, prospective registration, careful design, and thorough search 
are mandatory prerequisites. Rigorous selection, abstraction, and appraisal ensure 
that data fed into the chosen statistical package are reliable, yielding similarly reli-
able results. Several specific methods for data pooling are presented, encompassing 
frequentist as well as Bayesian frameworks. Additional analyses including consis-
tency appraisal, small study effects, meta-regression, and network meta-analysis are 
also discussed. While most meta-analyses of diagnostic test accuracy studies will 
typically rest on a selection of such methods, it is important to become familiar with 
the more advanced methods, as they will likely become more and more common in 
the future, as evidence accrues and overlapping studies accumulate. Finally, several 
case studies in meta-analysis of diagnostic test accuracy hereby provided offer use-
ful examples of best practices in this field, highlighting the strengths as well as the 
weaknesses of such endeavors.

In the continuum of evidence, from case studies to umbrella reviews, meta- 
analyses of diagnostic test accuracy studies maintain an important place and will 
continue to contribute important pieces of evidence to guide decision-making [5]. 
Nonetheless, meta-analyses of intervention studies (in particular randomized con-
trolled trials) will continue to dominate the landscape of evidence synthesis. In 
addition, prognostic meta-analyses, while facing several challenges inherent to the 
primary studies included, are also an important piece of the puzzle, as are, at least 
to some extent, meta-analyses of prevalence and incidence studies.

We hope that this book will prove as a useful adjunct to the scholarly literature 
for practitioners aiming at better understanding and applying meta-analyses of 
diagnostic test accuracy studies, to clinician investigators aiming at conducting 
one on their own, and to researchers wishing to refine existing methods or devise 
new ones. As with any book devoted to clinical practice and research, it is likely 
it will become obsolete shortly. This should not be viewed pessimistically, as it 
will mean that novel and better methodological and applicative studies have 
broadened and deepened our shared understanding of evidence synthesis for clini-
cal diagnosis.

In conclusion, the outstanding international team of contributors of this textbook 
should be congratulated for providing such a comprehensive, up to date, and prag-
matic perspective on meta-analysis of diagnostic test accuracy studies.
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