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Abstract 

Background: Accurate evaluation of diagnostic tests is essential to guide clinical decision-making, 
particularly in surgical practice. Systematic reviews and meta-analyses of diagnostic test accuracy 
(DTA) are key for evidence synthesis; however, traditional approaches, including univariate pooling 
or simplified summary ROC (SROC) models such as the Moses–Littenberg method, often yield biased 
and clinically misleading estimates. Methods: This article presents a methodological guide to 
hierarchical random-effects models for DTA meta-analysis, structured around current evidence and 
best practices. Based on this framework, a simulated dataset was generated, and a comprehensive 
meta-analysis was performed. The analysis illustrates key methodological concepts, interpretation of 
model outputs, and the use of complementary tools, including likelihood ratios, scattergrams, meta-
regression, publication bias assessment, and outlier detection. It also provides a critical comparison 
of Stata commands for DTA meta-analysis (metandi, midas, metadta), outlining their methodological 
strengths and limitations to guide researchers in tool selection. Results: The traditional meta-analysis, 
performed with Meta-DiSc 1.4, applied the DerSimonian–Laird and Moses–Littenberg methods, 
produced separate sensitivity and specificity pooled estimates with artificially narrow confidence 
intervals and a symmetric, theoretical SROC curve extrapolated beyond the observed data range, 
thereby ignoring threshold variability and underestimating between-study heterogeneity. In 
contrast, the hierarchical random-effects model provided more realistic and clinically interpretable 
estimates. Joint modeling of sensitivity and specificity revealed substantial between-study variability, 
a strong negative correlation consistent with a threshold effect, an elliptical confidence region around 
the summary point (reflecting uncertainty in mean sensitivity/specificity), together with a broader 
prediction region indicating where 95% of future studies might fall. Influence diagnostics identified 
outliers and highly influential studies. Conclusions: Promoting the correct application and 
interpretation of hierarchical models in DTA meta-analyses is essential to ensure high-quality, 
reliable, and scientifically robust evidence. 
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Introduction 

Accurate diagnostic information is fundamental to surgical decision-making. Surgeons rely on 
diagnostic tests for key tasks such as patient selection for liver transplantation with non-invasive 
fibrosis assessment, detection of anastomotic leakage after colorectal surgery using biomarkers, or 
diagnosis of acute appendicitis with clinical scores. In these contexts, imaging, laboratory tests, and 
risk scores directly influence indications, timing, and perioperative management. 

Systematic reviews and meta-analyses of diagnostic test accuracy (DTA) are crucial for 
summarizing evidence and shaping clinical practice. However, methodological quality in surgical 
research remains inconsistent. Many reviews still employ outdated approaches, such as pooling 
sensitivity and specificity separately using basic random-effects models [1,2], which often yield 
biased, overly precise, or misleading estimates. 
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To overcome these limitations, advanced hierarchical models have been developed and are now 
considered the gold standard. Specifically, the hierarchical summary ROC (HSROC) model proposed 
by Rutter and Gatsonis [3] and the bivariate random-effects model (BRMA) introduced by Reitsma 
et al. [4] jointly account for within- and between-study variability, the correlation between sensitivity 
and specificity, and threshold effects, yielding more reliable estimates. 

Despite their advantages and endorsement by the Cochrane Collaboration [5], their application 
in surgical research is inconsistent, limited by statistical expertise, familiarity, and access to software. 
As a result, many surgical DTA meta-analyses still produce oversimplified or misleading estimates. 

This article provides surgeons and clinical researchers with a practical introduction to 
hierarchical models for DTA meta-analysis, focusing on their application in surgery. Beyond model 
structure and interpretation, it highlights complementary tools—such as Fagan nomograms, 
likelihood ratio scatterplots, and meta-regression—to improve precision and clinical relevance. 

Understanding Basic Diagnostic Test Accuracy Metrics: Beyond Sensitivity  
and Specificity 

The diagnostic performance of a test is typically summarized by sensitivity and specificity. 
Sensitivity is the ability to correctly identify individuals with a disease, while specificity reflects the 
correct classification of individuals without a disease. Although often presented as intrinsic test 
properties, both depend on the diagnostic threshold applied [6,7]. 

In surgical research, thresholds are commonly based on biomarker levels, imaging findings, or 
clinical scores. For instance, the Alvarado or AIR scores classify the risk of appendicitis using 
predefined cut-offs, while carcinoembryonic antigen (CEA) thresholds guide surveillance for 
colorectal cancer recurrence. Lower thresholds increase sensitivity at the expense of specificity, and 
higher thresholds do the opposite. 

A common example is C-reactive protein (CRP), which is used to detect postoperative 
complications. Studies using lower CRP cut-offs report high sensitivity (≈90%) but low specificity 
(≈50%), producing false positives. Higher thresholds yield greater specificity (≈85%) but reduced 
sensitivity (≈65%), increasing false negatives. These trade-offs illustrate the threshold effect, the 
inverse relationship between sensitivity and specificity across studies [8]. 

Receiver operating characteristic (ROC) analysis evaluates test performance across all possible 
thresholds by plotting sensitivity against 1–specificity. The area under the ROC curve (AUC) 
summarizes overall discrimination: 1 indicates perfect accuracy, 0.5 random chance [9–11]. Although 
widely reported, AUC is threshold-independent and does not reflect performance at clinically 
relevant cut-offs. Reporting sensitivity, specificity, and likelihood ratios at defined thresholds, 
therefore, remains essential. 

Positive and negative predictive values (PPV, NPV) describe the probability of disease given a 
positive or negative test [12]. However, both depend strongly on disease prevalence: in low-risk 
populations, PPV is low, while in high-risk groups, PPV increases. 

Likelihood ratios (LRs) provide prevalence-independent measures [13,14]. LR+ quantifies how 
much more likely a positive result is in diseased versus non-diseased individuals; LR– expresses how 
much less likely a negative result is in diseased versus non-diseased individuals. In practice, an LR+ 
>10 supports disease confirmation, while an LR– <0.1 supports exclusion. However, such extreme 
values are rare in surgical research, where most tests yield intermediate ratios that only modestly 
shift diagnostic probability. For instance, pooled analyses of the Alvarado score in children show an 
LR+ ≈2.4 and an LR– ≈0.28: useful for refining suspicion but insufficient to rule in or rule out 
appendicitis [15]. 

The Diagnostic Odds Ratio: Interpretation and Limitations 

The diagnostic odds ratio (DOR) is frequently reported in systematic reviews and meta-analyses 
as a global indicator of test performance. It expresses how much greater the odds of a positive test 
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are in diseased individuals compared with non-diseased. Here, “odds” means the probability of an 
event divided by the probability of it not occurring (p / [1–p]). For example, if a test detects disease 
in 80% of cases, the odds are 0.8 / 0.2 = 4. Mathematically, the DOR is calculated as: 

DOR = (TP × TN) / (FP × FN) 

Higher DOR values indicate better discrimination, with 1 reflecting no diagnostic ability [16]. 
However, the DOR has significant limitations: it compresses sensitivity and specificity into a single 
number, hides clinically relevant trade-offs, and lacks intuitive interpretation. 

This limitation is particularly relevant in surgical contexts, where priorities differ. Maximizing 
sensitivity is crucial for diagnosing postoperative complications, such as anastomotic leakage, where 
false negatives can be particularly dangerous. Conversely, maximizing specificity is essential when 
considering reoperation for suspected bile duct injury, where false positives may lead to unnecessary 
surgery. The DOR, as a single global estimate, cannot capture these context-specific trade-offs or 
threshold effects. 

The DOR lacks intuitive clinical interpretation. Unlike sensitivity, specificity, or LRs, it does not 
translate into probabilities and may overestimate a test’s value. 

It is essential to distinguish the DOR from the conventional odds ratio (OR). Although 
mathematically similar, the OR measures exposure–outcome association, not diagnostic 
performance. As Pepe et al. note, a significant OR does not imply clinically useful accuracy [17]. 

Thus, while the DOR may be reported for completeness, it should not be the primary indicator 
of diagnostic performance. Sensitivity, specificity, likelihood ratios, and post-test probabilities remain 
the essential, clinically interpretable metrics. 

Why Hierarchical Models Are Needed in Diagnostic Test Accuracy  
Meta-Analyses 

Diagnostic research is inherently heterogeneous. Populations differ in demographics and 
disease prevalence, reference standards are inconsistent, and diagnostic tools vary in technique and 
operator expertise. For example, appendicitis scores show different accuracy in children versus 
adults; radiological criteria for bile duct injury after cholecystectomy are not uniform; and biomarker 
assays such as CRP or procalcitonin vary depending on whether ELISA, high-sensitivity, or point-of-
care methods are used. Study design (prospective vs. retrospective), risk of bias, and post hoc 
threshold adjustments add further variability. 

A central source of heterogeneity is the threshold effect: adjusting the positivity cut-off directly 
shifts the balance between sensitivity and specificity. For instance, lowering a CRP cut-off after 
colorectal surgery raises sensitivity (fewer missed leaks) but lowers specificity (more false positives). 
Raising the threshold has the opposite effect. 

Conventional pooling methods—such as DerSimonian–Laird or the Moses–Littenberg SROC 
[18]—ignore this correlation by imposing a fixed symmetric ROC relationship that cannot capture 
threshold-specific effects. As a result, they often underestimate heterogeneity and give overly precise, 
clinically misleading estimates. Despite these limitations, they are still used, mainly due to reliance 
on outdated tools like Meta-DiSc 1.4 or RevMan. 

Hierarchical models address these shortcomings. The HSROC model [3] and the bivariate model 
[4] jointly synthesize sensitivity and specificity, incorporate threshold effects, and model both within- 
and between-study heterogeneity. Their outputs include summary points, HSROC curves, and 
variance components that reflect real-world variability. For these reasons, hierarchical models are 
endorsed by methodological authorities, including the Cochrane Handbook, as the gold standard for 
DTA meta-analysis [19,20]. 
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Hierarchical Models for DTA Meta-Analyses: Structure and Parameterization 

The term ‘hierarchical’ means that the model operates on two levels at once: it accounts for 
uncertainty within each individual study and simultaneously models the variability between studies. 

Two hierarchical random-effects models are considered the methodological standard: the 
HSROC model [3] and the bivariate random-effects model (BRMA) [4]. Both share the same statistical 
foundation, allowing joint synthesis of sensitivity and specificity while modeling their correlation 
and between-study heterogeneity. 

The HSROC model assumes each study reflects an underlying ROC curve, with threshold 
variability contributing to heterogeneity. Its parameterization—Λ (accuracy), Θ (threshold), β (slope), 
σ²ₐ (variance for accuracy), and σ²ₜₕ (variance for threshold)—produces a global ROC curve with 
confidence regions. It is particularly useful when studies apply different thresholds, as the summary 
curve is more informative than a single pooled point. 

The BRMA model directly analyzes logit-sensitivity and logit-specificity, preserving their 
correlation. The logit is a mathematical transformation that converts proportions such as sensitivity 
and specificity (bounded between 0 and 1) into values on the entire real line, stabilizing variances 
and making the data more suitable for linear modeling. Parameters include μₐ (mean logit-
sensitivity), μᵦ (mean logit-specificity), σ²ₐ (variance for sensitivity), σ²ᵦ (variance for specificity), and 
ρₐᵦ (the correlation between logit-sensitivity and logit-specificity). This parameterization produces a 
summary point estimate with confidence and prediction regions, which is especially meaningful 
when studies use the same threshold, providing a concise pooled estimate. 

Both HSROC and BRMA models are statistically robust and produce equal results under most 
conditions, particularly in the absence of covariates or meta-regression. Their use is endorsed by 
leading methodological authorities, including the Cochrane Handbook for DTA Reviews [5], as 
essential tools for generating valid, reliable, and clinically interpretable estimates of diagnostic 
accuracy. However, confusion in terminology persists, as the terms “bivariate model,” “hierarchical 
model,” and “HSROC” are often used interchangeably. While both derive from the same framework, 
they differ in parameterization and interpretative focus. Selecting the appropriate model depends on 
whether studies use common thresholds (favoring BRMA) or varying thresholds (favoring HSROC). 

Which Metrics Should Be Reported in Diagnostic Test Accuracy Meta-Analyses 

DTA meta-analyses should report clinically interpretable and statistically robust parameters. 
Core metrics include pooled sensitivity and specificity with 95% CIs, LR+ and LR– with CIs, and the 
HSROC curve and summary point with its confidence and prediction regions [5]. 

As previously discussed, both AUC and DOR have important limitations; they may be included 
for completeness but should never replace sensitivity, specificity, or likelihood ratios as primary 
measures. 

Finally, confidence intervals depend on the method used. Exact approaches such as Clopper–
Pearson yield wider, more conservative bounds that better reflect uncertainty, especially with small 
samples or extreme proportions. Modern implementations in R and Stata rely on more advanced and 
robust methods that incorporate between-study heterogeneity more appropriately. 

Selecting the Appropriate Statistical Software for Diagnostic Accuracy  
Meta-Analysis 

The correct application of hierarchical models depends not only on conceptual understanding 
but also on appropriate software. Although HSROC and BRMA are considered the gold standard, 
many commonly used platforms either lack support for these models or present substantial 
limitations [21]. 

Several options exist, including Meta-DiSc [22], RevMan [23], R [24], SAS [25], and Stata [26]. 
Meta-DiSc v1.4 does not implement hierarchical models, instead relying on separate pooling with the 
DerSimonian–Laird method or simplified SROC curves based on the Moses–Littenberg method. 
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These approaches partly account for sensitivity–specificity correlation but cannot model threshold 
variability or heterogeneity, often producing biased or overly optimistic estimates. The more recent 
Meta-DiSc 2.0 incorporates hierarchical modeling, although its functionality remains limited 
compared to R or Stata. RevMan (v5.4) is also widely used but restricted to traditional, non-
hierarchical methods. 

By contrast, R and Stata allow the correct application of hierarchical models. R, as an open-source 
environment, provides extensive functionality (BRMA, HSROC, meta-regression, advanced 
visualizations) but requires programming skills. SAS [25] also supports hierarchical modeling but is 
less accessible due to licensing and limited adoption in surgical research. 

Stata (StataCorp LLC, College Station, TX) [26] provides a balanced alternative, combining 
extensive analytical capabilities with greater user accessibility. Within Stata, three commands—
metandi (Harbord & Whiting), midas (Dwamena), and metadta (Nyaga & Arbyn) [27–30]—enable 
hierarchical DTA workflows with important differences. Both metandi and metadta fit the BRMA 
and derive HSROC parameters/curves by formal re-parameterization; they do not fit a second 
HSROC model. midas draws a ROC curve as a continuous extrapolation of BRMA output, not a 
formally parameterized HSROC; consequently its AUC and prediction region are approximations. 

• metandi [27]: Was the first Stata command for hierarchical DTA meta-analysis. It is more limited 
in scope but provides a detailed output of all core model parameters. However, it lacks meta-
regression and offers only limited graphical customization. 

• midas [28]: Although limited in some aspects, it remains a complementary option for hierarchical 
modeling. It integrates exploratory tools, including heterogeneity plots, goodness-of-fit checks, 
Fagan nomograms, likelihood ratio scattergrams, and Deeks’ regression test for publication bias. 
It can estimate the AUC with 95% CI, but these values may be biased since they are not obtained 
from a formal HSROC model. Meta-regression is available but restricted to univariable analyses 
(although multiple univariates can be displayed simultaneously on screen, as illustrated in this 
article). A practical caveat is that midas may occasionally return an AUC of 1.0 with CI 0–1 if the 
Excel file contains hidden rows; deleting unused rows or copying data into a new clean sheet 
resolves this issue. 

• metadta [29,30]: Is the most modern and versatile Stata command for DTA meta-analysis. It offers 
extensive functionalities, including bivariate I² estimation (Zhou et al.), advanced meta-
regression capabilities, and highly customizable graphical outputs. It is currently the preferred 
tool for conducting methodologically rigorous DTA meta-analyses within the Stata 
environment. Nonetheless, it has some limitations in specific analyses, particularly regarding 
graphical utilities, where midas provides complementary features (e.g., Fagan nomograms, 
likelihood ratio scattergrams, and integrated diagnostic plots). 

Table 1 presents the main distinctions among the Stata commands most commonly used to 
implement these models (metandi, midas, and metadta). 

Table 1. Comparative features of Stata commands for meta-analysis of diagnostic test accuracy. 

Feature metandi (Harbord & Whiting, 2009) midas (Dwamena, 2007) 
metadta (Nyaga & Arbyn, 

2022) 

Primary Model 

BRMA only. HSROC 
parameters/curve derived from 

BRMA output (not a separately fitted 
HSROC model). 

BRMA only. ROC curve is an 
indirect approximation 
derived from the BRMA 

output, not a formal HSROC 
model. 

BRMA (bivariate framework); 
HSROC curve obtained via 
formal re-parameterization 

(mathematically equivalent to 
Rutter & Gatsonis). 

Meta-Regression Not supported. 
Univariable only. Cannot fit 

multivariable models. 
Supports both Univariable and 
Multivariable meta-regression. 

Heterogeneity Metrics 
Reports between-study variance 

components (τ²). Does not calculate a 
bivariate I² statistic. 

Reports univariate I² statistics, 
ICCs for sensitivity and 
specificity, and median 
sensitivity/specificity 

estimates. Does not calculate 

Reports between-study 
variance (τ²) and the bivariate 

I² (Zhou) 
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between-study variance 
components (τ²) 

Influence Diagnostics 
Supported via the predict post-

estimation command to obtain Cook's 
distance and standardized residuals. 

Supported via the integrated 
modchk option, which 

generates a panel of four 
diagnostic plots. 

No built-in commands for 
influence diagnostics. Requires 

manual post-estimation 
calculations. 

Publication Bias Test Not supported. 

Supported via the pubbias 
subcommand, which 

implements the recommended 
Deeks' test. 

Not supported. 

Clinical Utility Tools Not supported. 

Provides Fagan nomograms, a 
likelihood ratio scattergram, a 

bivariate boxplot for outlier 
detection, and calculates the 
diagnostic odds ratio (DOR). 

Not supported. 

Graphical Output 
Generates a formal HSROC plot with 
correctly calculated confidence and 

prediction regions. 

Generates an approximate 
ROC plot, Fagan nomograms, 
and various other diagnostic 

plots. 

Generates high-quality forest 
plots and an HSROC plot with 
correctly calculated confidence 

and prediction regions. 

Key Limitation 

Lacks meta-regression and many 
modern analytical features. Can be 
prone to model convergence issues, 
especially with sparse data or zero-

events. 

The prediction region is 
methodologically flawed and 

inflated due to ignoring 
covariance. The reported AUC 

is an extrapolation based on 
untestable assumptions. 

Lacks built-in functions for 
publication bias assessment 
and influence diagnostics, 
requiring the use of other 
packages (like midas) to 
complete a full analysis. 

BRMA = bivariate random-effects meta-analysis (Reitsma model); HSROC = hierarchical summary receiver 
operating characteristic model (Rutter & Gatsonis); τ² = between-study variance; I² = heterogeneity statistic; ICC 
= intraclass correlation coefficient; Se = sensitivity; Sp = specificity; DOR = diagnostic odds ratio; LR = likelihood 
ratio; AUC = area under the curve; ρₐᵦ (rho) = correlation coefficient between sensitivity and specificity; ROC = 
receiver operating characteristic. 

In summary, while multiple software options exist for DTA meta-analysis, only a subset enables 
appropriate hierarchical modeling aligned with current methodological standards. Stata provides a 
robust, accessible environment, with metadta [29,30] representing the most comprehensive option for 
producing clinically meaningful and statistically sound syntheses of diagnostic performance. 
Equivalent hierarchical workflows are available in R (e.g., mada, diagmeta) for open-source 
implementations. 

Heterogeneity in Diagnostic Test Accuracy Meta-Analyses 

Heterogeneity is one of the most significant challenges in meta-analysis of diagnostic test 
accuracy (DTA). It can arise from multiple sources, including differences in patient populations, 
disease prevalence, reference standards, study design, and methodological quality. Threshold 
selection is also a key contributor: lowering a cut-off usually increases sensitivity at the expense of 
specificity, while raising it has the opposite effect. 

Traditional measures of heterogeneity widely used in intervention reviews, such as Cochran’s 
Q test and Higgins’ I² statistic [31], are not appropriate in this context. They ignore the intrinsic 
correlation between sensitivity and specificity caused by threshold effects and can therefore 
overestimate or misrepresent between-study variability. 

To address this, Zhou et al. proposed a bivariate I² [32], which jointly accounts for variability 
and correlation within the hierarchical framework. When reported together with τ² estimates for 
sensitivity and specificity, and complemented by prediction regions in HSROC or BRMA plots, it 
provides a more accurate and clinically meaningful picture of residual heterogeneity. The bivariate 
I² has been implemented in metadta [29,30] and is increasingly considered a complementary valid tool 
for quantifying heterogeneity in DTA meta-analyses. 

As a preliminary exploratory step, many DTA meta-analyses report the Spearman correlation 
coefficient (ρ), which evaluates the relationship between sensitivity and specificity across studies. A 
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strong negative correlation suggests the presence of threshold effects, where differences in positivity 
thresholds drive the sensitivity–specificity trade-off [5]. 

Beyond global heterogeneity estimates, BRMA provides variance components for sensitivity 
(σ²ₐ) and specificity (σ²ᵦ), which quantify between-study variability not explained by within-study 
precision. Larger values indicate greater heterogeneity and reduced reproducibility of diagnostic 
performance. 

While informative, Spearman’s ρ is only a unidimensional approximation and cannot capture 
the multidimensional heterogeneity addressed by hierarchical models. It is important to stress that a 
high absolute ρ should not be interpreted as a literal percentage of heterogeneity explained, nor as 
interchangeable with the model-based correlation (ρₐᵦ). For clarity, the reported correlation must 
always be specified explicitly. Properly framed, the two serve distinct purposes: Spearman’s ρ is 
exploratory, generating hypotheses about threshold effects, whereas ρₐᵦ is the formal inferential 
parameter within BRMA, as it accounts for study precision. 

Finally, prediction regions from BRMA offer a graphical representation of heterogeneity. These 
regions define the expected range in which 95% of future studies are likely to fall, complementing 
confidence intervals and providing an intuitive visualization of between-study variability. 

Meta-Regression in Diagnostic Test Accuracy Meta-Analyses 

Beyond global summary estimates, exploring sources of heterogeneity is essential to improve 
the clinical interpretability and methodological rigor of DTA meta-analyses [5]. A critical 
methodological requirement is that potential covariates for meta-regression be defined a priori; post 
hoc selection constitutes data dredging and inflates the risk of spurious associations. 

Meta-regression extends hierarchical models by evaluating whether study-level covariates—
such as study design (prospective vs. retrospective), patient population (pediatric vs. adult), risk of 
bias (QUADAS-2), disease prevalence, or diagnostic thresholds—explain variability in sensitivity, 
specificity, or overall performance. Univariable analyses examine covariates individually, while 
multivariable approaches allow simultaneous adjustment for several factors. Although more 
informative, the latter requires larger datasets; methodological guidance recommends at least 10 
studies per covariate to reduce type I error and instability [5]. 

Even when pre-specified, meta-regression remains exploratory and observational. Associations 
must not be interpreted as causal, as they may reflect residual confounding, ecological bias, or 
imbalanced covariate distributions. Limited power is common in DTA research, further amplifying 
the risk of misleading or unstable results. 

Applied with caution, meta-regression can nevertheless yield valuable insights into how 
diagnostic performance varies across settings, populations, and methodological designs, refining 
evidence synthesis and guiding future research priorities. 

Publication Bias in Diagnostic Test Accuracy Meta-Analyses 

Publication bias is a recognized threat to the validity of meta-analyses, including those of DTA. 
It occurs when studies with favorable diagnostic performance—such as high sensitivity, specificity, 
or DOR—are more likely to be published, inflating pooled estimates and generating misleading 
conclusions. 

Detecting publication bias in DTA poses methodological challenges. Classical tools—funnel 
plots, Begg’s test, and Egger’s regression—are widely used in intervention research, but they assume 
a single continuous effect size and independence between outcomes. These assumptions do not hold 
in DTA because sensitivity and specificity are paired [33,34]. Consequently, applying Begg’s or 
Egger’s tests is inappropriate in DTA and may produce misleading results [5,35,36]. 

To address this, Deeks’ regression test was specifically developed for DTA. It regresses the log 
DOR against the inverse square root of the effective sample size; smaller studies with exaggerated 
performance estimates cluster asymmetrically. A significant slope (p < 0.1) suggests small-study 
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effects, potentially indicating publication bias. The Cochrane Handbook and other major guidelines 
endorse Deeks’ test. However, it has limited power when <10 studies are available, so results must 
be interpreted cautiously. Also, even with more studies, its power is often modest, and a non-
significant Deeks test does not exclude publication bias; it indicates insufficient evidence for small-
study effects given the available data. 

In Stata, midas incorporates a subcommand (pubbias) that implements Deeks’ test and produces 
a graphical output. In contrast, metandi and metadta do not include this function, requiring 
complementary tools (e.g., midas or manual coding). 

Publication bias is only one of several possible biases in DTA meta-analysis. Others include 
spectrum bias, selection bias, partial verification bias, misclassification, information bias, and disease 
progression bias. Most tend to overestimate accuracy, though in some contexts they may 
underestimate it [2]. Considering these factors alongside formal publication bias assessment is critical 
for a transparent and clinically meaningful synthesis. 

Complementary Tools for Interpreting DTA Meta-Analyses: Fagan Nomograms, 
Scatterplots, and Beyond 

Beyond summary estimates and HSROC curves, complementary tools improve the clinical 
interpretability of DTA meta-analyses, bridging statistical outputs with practical decision-making in 
surgery and other high-stakes settings. 

The Fagan (Bayesian) nomogram is widely used to translate test accuracy into clinically relevant 
terms [37]. It illustrates how pre-test probability, likelihood ratios (LR+ and LR−), and post-test 
probability interact. By applying likelihood ratios from a meta-analysis to an estimated pre-test 
probability, clinicians can approximate post-test probabilities, facilitating risk stratification and 
diagnostic reasoning. 

Likelihood ratio scatterplots provide another intuitive display [38]. Unlike ROC scatterplots, 
they plot LR+ against LR− across studies, highlighting variability, outliers, or subgroup effects. The 
scattergram defines four quadrants of informativeness: 

1. Upper Left Quadrant: LR+ < 10, LR− < 0.1 — diagnostic exclusion only 
2. Upper Right Quadrant: LR+ > 10, LR− < 0.1 — both exclusion and confirmation 
3. Lower Right Quadrant: LR+ > 10, LR− > 0.1 — diagnostic confirmation only 
4. Lower Left Quadrant: LR+ < 10, LR− > 0.1 — neither exclusion nor confirmation 

This allows rapid assessment of a test’s confirmatory and exclusionary potential, complementing 
AUC or DOR. 

Model diagnostics further evaluate heterogeneity and influence. Cook’s distance quantifies the 
leverage of each study: a study is influential if its value is much larger than others [27]. Standardized 
residuals indicate misfit, with values beyond ±2 suggesting outliers. Used together, they reveal 
whether specific studies disproportionately alter sensitivity, specificity, or thresholds. 

In midas [28], these analyses are integrated into a simplified workflow suitable for clinicians or 
researchers without advanced statistical expertise. The modchk command generates four diagnostic 
plots: (1) residuals for goodness-of-fit, (2) a probability plot for bivariate normality, (3) Cook’s 
distance for influential studies, and (4) standardized residuals to evaluate model fit at the study level. 
While practical, midas does not implement a formally parameterized HSROC model. Consequently, 
its outputs may differ from those produced by more rigorous tools such as metandi [27] or metadta 
[29,30]. 

Prediction regions in midas HSROC plots are often exaggerated because the program sums the 
variances of logit-sensitivity and logit-specificity without accounting for their negative covariance, 
markedly inflating the region [28]. By contrast, metadta [29,30] incorporates Zhou’s bivariate I² [32], 
providing a more accurate and robust representation of heterogeneity and prediction intervals. 

Bivariate boxplots, also available in midas [28], offer another way to explore heterogeneity by 
plotting logit-sensitivity against logit-specificity. Concentric regions represent the expected 
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distribution under a bivariate normal model, and studies outside the outer envelope are flagged as 
potential outliers. Such studies often display atypical sensitivity–specificity trade-offs due to 
threshold effects, distinct populations, or methodological variability. In the analysis, the bivariate 
boxplot identified four outliers, including studies with unusually high sensitivity but low specificity, 
and others with distorted trade-offs linked to elevated thresholds or pediatric cohorts. When 
interpreted alongside Cook’s distance and standardized residuals, this tool provides a robust visual 
assessment of data integrity and sources of heterogeneity beyond numerical summaries. 

Together, these complementary tools—when appropriately applied—enhance the transparency, 
diagnostic validity, and clinical utility of DTA meta-analyses, supporting reliable evidence synthesis 
for decision-making. 

Table 2 summarizes the main differences between classical and hierarchical models in their 
application to DTA reviews. 

Table 2. Conceptual and methodological differences between traditional and hierarchical meta-analytical 
models for diagnostic test accuracy. 

Aspect Traditional Models (DerSimonian-
Laird, Moses-Littenberg) Hierarchical Models (HSROC, BRMA) 

Software 
Availability 

Multiple platforms, including 
outdated tools: MetaDisc 1.4, 

RevMan 5.4, Stata, R, SAS. 

Stata, R, Meta-DiSc 2.0 (limited but specific 
support). 

Reported Metrics 
Sensitivity and specificity (analyzed 
separately), symmetric ROC curve, 

DOR. 

Joint modeling of sensitivity and specificity, LR+, 
LR–, DOR; hierarchical ROC curve (data-restricted); 

AUC estimated in select cases. 
Confidence 

Intervals 
Often narrow and symmetric, prone 

to underestimating uncertainty. 
Data-dependent, typically wider and asymmetric, 

better reflect true variability. 

Heterogeneity 
Assessment 

Cochran's Q and I² statistics (may 
misrepresent variability due to inability 

to disentangle threshold and non-
threshold heterogeneity). 

Bivariate I² (Zhou), variance estimates for sensitivity 
and specificity, prediction regions for visual 

assessment. 

Threshold Effect 
Handling 

Ignored; assumes a common 
threshold across studies, may distort 

pooled estimates. 

Models threshold heterogeneity by allowing study-
specific operating points via random effects; 

HSROC separates accuracy and threshold 
components. A negative Se–Sp correlation often 

arises under threshold variability but is a 
consequence, not the mechanism 

Interpretation of 
ROC Curve 

Assumes a symmetric ROC curve as 
a mathematical simplification, 
which may not reflect the true 

asymmetry or variability present in 
empirical data. The curve is often 
extrapolated beyond the observed 

data range. 

The ROC curve is typically constrained to the 
empirical data range, incorporating asymmetry, 

threshold effects, and between-study heterogeneity. 
Best practice is to display the HSROC primarily 

over the observed operating range to avoid 
misleading extrapolation; extrapolation is a plotting 

choice, not a model property 

Summary Estimates 
Robustness 

Pooled estimates (Se, Sp, DOR) are 
often misleading when there is high 

heterogeneity. 

Summary points and prediction regions account for 
between-study variability and correlation. 

Advanced 
Diagnostics Not available. 

Influence diagnostics (Cook's distance, standardized 
residuals), bivariate boxplots, LR+ and LR- 

scattergrams, model fit assessment. 
Meta-Regression Not available. Available (univariable and multivariable). 
Outlier Detection 
and Robustness Limited capacity. 

Systematic outlier identification supports sensitivity 
analyses and model refinement. 

Publication Bias 
Assessment 

Begg's test, Egger's regression, 
funnel plots (limited validity for 

DTA) 
Deeks' test (specifically designed for DTA). 
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Study-Level 
Variance Handling 

Often underestimated; ignores study 
clustering. 

Explicit variance modeling for sensitivity and 
specificity; accounts for within- and between-study 

variability. 
HSROC: Hierarchical summary receiver operating characteristics model (Rutter and Gatsonis); BRMA: 
Bivariate random effects model (Reitsma); Se: Sensitivity; Sp: Specificity; DOR: Diagnostic odds ratio; DTA: 
Diagnostic test accuracy meta-analysis. 

Application of Hierarchical Models in Surgical Diagnostic Research:  
A Practical Example 

To illustrate the practical implications of model selection in DTA meta-analyses, a simulated 
dataset of 30 studies was generated to evaluate a hypothetical biomarker for diagnosing a surgical 
condition. The dataset was designed to reflect common features of real-world surgical research, 
including threshold variability, between-study heterogeneity, and a marked threshold effect. 

Let’s suppose that, as part of the meta-analytic design, the analytical strategy was pre-specified 
a priori (as it should be), with covariates, models, and sensitivity analyses defined before looking at 
the results. Three covariates were pre-specified as clinically and methodologically relevant for 
subsequent meta-regression: (i) risk of bias in the index test domain of QUADAS-2, due to the 
continuous nature of the biomarker and the risk of overfitting when thresholds are defined post hoc; 
(ii) study population (adult vs. pediatric), reflecting inherent differences in diagnostic performance; 
and (iii) study design (retrospective vs. prospective), given its potential to introduce bias. This pre-
hoc specification ensured that the analyses followed a transparent, hypothesis-driven framework 
rather than exploratory data dredging. For illustrative purposes, all covariates in this example were 
treated as dichotomous variables to simplify the demonstration of syntax and interpretation. 
However, it is essential to stress that dichotomization of continuous covariates is methodologically 
discouraged in real analyses, as it reduces power and may create artificial associations. Importantly, 
although multiple covariates were explored here, formal meta-analyses should avoid testing 
numerous regressions without adequate power. Best practice is to pre-specify in the protocol a 
limited set of one or two clinically justified covariates, ensuring at least 10 studies per covariate to 
support valid inference. 

Subsequently, a properly structured dataset was assembled in spreadsheet format (e.g., Excel). 
It included a study identifier (commonly labeled as studyid; study_id; or id), followed by 2×2 
contingency data: true positives (tp), false positives (fp), false negatives (fn), and true negatives (tn), 
ideally in that order. In real-world datasets, if a study contained a zero cell in its 2×2 table, continuity 
correction (e.g., adding 0.5 to all four cells) or Bayesian models were applied to enable logit 
transformations. Some statistical packages/commands (e.g., metandi) failed when zero cells were 
present. In contrast, more modern implementations, such as metadta, handled them automatically 
(e.g., by fitting the model directly on the binomial likelihood rather than on logit-transformed 
proportions). 

Additional columns incorporated the three pre-specified study-level covariates. In meta-
regression, dichotomous covariates are coded in a binary fashion: the reference category is coded as 
0 (“No”), and the comparison category as 1 (“Yes”). Accordingly, high risk of bias in the index test 
domain of QUADAS-2 (No vs. Yes), pediatric population (No vs. Yes), and study design 
(retrospective vs. prospective) were coded following this convention. This dataset exemplified the 
recommended structure before initiating a DTA meta-analysis. It is important to note that this 
framework assumed a single threshold per study. When individual studies reported multiple 
thresholds, one had to be selected, or specialized methods—such as bivariate ROC curve meta-
analysis—were applied, which are beyond the scope of this guide. 

The Conventional (Flawed) Analysis: Meta-DiSc 

Initially, a conventional, non-bivariate meta-analysis was applied using Meta-DiSc (version 1.4). 
Separate random-effects models (DerSimonian-Laird) were used to pool sensitivity and specificity 
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independently, and a symmetric SROC curve was generated using the Moses-Littenberg method. As 
expected, this approach ignored threshold variability, between-study heterogeneity, and the intrinsic 
correlation between sensitivity and specificity. The results appeared falsely precise, with narrow 
confidence intervals: pooled sensitivity, 0.74 (95% CI: 0.73–0.76); specificity, 0.68 (95% CI: 0.66–0.69); 
and heterogeneity exceeding 94% (I²) for both. The area under the SROC curve (AUC) was 0.7881; 
however, no confidence intervals were provided, which limits interpretability (Figure 1). 

 

Figure 1. Non-bivariate meta-analytic model applied to the simulated dataset using Meta-Disc. Sensitivity 
and specificity were pooled separately using DerSimonian-Laird random-effects models (upper left and upper 
right panels). The pooled diagnostic odds ratio (DOR) is displayed in the lower left panel. A symmetrical 
summary receiver operating characteristic (SROC) curve was generated using the Moses-Littenberg method 
(lower right panel), which does not provide confidence regions and exhibits the typical symmetric morphology 
associated with this classical approach. The Q* value corresponds to the Q-index, which reflects the theoretical 
point on the SROC curve where sensitivity and specificity are equal, providing a single summary measure of 
diagnostic performance. However, because it is derived from the simplified Moses–Littenberg model—which 
ignores heterogeneity and the correlation between sensitivity and specificity—the Q-index often overestimates 
precision and lacks the methodological robustness of modern hierarchical models. Central curve = summary 
SROC. The two flanking curves are not confidence bands; Meta-DiSc plots hypothetical high-sensitivity and 
high-specificity strategies. 
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The Hierarchical Analysis: A Robust Alternative with Stata 

In contrast, re-analysis using hierarchical models in Stata Statistical Software, Release 19 
(StataCorp LLC, College Station, TX) (metandi, midas, metadta) implemented the BRMA framework, 
accounting for threshold effects, heterogeneity, and the correlation between sensitivity and 
specificity. All three approaches generated both pooled summary points and HSROC curves. The 
estimated AUC, as estimated by midas through extrapolation of the bivariate model parameters across 
the full 0–1 specificity range, was 0.79 (95% CI: 0.75–0.82), with summary sensitivity 0.74 (95% CI: 
0.66–0.81) and specificity 0.71 (95% CI: 0.63–0.79). LR+ was 2.6 (95% CI: 2.1–3.2), and LR- was 0.36 
(95% CI: 0.3–0.44). The DOR was 7 (95% CI: 6-9). Wider confidence intervals accurately reflected 
underlying uncertainty. Between-study variance (τ²) remained substantial: 0.99 for sensitivity, 1.14 
for specificity. A strong negative correlation (ρₐᵦ = –0.87) confirmed a pronounced threshold effect—
completely overlooked by the non-hierarchical model (Figure 2). τ² for sensitivity and specificity, 
together with ρₐᵦ, were explicitly estimated using both metandi and metadta in Stata. In addition, the 
bivariate I² implemented in metadta showed substantial inconsistency overall (I² = 85.1%), which—
although still high—was notably lower than the univariate I² values for sensitivity (91.5%) and 
specificity (92.6%) obtained in the same model, indicating that the generalized metric provides a more 
balanced quantification of residual heterogeneity. 
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Figure 2. Hierarchical meta-analysis of the same simulated dataset was performed using Stata. The upper 
panel displays a forest plot of sensitivity and specificity, jointly modeled within the bivariate framework 
(generated with metadta). The lower panel shows hierarchical summary receiver operating characteristic 
(HSROC) curves generated using three different Stata commands: metandi (left), metadta (center), and midas 
(right). Although the three approaches yield broadly similar point estimates of summary sensitivity and 
specificity—reflecting their shared BRMA foundation—this apparent agreement should not be interpreted as 
full methodological equivalence. As discussed in the main text, important differences remain in how prediction 
regions, heterogeneity, and overall accuracy metrics (e.g., AUC) are estimated, with implications for uncertainty 
and clinical interpretation. Each dot represents an individual study's estimate of sensitivity and specificity; in 
the metandi plot, circle size is proportional to the study's sample size. Both metandi and metadta fit the BRMA 
model, from which they derive HSROC parameters and curves through re-parameterization (reflecting the 
equivalence between BRMA and HSROC formulations). In contrast, midas generates the ROC curve as a 
continuous extrapolation derived from the bivariate model output, rather than through formal HSROC 
modeling, which results in a complete inferential ROC curve extending across the entire 0–1 specificity range. 
All three commands generate an elliptical confidence region (uncertainty around the summary estimate) and a 
prediction region (expected range of future studies). It is noteworthy that the prediction region generated by 
midas appears substantially wider than those produced by metandi and metadta, consistent with the 
methodological reasons discussed in the main text (i.e., midas ignores the covariance between logit-sensitivity 
and logit-specificity when constructing the prediction ellipse, leading to inflated dispersion). Lastly, the visual 
distribution of individual studies follows an ascending pattern along the ROC space, consistent with the 
expected inverse relationship between sensitivity and specificity due to threshold variability. This alignment 
suggests that differences in positivity thresholds across studies may partially explain the observed dispersion. 

Visual inspection of the HSROC plots revealed that the prediction regions produced by metandi 
and metadta were of moderate size, consistent with residual heterogeneity. In contrast, midas 
generated a methodologically incorrect prediction region. This occurs because midas sums the 
between-study variances of logit-sensitivity and logit-specificity as if they were independent, 
ignoring their strong negative covariance. Such an univariate approximation inflates the total 
variance and prediction region, producing a statistically invalid and potentially misleading 
representation of heterogeneity. Conversely, metadta implements the bivariate I² of Zhou et al., 
providing a more accurate, correlation-adjusted estimate of heterogeneity and prediction intervals. 

Although the global AUC values appear similar (0.79 vs. 0.788), the comparison is misleading: 
the conventional SROC AUC was reported without confidence intervals, reflecting its speculative 
nature and tendency to overestimate accuracy, whereas the hierarchical AUC (0.79, 95% CI: 0.75–
0.82) is statistically grounded. Thus, the apparent agreement in point estimates should not be 
overinterpreted, as only the hierarchical model provides a reliable measure with quantified 
uncertainty. It should also be noted that AUCs from midas represent an inferential extrapolation 
across the full 0–1 specificity range, which can be optimistic compared with formally parameterized 
HSROC estimates. 

Investigating Heterogeneity: Influence Diagnostics and Outlier Detection 

Initial heterogeneity exploration included influence diagnostics using Cook's distance and 
standardized residuals derived from metandi. This dual approach quantified the influence of 
individual studies and their deviation from model expectations. Most studies aligned well with the 
predicted values; however, Study 5 exhibited high influence, with a Cook’s distance markedly greater 
than that of all other studies (Supplementary File 2, top panel). At the same time, its standardized 
residual for sensitivity was moderate, at approximately –1. Other studies showed more extreme 
standardized residuals (Supplementary File 2, middle panel) yet had less overall influence, 
underscoring that influence was a composite measure of both a study’s leverage and its deviation 
from the model’s prediction (Supplementary File 2, middle panel). 
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To assess the impact of influential Study 5, the hierarchical meta-analysis was repeated, 
excluding it. Summary point estimates for sensitivity and specificity changed only modestly 
(sensitivity: 0.75 [95% CI 0.67–0.81]; specificity: 0.71 [95% CI 0.62–0.79]), and between-study variance 
components remained essentially unchanged (τ² for sensitivity: 0.99 → 0.96; τ² for specificity: 1.14 → 
1.18). This showed that although Study 5 exerted disproportionate influence on model fit (high 
Cook’s distance), it did not materially alter the overall heterogeneity structure. Its role was therefore 
better understood as an influential point in terms of leverage rather than as the dominant driver of 
between-study variability, with the strong negative correlation between sensitivity and specificity 
(ρₐᵦ = –0.96) confirming a persistent threshold effect. 

To complement these analyses, a bivariate boxplot of logit-transformed sensitivity and 
specificity was generated (Supplementary File 2, bottom panel). Four studies fell outside the expected 
envelope—Studies 1, 11, 12, and 21—indicating atypical patterns that may reflect diagnostic trade-
offs, threshold variability, or population-specific effects. 

Although the summary point changed modestly (Se 0.74→0.69; Sp 0.71→0.74), the material 
finding is a ~35% reduction in τ² for sensitivity (0.99→0.64), showing that a few atypical studies were 
the main source of between-study variability in sensitivity. Thus, while the pooled estimates appear 
robust, the reproducibility and generalizability of sensitivity across settings remain less stable, as 
they depend heavily on a small number of outliers. The strong negative correlation between 
sensitivity and specificity (ρₐᵦ = –0.76) persisted, consistent with a threshold effect. 

Exploring Sources of Heterogeneity: Meta-Regression 

After that, univariable meta-regressions in midas were used to evaluate the predefined 
covariates. The most consistent signal arose from study quality: high-risk studies—typically 
characterized by retrospective or post hoc threshold selection—showed inflated diagnostic accuracy 
(sensitivity 0.79; specificity 0.80) relative to low-risk studies (sensitivity 0.72; specificity 0.67), a 
pattern consistent with overfitting. Neither study design nor population type materially altered 
diagnostic performance (Supplementary File 3). 

Translating Results into Clinical Practice: Fagan Nomograms and Likelihood Ratios 

Lastly, Fagan nomograms translated these findings into clinical terms for two scenarios: low pre-
test probability (10%, e.g., general screening) and high pre-test probability (50%, e.g., symptomatic 
surgical patients) (Supplementary File 4). With LR+ ≈ 3 and LR− ≈ 0.36, the test modestly altered 
diagnostic probability: in low prevalence settings, a positive result increased post-test probability to 
22%, while a negative result reduced it to 4%; in high-risk patients (50% pre-test probability), a 
positive result increased post-test probability to 72%, while a negative result reduced it to 27%. While 
this shift in probabilities may inform clinical suspicion, it is often insufficient to definitively rule in 
or rule out the condition, leaving many patients in an intermediate-risk category that typically 
requires further testing. 

The LR scattergram further summarized diagnostic performance, with pooled LR+ ≈ 3 and LR− 
≈ 0.3, positioned in the lower right quadrant—indicating limited confirmatory and exclusionary 
value. The wide distribution of individual studies reinforced the presence of substantial 
heterogeneity (Supplementary File 5). 

Assessing Publication Bias: Deeks' Test 

To assess publication bias, Deeks’ test was applied via midas. The regression analysis revealed 
no significant small-study effect (P = 0.6), and the plot showed no visual asymmetry, indicating a low 
risk of publication bias (Supplementary File 6). 

This example illustrates that outdated approaches, such as the Moses-Littenberg method, 
overlook crucial methodological factors, leading to misleading precision. In contrast, when applied 
properly, hierarchical models and complementary tools yield robust and clinically meaningful 
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insights into diagnostic performance. Also, as this practical example demonstrates, a comprehensive 
and robust DTA meta-analysis in Stata currently requires a combined workflow, leveraging the 
unique strengths of several commands, as no single tool provides a complete solution. 

Supplementary File 7 includes the Stata code used for the statistical analyses. 

Common Pitfalls, Expertise Requirements, and Practical Recommendations 

Despite the clear advantages of hierarchical and bivariate models, their correct use in DTA meta-
analyses requires both statistical expertise and clinical judgment. Methodological errors continue to 
undermine the validity of published reviews. 

A common pitfall is reliance on outdated methods, such as univariate pooling of sensitivity and 
specificity, which ignore their correlation and threshold effects. Similarly, platforms without 
hierarchical modeling (e.g., Meta-DiSc, RevMan) often yield artificially narrow confidence intervals, 
underestimated heterogeneity, and inflated performance estimates. 

Even when hierarchical models are applied, misinterpretation remains frequent. Errors include 
misunderstanding heterogeneity metrics (e.g., τ², I²), overemphasizing global indicators like AUC or 
DOR, or neglecting threshold variability. Reporting AUC without clarifying its derivation, or treating 
DOR as the main outcome, oversimplifies results and obscures clinically relevant nuances. 

To ensure robust, clinically meaningful evidence synthesis, several recommendations should be 
followed: 

1. Select appropriate, validated software for hierarchical modeling, prioritizing tools such as 
metandi, midas, or metadta in Stata, or equivalent R packages (mada, diagmeta), depending on 
available expertise and project complexity. 

2. Report comprehensive diagnostic metrics, including pooled sensitivity and specificity with 
confidence intervals, HSROC curves, and likelihood ratios. The DOR may be included as a 
secondary indicator, but should not be the sole measure of test performance. If reporting the 
AUC, clarify whether it derives from a rigorously parameterized HSROC model or a simplified 
approximation, as interpretations differ substantially. 

3. Use prediction intervals and heterogeneity estimates, such as τ² or the bivariate I² by Zhou, to 
convey uncertainty and between-study variability transparently. Avoid overreliance on 
conventional I², which exaggerates heterogeneity by ignoring the correlation between sensitivity 
and specificity. 

4. Incorporate complementary graphical and analytical tools, including Fagan nomograms, 
likelihood ratio scatterplots, Cook’s distance, and standardized residuals, to enhance 
interpretability, identify influential studies, and explore sources of heterogeneity. It is essential 
to distinguish between post hoc sensitivity analyses and post hoc meta-regression. The former are 
an accepted strategy to test the robustness of primary findings when influential or outlying 
studies are identified. Their role is to confirm whether conclusions hold when such studies are 
excluded, not to produce a ‘new correct’ result. In contrast, deciding covariates for meta-
regression post hoc constitutes data dredging and increases the risk of spurious associations. 
Robust practice requires pre-specifying covariates a priori in the protocol, whereas outlier-based 
sensitivity analyses should be presented transparently as exploratory robustness checks. Even 
when pre-specified, meta-regression findings must be interpreted with caution, particularly in 
small meta-analyses, where introducing multiple covariates risks overfitting. A commonly 
recommended rule of thumb is to ensure at least 10 studies per covariate to achieve stable 
inference. 

5. Recognize and mitigate additional biases beyond publication bias, such as spectrum bias 
(non-representative patient populations), selection bias, partial verification bias, 
misclassification, information bias, or disease progression bias. These sources of error frequently 
lead to overestimation of diagnostic performance, underscoring the need for rigorous 
methodological safeguards. 
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6. Collaborate with experienced biostatisticians or methodologists throughout all phases of the 
meta-analysis, from dataset preparation to statistical modeling and interpretation, to ensure 
adherence to best practices and maximize methodological rigor. 

7. Explicitly verify the statistical assumptions underpinning hierarchical models. Many users 
apply BRMA or HSROC frameworks without assessing residual distribution, bivariate 
normality, or the influence of individual studies. Tools such as midas modchk or the influence 
diagnostics in metandi facilitate this evaluation and should be part of routine analysis. If bivariate 
normality is seriously violated (e.g., highly skewed distributions), consider data 
transformations, alternative modeling strategies such as more flexible Bayesian approaches, or, 
at the very least, interpret the results with great caution. 

8. Interpret results with caution in small meta-analyses. When fewer than 10 studies are included, 
hierarchical models remain the preferred approach, but confidence intervals widen, prediction 
regions expand, and estimates of heterogeneity or threshold effects become less stable. In such 
scenarios, emphasis should shift towards transparency, identification of evidence gaps, and 
cautious interpretation rather than overconfident conclusions. 

Applying these principles reduces bias and yields DTA meta-analyses that provide reliable, 
clinically applicable conclusions. Key recommendations and take-home messages are summarized in 
Table 3. 

Table 3. Key Take-Home Messages for Conducting DTA Meta-Analyses. 

Recommendation Rationale Practical Implication 

Plan and report analyses 
transparently 

Post hoc choices increase the risk of bias 
and reduce reproducibility 

Best practice includes protocol registration (e.g., 
PROSPERO) and reporting per PRISMA-DTA, 
with all statistical analyses pre-specified in the 

protocol 

Mandate hierarchical models 
(BRMA/HSROC) 

Separate pooling ignores correlation and 
underestimates uncertainty 

Always apply hierarchical models 
(BRMA/HSROC) as the gold standard; avoid 

separate pooling approaches that ignore 
threshold effects and heterogeneity 

Select appropriate software 
Not all platforms support hierarchical 

modelling or advanced diagnostics 

Use Stata (metandi/metadta/midas) or R 
(mada/diagmeta). MetaDisc 2.0, although more 

limited, allows hierarchical modelling 
Report paired Se and Sp, LR+/– 

and CI/prediction regions 
Se or Sp alone mask trade-offs and 
should not be analyzed separately 

Always show sens/spec with 95% CI, plus LR+ 
and LR–; add joint CI/prediction regions 

Use AUC and DOR cautiously 
AUC extrapolates beyond observed data; 

DOR has limited interpretability 
If reported, include CIs and note limitations; 
prioritize primary metrics (Se, Sp, LR+, LR-) 

Quantify heterogeneity with τ² 
and bivariate I² 

Univariate I² exaggerates heterogeneity 
in DTA 

Report τ² for sens/spec and Zhou’s bivariate I²; 
interpret in context 

Assess threshold effects 
Negative correlation (ρₐᵦ) indicates 

threshold-driven heterogeneity 
Report and interpret ρₐᵦ 

Perform influence and 
sensitivity analyses 

Outliers distort pooled estimates and 
heterogeneity 

Use Cook’s distance, residuals, and bivariate 
boxplots to identify influential studies. Report 
the primary analysis with all studies, and then 

provide a transparent sensitivity analysis 
excluding them. The purpose is to test 

robustness, not to replace the primary result 

Assess publication bias Egger/Begg are invalid for DTA; Deeks is 
recommended only if ≥10 studies 

Apply Deeks’ with caution; discuss small-study 
effects and low power 

Consider performing meta-
regression 

Pre-specify covariates and modeling 
strategy; avoid post-hoc DTA dredging. 

Data-driven dichotomization inflates 
Type I error and biases effect estimates. 

Model continuous covariates on their natural 
scale; treat findings as exploratory unless pre-

planned and adequately powered (≈≥10 studies 
per covariate). 

Use complementary graphical 
tools 

Graphical outputs enhance clinical 
applicability 

Include HSROC curves, Fagan nomograms, and 
LR scatterplots 

HSROC: Hierarchical summary receiver operating characteristics model (Rutter and Gatsonis); BRMA: 
Bivariate random effects model (Reitsma); Se: Sensitivity; Sp: Specificity; DOR: Diagnostic odds ratio; DTA: 
Diagnostic test accuracy meta-analysis; LR: likelihood ratio; τ² (tau-squared): between-study variance; ρₐᵦ (rho): 
correlation coefficient between sensitivity and specificity. 
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Limitations and Scope 

This tutorial uses an idealized simulated dataset to illustrate hierarchical modeling; real-world 
DTA reviews are typically more complex (e.g., missing data, zero cells, imperfect reference 
standards). The workflow is Stata-centric and reflects the current ecosystem of commands: metadta 
for BRMA/HSROC and meta-regression, metandi for influence diagnostics, and midas for Deeks’ test 
and clinical utility plots. While metadta is generally preferable for model fitting, no single Stata 
command provides a full solution, so a combined approach is required. For pedagogical clarity, 
mathematical details were simplified, and only dichotomous covariates were presented, with no 
continuous variables, to simplify the meta-regression. Overall, this work should be viewed as an 
idealized introduction, intended to lower the entry barrier, emphasize core principles, and help 
researchers approach hierarchical models with greater confidence. 

Conclusions 

A robust DTA meta-analysis requires more than simply pooling sensitivity and specificity; it 
must integrate multiple parameters, explore variability, and remain grounded in a clinical context. 
Hierarchical models (HSROC and BRMA) are the gold standard, particularly in heterogeneous fields 
like surgery, as they jointly model sensitivity and specificity, capture threshold effects, and 
incorporate within- and between-study heterogeneity, yielding realistic and generalizable estimates. 
Yet hierarchical models alone are insufficient. Complementary tools enhance transparency and 
applicability: Fagan nomograms link test accuracy to post-test probabilities; likelihood ratio 
scatterplots clarify confirmatory and exclusionary capacity [38]; influence diagnostics (e.g., Cook’s 
distance, residuals) flag disproportionately impactful studies; and prediction intervals display 
expected variability across settings. 

Limitations persist in meta-analyses, particularly when there are few studies, limited covariate 
diversity, or poorly reported data. In such cases, caution, transparency, and acknowledgment of 
uncertainty are essential. 

In summary, the correct use of hierarchical models, complemented by robust graphical tools and 
sensitivity analyses, strengthens the validity, precision, and clinical relevance of DTA meta-analyses. 
Their appropriate application is essential to produce evidence that genuinely informs diagnostic 
decision-making and improves patient care in both surgical and general medical contexts. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org. Supplementary File 1. Dataset. Supplementary File 2. Influence analysis 
combining Cook's distance (upper panel), standardized residuals (middle panel), and bivariate boxplot 
(lower panel). The top plot shows Cook's distance for each study, quantifying its influence on global model 
estimates. Study 5 exhibits a markedly elevated Cook's distance, indicating disproportionate impact. The middle 
plot displays standardized residuals for sensitivity (y-axis) and specificity (x-axis); Study 5 demonstrates notably 
lower-than-expected sensitivity, while its specificity aligns with model predictions. The lower panel presents a 
bivariate boxplot of logit-transformed sensitivity and specificity, identifying outliers based on their joint 
distribution. Studies 1, 11, 12, and 21 fall outside the outer envelope, indicating atypical combinations of 
diagnostic performance that are likely influenced by varying thresholds, study design, or specific populations, 
such as pediatrics. Specifically, Study 1 shows unusually high sensitivity coupled with markedly low specificity, 
while Studies 11 and 12, both conducted in pediatric populations with elevated diagnostic thresholds (5.37 and 
7.83, respectively), demonstrate imbalanced diagnostic performance likely linked to threshold effects and age-
related variability. Study 21, despite being prospective, also presents an atypical sensitivity–specificity trade-off 
driven by a high false-positive rate and moderate cut-off value. These findings underscore the influence of 
population characteristics and threshold heterogeneity on diagnostic accuracy estimates. Supplementary File 3. 
Univariable meta-regression model applied to the simulated dataset in Stata. The covariates included: high 
risk of bias in the index test domain of the QUADAS-2 tool (No vs. Yes), retrospective vs. prospective study 
design, and non-pediatric vs. pediatric study population. For each potential effect modifier, stratified estimates 
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of sensitivity and specificity are presented, allowing evaluation of their impact on diagnostic performance. 
Supplementary File 4. Fagan nomograms illustrating the impact of diagnostic test results on post-test 
probability in two distinct clinical scenarios. The left panel represents a low-prevalence setting (pre-test 
probability = 10%), where a positive test result increases the post-test probability to 22%, and a negative result 
reduces it to 4%. The right panel illustrates a high-prevalence scenario (pre-test probability = 50%), where a 
positive result increases the post-test probability to 72%, while a negative result decreases it to 27%. In the high-
prevalence scenario, post-test probabilities of 72% (positive) and 27% (negative) illustrate that the test 
meaningfully shifts probability but still leaves patients in an intermediate range, underscoring the need for 
complementary diagnostic strategies. Supplementary File 5. Likelihood ratio scattergram summarizing the 
diagnostic performance of the index test in the simulated dataset. The pooled estimate, displayed as a central 
diamond with 95% confidence intervals, reveals moderate positive (LR+ ≈ between 2 and 3) and negative (LR− ≈ 
between 0.3 and 0.4) likelihood ratios, suggesting that the test offers only limited diagnostic utility for both ruling 
in and ruling out the disease. Consequently, it should not be considered suitable for definitive exclusion or 
confirmation. The wide dispersion of individual study estimates underscores the substantial heterogeneity in 
diagnostic performance and reinforces the need for cautious interpretation in clinical settings. Notably, due to 
the narrow distribution of negative likelihood ratio values (ranging from 0.1 to 1), the software did not generate 
the typical four visual quadrants within the scatter plot. This emphasizes that scattergram interpretation must 
always be contextualized alongside the quantitative results from the original hierarchical model to avoid 
misinterpretation. Supplementary File 6. Assessment of publication bias using Deeks' regression test 
implemented via the pubbias subcommand in midas (Stata). The plot displays the inverse square root of the 
effective sample size on the x-axis and the log of the diagnostic odds ratio (DOR) on the y-axis for each included 
study. The regression line estimates the relationship between study size and diagnostic performance. A 
statistically significant slope indicates the presence of small-study effects, which are suggestive of publication 
bias. In this example, the slope is negative but non-significant (P = 0.6), suggesting no evidence of publication 
bias. It is important to note that Deeks’ test evaluates small-study effects; findings are compatible with, but do 
not in themselves prove, publication bias. The intercept reflects the expected diagnostic performance for a 
hypothetical infinitely large study. This graphical output provides both visual and inferential assessment of 
potential bias, facilitating transparent interpretation of meta-analytic results. Supplementary File 7. Stata code 
used for the statistical analyses. 
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