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Dear Editor;

In recent years, the number of published meta-analyses has
increased significantly. However, this rapid growth raises
important considerations regarding the methodologies em-
ployed in these studies (1).

The statistical sections of most meta-analyses including di-
agnostic reviews typically assess heterogeneity using param-
eters such as the P-value from the Cochrane Q statistic test
or the I2 statistic (2-8). While these methods are standard, it
is crucial to first evaluate heterogeneity based on the inves-
tigators’ insights into the nature of the included studies (1,
9). Many meta-analyses incorporate studies that likely ex-
hibit significant heterogeneity, particularly in areas such as
epidemiological research. Therefore, before applying statis-
tical methods to evaluate heterogeneity, investigators should
make informed decisions about potential sources of hetero-
geneity and subsequently choose the appropriate approach
to pool the effect measures using either fixed or random ef-
fects models (9).

Another important aspect of the statistical section in meta-
analyses of diagnostic studies is the reporting of the specific
models used. Many studies simply state that they employed
a software or package without detailing the exact methodolo-
gies applied. Additionally, when utilizing software packages
for meta-analysis, researchers may rely on default prompts
without fully understanding their implications. This can lead
to substantial discrepancies in results across different soft-
ware platforms, often stemming from variations in statistical
methods employed.

For example, consider analyzing the following data using the
Meta-Disc software with the DerSimonian-Laird model (Ran-
dom Effects Model) for pooling data, which is the default set-
ting in this software (Table 1). The analysis yielded a sen-
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sitivity of 0.93, similar to the results obtained using the MI-
DAS package in Stata (bivariate random-effects model) (Fig-
ure 1). However, when estimating specificity with Meta-Disc,
the result was 0.80, which is lower than the 0.88 obtained
using the MIDAS package (Figure 1). In some cases, these
differences can be more pronounced and may simultane-
ously affect both sensitivity and specificity. The comparison
between DerSimonian-Laird model and bivariate random-
effects model is provided in table 2.

Using a simulation approach, we generated 100 diagnostic
studies, with 10 studies included in each of 10 meta-analyses.
Five of these meta-analyses were designed to have low het-
erogeneity, and the remaining five had high heterogeneity.
The findings showed that diagnostic estimates were approx-
imately identical between Meta-DiSc and the MIDAS pack-
age in Stata under conditions of low heterogeneity (Table3).
However, when meta-analyses were conducted on highly
heterogeneous studies, noticeable differences emerged in di-
agnostic parameters, including sensitivity, specificity, and
the AUC of the SROC curve. Because diagnostic test accu-
racy meta-analyses typically involve substantial clinical and
methodological variability, such as differences in index tests,
reference standards, or study conditions, high heterogene-
ity is common. As a result, differences between MIDAS and
Meta-DiSc can be expected when their default models are
used.

Checklist for Diagnostic Meta-analysis (Best Practices for
Heterogeneity Assessment and Statistical Method Selec-
tion):

A. Assessing heterogeneity in conceptual and methodolog-
ical steps

* Begin with clinical and methodological judgment, not only
statistics, to determine whether heterogeneity is expected
based on study design, populations, index tests, and refer-
ence standards.

* Identify potential sources of heterogeneity before per-
forming any quantitative analyses based on factors such as
study design, imaging modality, diagnostic thresholds, pa-
tient characteristics.

This open-access article distributed under the terms of the Creative Commons Attribution NonCommercial 3.0 License (CC BY-NC 3.0).

Downloaded from: https://journals.sbmu.ac.ir/aaem/index.php/AAEM/index



Karami & Farrokhi

* Avoid relying solely on I or the Q-test to determine the
presence or relevance of heterogeneity.

* Use I2, T2, and Q-test results as supportive, not decisive, ev-
idence when determining heterogeneity.

* Recognize that diagnostic accuracy meta-analyses almost
always involve substantial heterogeneity due to differences
in index tests, reference standards, and study conditions.

B. Choosing statistical models

* Select the effect-pooling model based on anticipated het-
erogeneity, not on statistical thresholds alone.

¢ Use random-effects models by default when clinical or
methodological heterogeneity is expected.

* Justify the choice of fixed or random effects explicitly in the
Methods section.

¢ Avoid blindly accepting software defaults; understand what
statistical model the software applies.

C. Reporting statistical methods transparently

¢ Specify the exact statistical model used, not only the soft-
ware name (e.g., DerSimonian-Laird, bivariate random ef-
fects, HSROC, GLMM).

¢ Document all software packages and versions (e.g., Meta-
DiSc vX.X, Stata MIDAS).

o State whether default settings were used or if parameters
were manually modified.

* Report heterogeneity metrics (12, T2, Q-test) for both sensi-
tivity and specificity in diagnostic meta-analyses.

D. Addressing cross-software differences

¢ Recognize that different meta-analysis software may use
different statistical models, leading to discrepancies in
pooled results.

* Validate key findings across multiple methods or software
platforms when feasible.

¢ Interpret differences between software outputs in the con-
text of heterogeneity, especially in highly variable datasets.

1. Conclusion

In summary, clearly articulating the approach used to eval-
uate heterogeneity and specifying the exact statistical meth-
ods and software utilized in conducting meta-analyses can
greatly enhance readers’ ability to interpret and apply the
findings effectively. By addressing these methodological con-
cerns, we can improve the quality and reliability of meta-
analyses in the scientific literature.
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gEVERH Extracted Data for Diagnostic Analysis from a Meta-Analysis Previously Published in the Archives of Academic Emergency Medicine

(10)

Study ID True Positive False Positive False Negative True Negative
Studyl 17 4 1 2
Study2 25 0 5 2
Study3 15 6 2 12
Study4 24 1 2 16
Study5 23 0 5 16
Study6 21 1 3 25
Study? 44 3 1 12
Study8 33 1 2 20
Study9 51 0 4 15
Study10 12 0 5 27
Study11 60 4 7 6
Study12 18 1 1 76
Study13 26 6 8 66
Studyl4 77 5 4 23
Study15 17 36 4 83
Study16 64 26 0 43
Study17 82 11 1 56
Study18 84 6 2 76
Study19 82 57 11 67
Study20 147 10 5 67

Data are presented as number.

e P Comparison of DerSimonian-Laird model (Random Effects Model) and the bivariate random-effects model for pooling data

Feature

DerSimonian-Laird (DL)

Bivariate Random-Effects (BRM)

lyzed

Outcomes Ana-

Single effect measure (univariate), e.g., an Odds Ratio for
a treatment effect.

Two correlated effect measures (bivariate), e.g., sensitivity
and specificity of a diagnostic test.

Core Principle

A Method of Moments approach to estimate the
between-study variance (T2). Non-iterative.

A Hierarchical/Multivariate model, estimated via iterative
methods like Maximum Likelihood (ML) or Restricted Maxi-
mum Likelihood (REML).

CI

T2 Estimation &

DL T2 is Downwardly Biased (inefficient), especially
with a small number of studies. This underestimation of
heterogeneity can lead to anti-conservative (too narrow)
confidence intervals for the pooled effect.

Generally, provides less biased and more efficient esti-
mates of the full variance-covariance structure, leading to
appropriately-sized confidence intervals.

Pooled Effect Es-

Asymptotically consistent for the pooled effect (u). It is

Asymptotically consistent for the two pooled effects. It lever-

timation computationally simple and widely implemented. ages the correlation between outcomes, often leading to bet-
ter precision for the joint estimates compared to two sepa-
rate univariate models.

Variance- Ignores any correlation between multiple outcomes|Robustly estimates the full between-study variance-

Covariance from the same study (cannot estimate it). Assumes in- | covariance matrix, including two heterogeneity terms

Structure dependence between studies. T_12,T_22 and the inter-outcome correlation ().

Application General meta-analysis of a single, well-defined effect|Primarily used for Diagnostic Test Accuracy (DTA) meta-

size. analysis (e.g., using the Hierarchical Summary ROC (HSROC)

or BRM framework).

Statistical Model | Random-effects model: Yi=p+ui+i where uiN(0,T2). Random-effects model: (Y1iY2i) = (u1p2) + (uliu2i) + (1i2i)

where the random effects ui are correlated.
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Meta- Result* | Sensitivity Specificity AUC-SROC
analysis

MetaDisc Stata MetaDisc Stata MetaDisc Stata
1 Low 0.86(0.84-0.88) |0.86(0.84-0.88) |0.88(0.86-0.90) |0.89(0.86-0.90) |0.93 0.93(0.90-0.95)
2 Low 0.85(0.82-0.87) |0.85(0.82-0.87) |0.91(0.89-0.92) |0.91(0.89-0.92) |0.92 0.94(0.92-0.96)
3 Low 0.86(0.84-0.88) |0.86(0.84-0.88) |0.90(0.88-0.92) |0.90(0.88-0.92) |0.94 0.94(0.92-0.96)
4 Low 0.84(0.82-0.86) |0.84(0.82-0.86) |0.89(0.87-0.91) |0.89(0.86-0.91) [0.91 0.89(0.86-0.91)
5 Low 0.86(0.83-0.88) |0.86(0.83-0.88) |0.89(0.87-0.91) [0.89(0.87-0.91) |94 0.94(0.91-0.96)
Mean Low 0.854 0.854 0.894 0.896 92.8 92.8
6 High 0.84(0.82-0.86) |0.86(0.78-0.91) |0.88(0.85-0.90) |0.88(0.85-0.91) |0.94 0.93(0.90-0.95)
7 High 0.83(0.81-0.85) |0.83(0.80-0.87) |0.90(0.88-0.92) |0.93(0.87-0.96) |0.92 0.90(0.88-0.93)
8 High 0.84(0.81-0.86) |0.88(0.81-0.87) |0.88(0.85-0.90) |0.88(0.85-0.91) |0.93 0.90(0.87-0.92)
9 High 0.79(0.76-0.82)  |0.84(0.71-0.92) |0.90(0.88-0.92) |0.92(0.86-0.96) |0.95 0.95(0.93-0.97)
10 High 0.83(0.80-0.85) |0.83(0.78-0.87) |0.85(0.83-0.87) |0.88(0.82-0.93) |0.91 0.91(0.89-0.94)
Mean High 0.826 0.848 0.882 0.898 93 91.8

Data are presented with 95% confidence interval. *: Heterogeneity.

Estimation of sensitivity (left column) and specificity (right column) using DerSimonian-Laird model of Meta-Disc software and

Pooled Sensitivity = 0.93 (0.91 to 0.95)
Chi-sguare = 50.01; df = 19 (p = 0.0001)

0
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1 Inconsistency (I-square) = 62.0 %
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MIDAS package of STATA software (bivariate random-effects model).
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