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Abstract: Introduction: Meta-analyses of diagnostic/prognostic studies for calculating the pooled sensitivity and specificity re-
quire true positive (TP), true negative (TN), false positive (FP), and false negative (FN) counts. However, few studies
report these values directly. This study aimed to consolidate practical methods to reconstruct sensitivity and speci-
ficity from minimal data. Methods: Our framework addresses three main situations: (1) algebraic rearrangements to
compute specificity given partial metrics; (2) digitization of receiver operating characteristic (ROC) curves to obtain
threshold-specific sensitivity and specificity; and (3) application of the binormal model when only AUC and prevalence
are available. We tested these methods on a dataset related to mortality prediction in myocardial infarction (MI) using
machine learning models, assessing how well they reconstructed sensitivity and specificity. Results: Algebraic formu-
las and ROC digitization yielded reliable estimates when partial metrics or graphical curves were sufficiently detailed.
However, the binormal model, which assumes equal variances, showed noticeable inaccuracies, especially for sensitiv-
ity. Linear regression analyses indicated that higher prevalence and higher AUC reduced estimation errors. Conclusion:
These methods offer practical alternatives for reconstructing diagnostic accuracy measures when data are incomplete.
Relying solely on AUC-based estimations may introduce substantial bias, particularly in low-prevalence contexts. We
recommend that primary studies report threshold-specific sensitivity and specificity to support more accurate meta-
analytic estimations.
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1. Introduction more challenging are articles that report only the Area Under
the ROC Curve (AUC) and prevalence, leaving no straightfor-

In many diagnostic accuracy meta-analyses, investigators . .
y dlag Y v § ward way to infer threshold-specific performance (3). De-

combine standard measures such as sensitivity and speci- L. . . .
. . . spite its recognized limitations, the binormal model fre-
ficity across multiple studies to assess overall accuracy (1). . .
quently emerges as the only viable solution in these last sce-

narios (4). By assuming that diseased and non-diseased pop-

ulations share a common variance, the model can estimate

Ideally, the original articles would report the confusion ma-
trix counts [true positives (TP), true negatives (TN), false pos-
itives (FP), and false negatives (FN)] or provide both sensitiv-

sensitivity and specificity from AUC and prevalence alone,
ity and specificity. However, in practice, such data are often v p vy p

. . . . . albeit with possible inaccuracies, especially at lower preva-
incomplete (2). Some studies may list sensitivity along with . . .
K . . X lence levels or when variances differ substantially (5).
another metric but not specificity, forcing reliance on alge-
braic formulas to recover the missing measure.

Others may present only a plotted ROC curve, requiring dig-

itization to extract sensitivity and 1- specificity points. Still

Because these diverse missing data situations regularly arise,
we decided to consolidate practical formulas, digitization
techniques, and binormal modeling into a single resource.
We also evaluated the binormal approach on a real-world
dataset, investigating how accurately it recovers sensitivity

and specificity when only AUC and prevalence are reported.
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2. Definitions

In diagnostic test evaluation, several widely used metrics
helps quantify performance based on the confusion matrix’s
four counts: true positives (TP), false positives (FP), true neg-
atives (TN), and false negatives (FN). Below are the principal
measures (6):

eie . TP
1. Sens1t1v1ty_ TP+FN

This measures how effectively a test detects true positives

(i.e., the proportion of actual positives correctly identified)

().

2. Specificity = %

This measures how effectively a test avoids false positives
(i.e., the proportion of actual negatives correctly identified)
(7).
_ TP+TN
3. Accuracy = 7p N FprFN

Accuracy reflects the proportion of correct classifications
(positives and negatives) (7).

cs TP
4. Precision = 7515

Also called the positive predictive value, precision is the reli-

ability of positive predictions.

Precision x Sensitivity

5. F1-Score =2 x Precision + Sensitivity

The F1-score is the harmonic mean of precision and Sensitiv-
ity and is particularly informative in datasets with class im-
balance.

3. Practical Methods for calculating the
sensitivity and specificity
3.1. Algebraic formulas to derive specificity

Studies sometimes report only partial metrics, making it
challenging to recover specificity. To address these scenarios,
the following rearrangements help derive specificity when
sensitivity and certain other metrics (e.g., accuracy, preci-
sion, F1) are available, along with knowledge of total sam-
ple size N and event (positive) count P. The algebraic meth-
ods presented assume that prevalence (or event count) and
sample size are reported, as these are essential for calculat-
ing the confusion matrix counts required in diagnostic meta-
analyses. Studies lacking these data may not be suitable for
inclusion.

Specificity from sensitivity and accuracy

Given sample size N, event count P, Sensitivity (Se), and ac-
curacy (Aco):

(N x Acc) — (P x Se)
N-P

Specificity =

Specificity from sensitivity and precision

If only Sensitivity (Se) and precision (Prec) are reported:

P x Se
[P Prec— (P x Se)
Specificity= 1- [ ———
P y [ N-P ]

Specificity from Sensitivity and F1-Score
In cases reporting the F1-score (F1) and Sensitivity (Se)
P xse x (1= x5t

F1x Se
(N=P)x 55o-FT

Specificity=1- [

Although more complex in appearance, this rearrangement
still allows the computation of specificity with minimal orig-
inal information.

3.2. Digitizing ROC Curves Using Three-Point
Calibration

In some studies, ROC curves are presented as graphical plots
without numerical values, making it challenging to extract
key diagnostic accuracy metrics (8). In such cases, digitiza-
tion software (e.g., PlotDigitizer (9)) provides a systematic ap-
proach to approximate Sensitivity and specificity values:

a. Three-Point Calibration: To accurately map pixel po-
sitions to real sensitivity and specificity values, the
process begins by selecting three reference points on
the graph. Commonly, (0, 0) and (1, 1) serve as fixed
calibration points, while a third precisely known coor-
dinate ensures accurate scaling.

b. Curve Tracing: Once calibrated, the ROC curve is
manually traced by selecting multiple points along its
path. This process generates a series of coordinate
pairs (x;, y;), where x;= 1 - Specificity and y; = Sen-
sitivity. These extracted points reconstruct the curve
numerically.

c. Estimating Sensitivity and Specificity: Unlike con-
ventional threshold selection methods, this approach
focuses on identifying the optimal point on the ROC
curve. After digitizing the curve, the optimal threshold
is determined by selecting the point closest to (0, 1)—
the upper-left corner—representing the highest sensi-
tivity with reasonable specificity (7). This point is of-
ten chosen as it minimizes the Euclidean distance to
perfect classification.

d. Extracting Diagnostic Accuracy Metrics: Once the
optimal point is identified, its sensitivity and speci-
ficity values are extracted and used for further meta-
analysis. This method allows for consistent estima-
tion across studies, even when numerical tables are
unavailable (10).

By employing this approach, researchers can systematically
extract diagnostic performance metrics from graphical ROC
representations, ensuring that essential data are not lost
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when authors report only visualized results. However, poten-
tial errors may arise if there is visual misjudgment in selecting
the optimal point or if the graph resolution is low, leading to
inaccuracies in extracted sensitivity and specificity values.

3.3. Binormal Model: Estimating Sensitivity and
Specificity from AUC and Prevalence

In such minimal-information scenarios (AUC + prevalence,
without threshold-specific metrics), no purely nonparamet-
ric or alternative parametric method can fully recover how
Sensitivity and specificity trade off across different thresh-
olds (11-13). Nonparametric approaches require partial ROC
data or at least a known pair (Se, Sp), while more flexible
parametric methods demand additional distributional pa-
rameters.

Under these circumstances, a parametric binormal model
is commonly employed. This approach— sometimes re-
ferred to simply as the “binormal ROC model” or the “equal-
variance normal model”—assumes that the test’s continuous
output (or underlying latent variable) follows a normal distri-
bution in non-diseased individuals and another normal dis-
tribution of the same variance but shifted mean in diseased
individuals. Despite its simplifications, this model often be-
comes the only practical means of estimating Sensitivity and
specificity from AUC and prevalence alone (7, 14). Below is a
step-by-step explanation of how it works, why it is used, and
what each symbol in the formulas means (15).

A Receiver Operating Characteristic (ROC) curve is created by
plotting the test’s true positive rate (TPR, also called Sensitiv-
ity) against its false positive rate (FPR, which is 1- specificity)
across every possible decision threshold (7). The Area Under
the ROC Curve (AUC) represents the probability that, when
comparing one diseased individual and one non-diseased
individual, the test score for the diseased individual will be
higher (16). An AUC of 1.0 means perfect discrimination; an
AUC of 0.5 means no discriminative ability beyond chance.
Typically, a point on the ROC curve (a threshold t) is chosen
in practice to balance Sensitivity and specificity according to
clinical or practical needs.

However, if we only have the AUC (a single statistic) rather
than the full curve, we lose all other threshold-specific de-
tails.

4. Rationale for the Binormal Model

1) Why do We Need an Assumption About Distribution?

Simply knowing the single AUC value does not tell us exactly
where the test’s operating threshold should lie or how Sensi-
tivity and specificity should trade off. To bridge this gap, we
need to assume a shape for how test results are distributed
in each group (diseased and non-diseased). One of the most
widespread assumptions is:

Non-diseased distribution: X ~ N (g, 02), Diseased distribu-
tion: X ~ N(u1, 02) (16)

Here, 111 > o (so that diseased scores are, on average, higher
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than non-diseased scores), and both groups share the same
variance, 2.

ie, b= g—é =1 (b: ratio of standard deviations between the
test result distributions of the diseased (event) group and the
non-diseased (non-event) group).

This is the simplest version of a binormal model. As we will
see, the binormal model links the AUC directly to the stan-

dardized separation of these two normal distributions.
2) Why is it often the Only Practical Option?

When all we have is AUC, Prevalence (p), and Sample size (N),
we lack the data needed to fit more flexible models. Specifi-
cally:

* Single Summary Statistic (AUC): Different ROC shapes can
yield the same AUC, so a single numeric value does not spec-
ify threshold-dependent trade-offs.

* Lack of Threshold Information: Without at least one known
(Se, Sp) pair or partial ROC points, nonparametric methods
cannot reconstruct the full curve.

¢ No distributional parameters: Without means (ug, (1) or
variances (0%, 0’%), we cannot estimate unequal variances (b
# 1) or non-normal distributions.

* Identifiability: Without assuming b=1, the model is
underdetermined—infinite combinations of pg, p1, 09, 01
can produce the same AUC. Equal variances resolve this am-
biguity, ensuring unique solutions for Sensitivity and speci-
ficity.

* Empirical Robustness: Studies show that equal-variance as-
sumptions yield reasonable Sensitivity/specificity estimates
even when variances differ slightly (e.g., b= 0.8 - 1.2) (4, 5,
17).

For example, a true b= 1.5 introduces only modest bias (3-5%
error in Se/Sp for AUC = 0.8).

e Clinical Interpretability: Assuming b = 1 implies symmetry
in misclassification costs (Se Sp at the optimal threshold).
This aligns with clinical guidelines where false positives and
negatives are equally weighted.

Consequently, the equal-variance binormal model is not just
a default—it is often the only feasible choice.

5. Step-by-Step Binormal Model Method

L Converting AUC to d

First, we define a useful parameter often called the standard-
ized separation, denoted d '. Conceptually, d ' measures how
far apart the diseased and non-diseased distributions are in
standardized units. Under the binormal model, there is a
well-known relationship between AUC and d :

d'=vV1+ b2 ¢~1AUC) = v2 ¢~ 1(AUC) (b=1)

Where ¢! () is the inverse of the standard normal cumula-
tive distribution function (CDF). For a given AUC, ¢~ (AUC)
tells us the z-score corresponding to that cumulative proba-
bility.

We multiply by v/2 due to a standard result in binormal ROC
theory.
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II. Determining the Threshold t*

A widely cited formula gives the threshold ¢* that maximizes
overall classification accuracy in a population whose disease
prevalence is p. Under the binormal assumption, that thresh-
old is:

d'?+21n(2)

t* - p
2d’

Here:
eIn (l_—p) is the natural logarithm of the odds ratio for being
non-diseased vs. diseased (when p is the probability of dis-
ease).
 The numerator combines the separation d ' 2 with a term
that depends on the prevalence.
* Dividing by 2 d ' yields the best threshold in standard-
normal units if our goal is purely to maximize accuracy (i.e.,
the fraction of correctly classified individuals).

II1. Computing Sensitivity and Specificity

Once t* is found, the Sensitivity and Specificity implied by
that threshold follow from normal probability theory:
Sensitivity=1-¢ (t* - d ')

Specificity = ¢ (t*)

¢ In these formulas, ¢ (.) is the standard normal CDE i.e., ¢(z)
gives the probability that a standard normal variable Z ~N (0,
1) is less than or equal to z.

* Notice that Specificity is simply the Area under the standard
normal curve up to ¢*. Meanwhile, Sensitivity involves a shift
by d’, reflecting the distribution of diseased scores.

Whyl ¢(t*—d')?

A diseased individual’s test score is modeled as Z + d /, where
Z ~N (0, 1). The test is “positive” if that score exceeds t*.
Hence:

Pr (test positive | diseased) =Pr (Z+d' = t*)=Pr (Z = *
—d=1-¢p(*-d"

That is precisely the Sensitivity under the binormal assump-
tion.

a. Practical Usage, Limitations, and Cau-
tions

Applicability. When an article reports only AUC, prevalence
(p), and possibly sample size (IV), the binormal model offers a
way to infer Sensitivity and specificity at a presumed optimal
threshold (i.e., the threshold maximizing accuracy).
Limitations. Real data may violate the equal-variance as-
sumption, leading to inaccuracies. Moreover, a real-world
study’s chosen threshold could reflect clinical priorities (e.g.,
very high Sensitivity) rather than theoretical maximum accu-
racy.

Approximation. Different shapes of the ROC curve can yield
the same AUC, and forcing b= 1 can introduce bias if the true
variance ratio differs substantially (5).

Educational Value. Despite its shortcomings, the binormal
approach illustrates how AUC, prevalence, and threshold se-
lection interact, highlighting that a single number (AUC)
rarely suffices to depict real-world performance fully (7).

b. Challenging the Binormal Model in a
Real-World Dataset

We compiled 183 observations from our systematic review
and meta-analysis of studies examining mortality predic-
tion in Myocardial Infarction using various machine learning
models. Each observation provided an AUC, a disease preva-
lence (p), and the model’s reported Sensitivity and specificity.
Our goal was to see how the binormal model’s estimates com-
pared with the reported (actual) values.

For each observation, we used the AUC and prevalence to de-
rive d /, then calculated the theoretical threshold ¢* and the
implied Sensitivity and specificity. These values were com-
puted using the previously mentioned functions in Microsoft
Excel. The following results were obtained by comparing the
estimated sensitivity and specificity with the reported values
in the studies using STATA 18.

6. Results

Absolute Errors

On average, the absolute error for Sensitivity was 0.58 (SD
= 0.18), whereas that for specificity was 0.21 (SD = 0.10).
A paired t-test confirmed that Sensitivity estimates showed
significantly larger deviations than specificity estimates (p <
0.0001).

Correlation with Reported Values

Pearson correlations (0.26 for Sensitivity, p < 0.001; 0.17 for
specificity, p < 0.05) demonstrated only modest agreement.
Regression on AUC and Prevalence

Linear models revealed both AUC and prevalence as strong
predictors of estimation error (p < 0.0001), with negative co-
efficients indicating that higher AUC and prevalence lead to
reduced error.

Prevalence Thresholds

Solving for the prevalence needed to keep absolute error
under 0.1 showed a mean threshold of ~0.46 (SD = 0.06)
for Sensitivity and ~0.38 (SD = 0.15) for specificity. In low-
prevalence or lower-AUC scenarios, the error for Sensitivity
could be substantial. In these 183 cases, AUC values ranged
from 0.618 to 0.982, while prevalence varied between 0.013
and 0.625.

These findings underscore that the binormal approach
tends to overestimate or underestimate Sensitivity more
than specificity, particularly in lower-prevalence scenarios or
when the AUC is not very high. Specificity estimates, how-
ever, often remain within more acceptable bounds, espe-
cially when prevalence and AUC are sufficiently large. Re-
searchers should thus interpret binormal-derived Sensitivity
and specificity with caution and ideally cross-check against
additional data if available. Despite the theoretical rationale
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for using the binormal approach, these empirical results in-
dicate practical limitations, particularly for the estimation of
Sensitivity.

Table 1 summarizes the six most common missing-data sce-
narios and the corresponding formulas or procedures we
propose for reconstructing sensitivity, specificity, and the
four confusion-matrix counts.

7. Discussion

The range of methodologies presented here reflects the com-
mon dilemmas researchers face when constructing a meta-
analysis of diagnostic accuracy and prognostic test perfor-
mance. Ideally, authors should report both sensitivity and
specificity if they do not provide the confusion matrix counts
for each study. In practice, such comprehensive reporting
is rare, and investigators are often left to reconstruct miss-
ing metrics using algebraic formulas or by digitizing ROC
These approaches, while not without limitations,
can yield reasonably accurate estimates, particularly if the

curves.

required input data (e.g., Sensitivity and accuracy or a well-
calibrated ROC plot) are reliable and complete. In contrast,
the binormal model, which provides Sensitivity and speci-
ficity estimates from AUC and prevalence alone, should be
approached with caution. Although it offers a solution when
no threshold-based performance data are available, our find-
ings confirm that low-prevalence conditions (such as mor-
tality in our dataset) pose a serious challenge. The binormal
assumption of equal variances can lead to large estimation
errors in Sensitivity, as demonstrated in our analysis. This
issue becomes even more pronounced when prevalence is
low and the AUC is not sufficiently high, making sensitiv-
ity estimates less reliable in such conditions. Consequently,
for meta-analyses of diagnostic tests in low-prevalence con-
ditions, excluding studies that report only AUC (and no
threshold-specific measures) may be more prudent. Inaccu-
rate estimates of sensitivity and specificity can have signif-
icant clinical consequences, particularly in low-prevalence
settings. For example, overestimating sensitivity may lead
to missed diagnoses, while underestimating specificity could
result in unnecessary interventions. Our findings highlight
the risks of relying solely on AUC-based estimates, especially
when prevalence is low. Such exclusions help ensure that
pooled estimates do not introduce unwarranted bias from
an overly simplistic or potentially misapplied model. Taken
together, these observations underscore the importance of
transparent reporting of threshold-based performance met-
rics in diagnostic research. In circumstances where ROC
curves are given without numeric points, digitization can
be a helpful fallback, so long as the curve is adequately la-
beled and the software calibration is carefully performed.
Once sensitivity and specificity are reconstructed using the
methods described, researchers should employ appropriate
meta-analytic techniques, such as the bivariate model or
HSROC, to account for variability in diagnostic thresholds
across studies.
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8. Conclusions

This article consolidates various methods for reconstruct-
ing sensitivity and specificity when they are not reported, as
these metrics are essential for deriving TP, TN, FP, and FN
in diagnostic and prognostic meta-analyses. First, we pro-
vide algebraic formulas for deriving specificity from sensi-
tivity and another metric. Second, we discuss the digitiza-
tion of ROC curves for estimating sensitivity and specificity.
Lastly, we examined the binormal model for estimating these
metrics when only AUC and prevalence are available. We ex-
plained this approach and challenged it using a real-world
dataset. Ultimately, we demonstrated that this method lacks
sufficient accuracy, particularly in low prevalence and AUC.
Then, researchers should apply it with caution or exclude
such studies from meta-analyses.
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PELERH Summary of Methods for Reconstructing Sensitivity, Specificity, and Confusion Matrix Counts Under Incomplete Reporting Scenarios

Scenario| Reported Data/ Met- | Additional Info | Key Formula / Method Steps to Obtain TP, TN, |Notes
rics Needed FP, FN
1 Se & Sp both reported |- Total sample size | No extra formula is needed; Se | Use: Ideal scenario. Di-
N) and Sp are directly taken from | - TP = Se x P rectly convert re-
- Number of positives | the study. -FN=(1-Se) xP ported Se, Sp into
(P) or prevalence (p) -TN =Sp x (N - P) - FP = | counts.
(1-Sp)x (N-P)
2 Se + Accuracy -N, P (or p) The formula for Sp: 1. Calculate Sp from the | Must ensure Acc and
- Se Specificity = [(N x Acc) - (P x|formula above. 2. Then |Se are accurately re-
- Accuracy (Acc) Se)]/ (N -P) compute TP, FN, TN, and | ported.
FP as in Scenario 1.
3 Se + Precision (PPV) |-N, P Formula for Sp: 1. Compute Sp from the |Precision is also
- Se Specificity = 1 - [(P x Se) /|above expression. 2. Then | called PPV =TP / (TP
- Precision (Prec) (Prec- (P xSe))] / (N-P) compute TP, FN, TN, and |+ FP).
FP as usual.
4 Se + F1-Score -N,P Formula for Sp: 1. Use the formula above | Must have consistent
- Se Specificity =1 - { [P x Se x (1 - |to get Sp. 2. Then obtain | F1, Se values.
- F1-Score (F1 xSe) / (2Se-F1))] / [(N-P) | TP, FN, TN, and FP simi-
x ((F1 x Se) / (2Se - F1))] } larly.
5 Only a ROC Curve|- N, P (for final|3-step ROC digitization: 1.|1. Once Se and Sp are ex- | Watch out for reso-
(graph) without a nu- | counts) Calibrate the axes with 3|tracted, use them as in|lution/graph quality;

meric table

- Digitization soft-
ware (e.g., PlotDigi-
tizer)

known points.

2. Trace the ROC curve to ob-
tain (1Sp, Se) coordinates.

3. Pick the “optimal” point to
get the final Se, Sp.

Scenario 1. 2. TP = Se x P,
etc.

digitization
can occur.

errors

6 Only AUC & Preva-
lence (p)

-AUC
-p (orP)and N (to get
absolute counts)

Binormal Model (equal vari-
ances):

1v2x ©~1(AUC)
2.t*=[d2+2In((1p)/p) ]/ 2
d"

3. Sensitivity=1-® (t* - d')
and Specificity = ® (t*)

1. Get Se, Sp from the
model’s formulas. 2. Then
compute TP FN, TN, and
FP from Se, Sp, and N, P

Potentially large es-
timation error for
Se, especially in low
prevalence.

Se: sensitivity; Sp: Specificity;
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ROC Curve digitization using PlotDigitizer. Step 1: Plot calibration via three points; Step 2: Choosing optimal point for (Sensitivity,
Specificity) pair.
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