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Abstract

Introduction: Accurate diagnostic tests are essential in clinical and laboratory medicine. Evaluation of diagnostic test performance requires advan-
ced statistical expertise and the use of specialized or proprietary software. The aim of this work is to develop an open-source R Shiny application for 
facilitating diagnostic test evaluation by integrating statistical rigor with user-friendly interactivity.
Materials and methods: The EvalTest application was developed in the R programming language using the Shiny framework and released as an 
open-source package on the Comprehensive R Archive Network, with the full source code available on GitHub. In addition, the application is availa-
ble on a cloud platform and accessible via web browser. Statistical formulas used to compute diagnostic performance indicators and their confidence 
intervals were implemented within the R environment to ensure transparency and reproducibility.
Results: The developed application provides an interactive interface for importing Excel datasets, setting test variable type, selecting test and re-
ference variables, and specifying disease prevalence. It automatically computes key diagnostic performance indicators, including sensitivity, specifi-
city, predictive values, likelihood ratios, accuracy, the Youden index, and the area under the curve (AUC), along with their 95% confidence intervals. 
EvalTest also generates confusion matrices, receiver operating characteristic (ROC) curves with confidence bands, and identifies the optimal cutoff 
for quantitative tests. All numerical and graphical outputs can be exported in suitable formats to facilitate reporting and documentation.
Conclusions: EvalTest provides an open and reproducible solution for diagnostic test evaluation by computing and visualizing key performance 
measures with their confidence intervals, supporting its use in clinical and research settings.
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Highlights 

•	 EvalTest provides an open-source, web-based tool for diagnostic test evaluation
•	 It computes key diagnostic performance metrics and performs ROC curve analysis with transparent methods
•	 The application enhances reproducibility and accessibility in clinical and research diagnostics

Supplementary material available online for this article.

Introduction

A diagnostic test is a medical, clinical, or paraclini-
cal examination designed to assist clinicians in es-
tablishing a diagnosis and guiding patient care de-
cisions (1). Depending on its intended application, 
test performance may be evaluated by its ability 
to discriminate between clinical states (e.g. pres-
ence versus absence of disease) or to detect clini-

cally meaningful changes over time, such as those 
defined by critical difference or reference change 
values. Before implementation in clinical practice 
or laboratory medicine, a diagnostic test requires 
careful performance assessment, analogous to the 
evaluation of a drug or therapeutic intervention, 
as its accuracy directly impacts diagnostic deci-
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sions, treatment choices, and patient outcomes (2). 
Such evaluations are typically performed by man-
ufacturers, independent investigators, or clinical 
laboratories, depending on the context, and com-
plement regulatory requirements, such as those 
defined by Regulation (EU) 2017/746 on the In-Vit-
ro Diagnostic Regulation (IVDR) (3).

Performance is typically assessed by comparing 
the test results to those of a reference standard, 
defined as the best available diagnostic test for 
the disease of interest or, when appropriate, clini-
cal outcomes, reasonably applicable in clinical or 
research settings (1). Common statistical indicators 
include sensitivity (ability to correctly identify dis-
eased individuals), specificity (ability to correctly 
identify non-diseased individuals), positive and 
negative predictive values (probability that posi-
tive or negative test results reflect true disease sta-
tus), likelihood ratios (ability of positive or negative 
tests results to increase or decrease, respectively, 
the probability of disease), accuracy (overall cor-
rect classification), and the area under the receiver 
operating characteristic (ROC) curve. These met-
rics provide critical insights into a test’s discrimina-
tive performance and support clinicians in select-
ing appropriate diagnostic strategies (4). Despite 
their importance, the computation and interpreta-
tion of diagnostic performance metrics often re-
quire advanced statistical expertise and reliance 
on specialized or proprietary software (e.g. Med-
Calc, Analyse-it, XLSTAT). Such tools may limit ac-
cessibility due to licensing costs, restricted plat-
forms, or the need for advanced training, and of-
ten provide limited transparency regarding the 
underlying calculations, thereby hindering repro-
ducibility and independent verification of results. 
These limitations can pose significant barriers for 
healthcare professionals and researchers, particu-
larly in resource-limited settings. 

The aim of the present work was therefore to de-
velop an open-source, accessible, and flexible soft-
ware solution for the evaluation of diagnostic test 
performance. To address the identified challenges, 
we developed EvalTest, an open-source, web-
based application. By providing an interactive, us-
er-friendly, and programming-free platform that 
integrates standard diagnostic performance met-

rics in a transparent and reproducible manner, 
EvalTest seeks to bridge the gap between estab-
lished statistical methodology and its practical ap-
plication in laboratory medicine and clinical re-
search.

Materials and methods

Materials

In this work, a synthetic dataset was generated to 
illustrate the functionalities and workflow of the 
developed application. The generated dataset, en-
titled data.xlsx, contained many observations dis-
tributed across three columns: Disease, Test1, and 
Test2. The Disease column represented the refer-
ence variable coded as binary values (1 = disease, 
0 = no disease) and was generated using a bino-
mial distribution. Test1 corresponded to a quanti-
tative test variable generated from chi-square (χ²) 
distribution. The chi-square distribution was cho-
sen for Test1 to generate a positive-valued, right-
skewed quantitative variable. Test2 represented a 
qualitative (binary) test variable generated using a 
binomial distribution. Assumed disease preva-
lence in the population was 0.1, reflecting a realis-
tic low-prevalence scenario commonly encoun-
tered in diagnostic testing contexts. The generat-
ed dataset consisted of a total of 113 observations, 
including 72 diseased and 41 non-diseased indi-
viduals, according to the reference variable. This 
dataset was created exclusively for testing and 
demonstration purposes and does not represent 
real patient or clinical data (Supplementary Mate-
rial).

Methods

The open-source application shown here was de-
veloped within RStudio environment (version 
2025.05.0) with R programming language (version 
4.5.1) which are available to download for free at 
https://posit.co/downloads/ and https://
cran.r-project.org/, respectively (5,6). The applica-
tion was built using the shiny package and relies 
on several established R packages to support data 
import, statistical analysis, visualization and out-
puts export (7-15). Specifically, the binom package 
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(version 1.1) was used to compute Wilson confi-
dence intervals for proportion-based metrics, 
while the pROC package (version 1.19.0.1) was em-
ployed for ROC analysis (8,13). All packages’ ver-
sions are reported in the reference list to ensure 
full reproducibility. EvalTest (version 1.0.5) has 
been developed as an R package and officially re-
leased and publicly available through the Compre-
hensive R Archive Network (16). This means that 
the application can be installed as an R package 
and run from a local instance of R on a local ma-
chine running a Linux, Windows, or macOS-based 
operating system. It is worth noting that the per-
formance will depend on the hardware on which 
you are running R and RStudio. In addition, Eval-
Test is available on the Shiny.io cloud platform and 
accessible via web browser at https://nassimayad.
shinyapps.io/EvalTest/, without requiring local in-
stallation. The full codebase for the application 
can be found at https://github.com/Nassi-
mAyad87/EvalTest. The version used to generate 
the figures and results presented in this manu-
script corresponds to release v1.0.5 of the reposi-
tory (commit ec6306d). The application’s modular-
ity enables interested users to fork this repository 
and easily develop and add new modules as they 
wish.

Statistical analysis

The evaluation of diagnostic tests relies on four 
fundamental outcomes obtained by comparing 
test results with the gold standard. The true posi-
tives (TP) are the number of diseased individuals 
which correctly identified as positives, while the 
true negatives (TN) correspond to the number of 
non-diseased individuals correctly identified as 
negatives. Conversely, the false positives (FP) refer 
to the number of non-diseased individuals incor-
rectly identified as positives, and the false nega-
tives (FN) indicates the number of diseased indi-
viduals incorrectly identified as negatives (17). The 
open-source application implements these defini-
tions to quantify TP, TN, FP, and FN and present 
them in a confusion matrix table. These outcomes 
form the basis for calculating statistical perfor-
mance indicators such as sensitivity and specifici-
ty. 

Statistical indicators implemented in the applica-
tion are mathematically defined in this chapter. 
These measures evaluate the ability of a test to dis-
criminate between diseased and non-diseased in-
dividuals. All estimates are reported with their cor-
responding confidence intervals.

Test sensitivity (Se) is the probability that a dis-
eased individual tests positive, whereas test speci-
ficity (Sp) is the probability that a non-diseased in-
dividual tests negative (17). The formulas used in 
their computations are shown in equations (Eq.) 1 
and 2. The accuracy of a test is its ability to differ-
entiate the patient and healthy cases correctly. To 
estimate the accuracy of a test, we should calcu-
late the proportion of true positive and true nega-
tive in all evaluated cases, as shown in Eq. 3 (18).

Se = 
TP

TP + FN

Sp = 
TN

TN + FP

Accuracy = 
TP + TN

TP + FP + FN + TN

For proportions such as sensitivity, specificity, and 
accuracy, confidence intervals (CIs) were calculat-
ed using the Wilson binomial confidence interval 
implemented in the binom package (8). Wilson in-
terval is recommended because it performs better 
than the traditional Wald interval, especially with 
small samples or proportions close to 0 or 1 (19). 
Given the observed proportion (p), its denomina-
tor (n), and the quantile of the standard normal 
distribution for the desired confidence level (z), 
the Wilson interval CIWilson is calculated as shown 
in Eq. 4.

ClWilson = 
p + + 

2n n
z2

4n2
z2

1 + 
n
z2

± z p (1 – p)

The positive predictive value (PPV) is the probabil-
ity that a person has a disease if his test is positive. 

Eq. 1 
 
 

Eq. 2 
 
 

 Eq. 3

Eq. 4

https://doi.org/10.11613/BM.2026.020101
https://nassimayad.shinyapps.io/EvalTest/
https://nassimayad.shinyapps.io/EvalTest/
https://github.com/NassimAyad87/EvalTest
https://github.com/NassimAyad87/EvalTest


Biochem Med (Zagreb) 2026;36(2):020101		  https://doi.org/10.11613/BM.2026.020101   

4

Ayad N.	 EvalTest web app

Similarly, we can define the negative predictive 
value (NPV), the probability that a person does not 
have a certain disease when the test is negative. 
PPV and NPV are determined by both the sensitiv-
ity and specificity of the test, as well as the prior 
probability of disease. When no other information 
is available, this probability is represented by the 
population disease prevalence (pr) specified by 
the user in the application (17). The sample preva-
lence is not used, as it does not provide additional 
information when a population-level prevalence is 
known. PPV and NPV are therefore derived from 
Bayes’ theorem (Eq. 5 and 6) using the estimated 
sensitivity and specificity together with the user-
defined prevalence parameter, rather than the ob-
served sample prevalence. Their confidence inter-
vals (CIPPV, CINPV) were derived by propagation of 
uncertainty using the confidence bounds of sensi-
tivity and specificity. Since PPV and NPV are func-
tions of Se and Sp, their uncertainty depends on 
the variability of Se and Sp. The lower and upper 
bounds of PPV and NPV were determined by eval-
uating all combinations of Se and Sp confidence 
interval limits and taking the minimum and maxi-
mum resulting values, respectively (Eq. 7 and 8). 
This approach provides a conservative, distribu-
tion-free estimate of uncertainty and is particular-
ly appropriate in small samples. Analytic variance 
estimation of predictive values relies on asymptot-
ic normality, which may perform poorly in small 
samples, whereas bootstrap-based confidence in-
tervals may be unstable under limited resampling 
variability and can require substantial computa-
tional effort when a large number of resamples is 
required (20).

PPV = f1 (Se,Sp) =
pr Se + (1 – pr) (1 – Sp)

pr Se

NPV = f2 (Se,Sp) =
(1 – pr) Sp + pr (1 – Se)

(1 – pr) Sp

ClPPV = [minSe,Spf1 (Se,Sp), maxSe,Spf1 (Se,Sp)]

ClNPV = [minSe,Spf2 (Se,Sp), maxSe,Spf2 (Se,Sp)]

The likelihood ratios (LR+ and LR-) summarize how 
many times more (or less) likely patients with the 
disease are to have that particular test result than 
patients without the disease. More formally, it is 
the ratio of the probability of the specific test re-
sult in people who do have the disease to the 
probability in people who do not (21). Their calcu-
lation formulas are shown in Eq. 9 and 10. Their 
confidence intervals (CILR+ and CILR-) were estimat-
ed in logarithm scale, following the approach de-
scribed by Simel et al. (22). They are computed as 
shown in Eq. 11 and 12.

LR+ = 
1 – Sp

Se

LR– = 
Sp

1 – Se

1 – Sp
Se

ClLR+ = e 
ln ± z + 

TP FP
Sp1 – Se

1 – Sp
Se

ClLR– = e 
ln ± z + 

TN FN
Se1 – Sp

The Youden index (J) is a global measure of a diag-
nostic test’s discriminative ability, ranging from 0 
to 1, where 0 indicates no discriminative power 
(random classification) and 1 indicates a perfect di-
agnostic test (23). It is calculated as shown in Eq. 
13. Under the common assumption that sensitivi-
ty, estimated from diseased subjects, and specific-
ity, estimated from non-diseased subjects, repre-
sent independent proportions, the variance of the 
Youden index can be approximated by the sum of 
the binomial variances of sensitivity and specifici-
ty. Subsequently, confidence interval of Youden 
index (CIJ) is computed as shown in Eq. 14.

ClJ  = J ± z  + 
TP + FN

Se (1 – Se)
TN + FP

Sp (1 – Sp)

J = Se + Sp – 1

The receiver operating characteristic (ROC) curve 
was generated using the framework implemented 
in the pROC package and the area under the curve 
(AUC) was calculated accordingly (13,24). The opti-

Eq. 5 
 

Eq. 6 
 
 

Eq. 7 
 
 

Eq. 8

Eq. 9 
 

Eq. 10 
 
 

Eq. 11 
 
 

Eq. 12

Eq. 13 
 

Eq. 14
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mal threshold of the continuous test variable was 
defined as the value of (t) that minimizes the Eu-
clidian distance d(t) between the ROC curve point 
(1 − Sp, Se) and the top-left corner of the ROC 
space, as expressed in Eq. 15 (25). In this formula-
tion, Se(t) and Sp(t) denote the sensitivity and 
specificity at a given cutoff t, respectively. Using 
this threshold, the continuous test variable was di-
chotomized to classify each observation in the ex-
ample dataset as test-positive or test-negative. 
These binary classifications were then used to con-
struct the corresponding confusion matrix, from 
which sensitivity, specificity, predictive values, like-
lihood ratios, and other performance metrics were 
calculated. This stepwise procedure illustrates how 
the ROC analysis directly informs the computation 
of diagnostic performance measures for the data-
set. Confidence intervals for sensitivity estimates 
along the ROC curve were obtained using nonpar-
ametric bootstrap resampling with 5000 itera-
tions, as implemented in the pROC package (13). 
These interval estimates were used solely to con-
struct the graphical confidence band around the 
ROC curve. As bootstrap procedures rely on ran-
dom resampling and the application is interactive, 
a fixed random seed was not imposed; therefore, 
minor graphical variation of the confidence band 
may occur across runs. The confidence interval for 
the AUC was calculated using DeLong’s nonpara-
metric method (24). Additional graphical enhance-
ments, including the display of the optimal cut-off 
point and AUC value with its confidence interval, 
were implemented using the ggplot2 package 
(10).

 d(t) =     (1 – Se(t))2 +  (1 – Sp(t))2

To ensure computational robustness, all formulas 
were implemented with error-handling condi-
tions. Whenever the denominator of a proportion 
was equal to zero, the function returned a missing 
(NA) value to prevent the application from freez-
ing or encountering errors.

All confidence intervals were calculated at the 95% 
confidence level, using a standard normal quantile 
of z = 1.96. All estimates and confidence intervals 
were rounded to three decimal places.

Results

Application overview

The EvalTest application provides a user-friendly 
graphical interface for evaluating diagnostic test 
performance through an interactive R Shiny envi-
ronment. As shown in Figure 1, the interface is or-
ganized into clearly defined sections that guide 
users through the analysis workflow. 

On the left panel, users can import their dataset in 
Excel format (.xlsx), specify the test variable type 
(qualitative or quantitative), select the correspond-
ing columns for the test and reference (disease 
status) variables, and input the disease prevalence 
within the study population. Disease prevalence 
value can be adjusted manually by entering a 
number or using the up and down arrow controls. 
The Run analysis button initiates the computation 
process. The central and lower panels display the 
main analytical outputs, including the ROC curve, 
the confusion matrix (contingency table), and the 
diagnostic performance indicators. Each compo-
nent is accompanied by a download option, allow-
ing users to export the ROC plot, confusion matrix, 
and calculated metrics in appropriate formats.

This intuitive layout ensures a seamless workflow 
from data upload to results interpretation, making 
EvalTest accessible to healthcare professionals and 
researchers with or without advanced statistical or 
programming expertise.

Data input and preprocessing

The example dataset consisted of 113 observa-
tions and included one binary reference variable 
indicating disease status and two test variables. 
The reference variable defined two outcome 
groups, with 72 observations as disease-present 
and 41 as disease-absent. Test1 was a continuous 
variable, whereas Test2 was a binary test variable. 

In the “Data import & parameters setting” panel, 
users can upload their dataset in Excel format (.
xlsx) by clicking the ‘Browse’ button (Figure 1). Be-
fore uploading, the dataset should contain a mini-
mum of two distinct columns: one for the test vari-
able (either qualitative binary coded as 1/0 or 
quantitative) and another for the reference varia-

Eq. 15
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Figure 1. EvalTest user interface layout.

ble, representing the disease status (binary: 1 = 
diseased, 0 = non-diseased). The selected columns 
must not contain missing values to ensure valid 
computation. Once the dataset is successfully up-
loaded, a blue ribbon appears, indicating “Upload 
complete”. Then, users specify the type of test var-
iable (Qualitative or Quantitative) and select the 
corresponding columns for both the test and ref-
erence variables from the drop-down menus. The 
disease prevalence in the study population can 
then be entered manually or adjusted incremen-
tally using the up and down arrow controls within 
the prevalence input field. For the example analy-
sis presented in this work, Test1 was selected as 
the quantitative test variable and Disease as the 
reference variable, with the disease prevalence pa-
rameter set to 0.1 (Figure 2A). 

To enhance data reliability, EvalTest automatically 
performs input validation and displays error mes-
sages when inconsistencies are detected. For in-
stance, if the user selects “Qualitative” as the test 
variable type but uploads continuous data, an er-
ror appears indicating: “For qualitative tests, the 
test variable must contain only 0 and 1 values.”. 
Similarly, if the reference variable includes invalid 
entries, the application displays: “The reference 

variable must contain only 0 and 1 values.”. In the 
case of quantitative analyses, if the selected test 
variable is not numeric, the system halts the pro-
cess and notifies the user with the message: “For 
quantitative tests, the test variable must be nu-
meric.” Furthermore, after removing missing val-
ues, if the reference variable no longer includes 
both outcome levels (0 and 1), an additional alert is 
triggered stating: “The reference variable must 
contain both 0 and 1 after removing missing val-
ues.” These built-in checks help prevent input er-
rors and guide users toward proper dataset for-
matting. This preprocessing step ensures that the 
uploaded dataset is correctly structured and ready 
for subsequent diagnostic performance analysis 
within the EvalTest application.

Confusion matrix

Upon activation of the “Run analysis” button (Fig-
ure 2A), EvalTest generated a detailed confusion 
matrix summarizing the classification of individu-
als according to the test and reference results. The 
matrix displays the counts of true positives (TP = 
58), false positives (FP = 15), false negatives (FN = 
14), and true negatives (TN = 26), which are auto-
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matically computed from the imported dataset 
and presented both in matrix form and as a sum-
marized list (Figure 2B). For continuous test varia-
bles, such as Test1 in this example, the application 
first determined the optimal threshold from the 
ROC analysis and then dichotomized the test re-
sults into positive and negative outcomes based 
on this cutoff. The confusion matrix could also be 
downloaded in Excel format for further documen-
tation or reporting (Figure 2B).

Diagnostic performance indicators

Based on the confusion matrix counts, EvalTest au-
tomatically computes key diagnostic performance 
indicators, including sensitivity, specificity, predic-
tive values, accuracy, likelihood ratios, and the 
Youden index as shown in Figure 2C. Each metric 
is displayed together with its 95% confidence in-
terval (CI). The availability of the underlying confu-
sion matrix ensures transparency by allowing 
readers to identify the numerators and denomina-

Figure 2. EvalTest parameters setting and outputs. (A) Data import and parameters setting panel showing uploaded data, variable 
selection, and parameter configuration. (B) Confusion matrix generated by EvalTest, illustrating the classification results for the se-
lected quantitative test variable Test1 and the reference variable Disease, and displaying the true positives (TP = 58), false positives 
(FP = 15), false negatives (FN = 14), and true negatives (TN = 26). (C) Diagnostic performance indicators computed by EvalTest, de-
rived from the analyzed dataset data. (D) ROC curve generated by EvalTest for the quantitative test variable Test1, showing the opti-
mal cut-off point and the area under the curve (AUC) with its 95% CI. The x-axis represents specificity displayed in reversed direction 
(i.e. equivalent to 1-specificity). The shaded area corresponds to the 95% bootstrap confidence band.
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tors used for each performance estimate. All com-
puted results are presented in a tabular format 
and can be exported as an Excel file for further 
use.

ROC curve analysis and cutoff determination

EvalTest displayed the ROC curve, illustrating the 
trade-off between sensitivity and specificity across 
all possible thresholds. The application automati-
cally identified and highlighted the optimal cutoff 
point of the test variable, annotating it on the ROC 
plot with its corresponding sensitivity and speci-
ficity values. In the example shown, the optimal 
cutoff was approximately 0.205. The AUC was 
0.731 (95% CI: 0.630–0.833). The ROC plot dis-
played the confidence band around the curve, il-
lustrating the uncertainty associated with the esti-
mated ROC curve. Users can export the plot in 
publication-ready quality for inclusion in reports 
or manuscripts (Figure 2D).

Discussion

In the illustrative example, the selected cut-off re-
sulted in high sensitivity and moderate specificity. 
The imbalance between sensitivity and specificity 
is consistent with a cut-off chosen to favor case de-
tection. The positive predictive value was low and 
the negative predictive value was high, illustrating 
the strong influence of the low disease prevalence 
in the population on post-test probabilities. Bayes 
formulas were used to estimate predictive values 
to obtain more conservative and generalizable re-
sults when the sample prevalence is not repre-
sentative of the target population. The likelihood 
ratios indicate that a positive test result produces 
only a modest increase in disease probability, 
whereas a negative test result substantially reduc-
es the likelihood of disease. Overall performance 
measures, including accuracy and the Youden in-
dex, summarize moderate discriminatory effec-
tiveness at the chosen threshold. The AUC indi-
cates moderate discriminative ability of the con-
tinuous test. The uncertainty associated with these 
estimates should be carefully considered. 

EvalTest provides a user-friendly and open-source 
tool for evaluating diagnostic test performance, 
integrating advanced statistical methods within 
an accessible web-based interface. Unlike com-
mercial tools such as MedCalc, Analyse-it, or XL-
STAT, EvalTest requires no programming skills, pro-
prietary licenses, or software installation, facilitat-
ing broader accessibility and reproducibility. The 
application automatically computes key diagnos-
tic indicators such as sensitivity, specificity, predic-
tive values, likelihood ratios, accuracy, and the 
Youden index, along with 95% CI and ROC curve 
visualization. Built-in data validation, error han-
dling and transparent reporting of underlying 
counts enhance robustness, clarity, and allow us-
ers to verify results. The application’s ability to pro-
cess both binary and continuous test variables, au-
tomatically determine optimal thresholds, and 
generate publication-ready outputs constitutes a 
major practical advantage over many existing 
tools.

Several limitations should be acknowledged, Eval-
Test currently supports only single-test analyses. It 
does not include modules for comparative ROC 
analysis, multivariable adjustment, or time-de-
pendent ROC curves. Additionally, confidence in-
terval estimates - particularly for likelihood ratios 
and predictive values - may exhibit increased un-
certainty in small sample sizes or in settings with 
extreme or zero cell counts. In such cases, the ap-
plication returns NA for the affected estimates, en-
suring that undefined or misleading values are not 
displayed. In addition, predictive values depend 
directly on user-specified prevalence assumptions; 
while this allows clinically relevant post-test prob-
ability estimation when samples are not repre-
sentative, inappropriate prevalence inputs may af-
fect interpretation. Future developments will fo-
cus on incorporating comparative and multivari-
ate analyses, addressing uncertainty arising from 
user-specified prevalence, implementing continui-
ty corrections or alternative estimation methods 
and extending compatibility with additional data 
formats.

EvalTest bridges the gap between statistical meth-
odology and clinical application, offering an open, 
transparent, and reproducible tool for diagnostic 
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test evaluation. Its accessibility and methodologi-
cal rigor make it a valuable addition to the resourc-
es available for clinicians, laboratory scientists, and 
researchers.
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