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Abstract

Aims/Background: Various tests are used in the screening and diagnosis of Cushing's syndrome (CS). However, none of the existing
approaches provide optimal sensitivity and specificity. This study aimed to analyze the accuracy of various tests used for diagnosing CS,
including free cortisol measurements in urine, dexamethasone suppression tests (DSTs; 1, 2, and 8 mg), and nocturnal salivary cortisol
measurements. The study aimed to identify the most accurate tests using advanced machine learning (ML) techniques. Methods: We
performed binary classifications using data from 278 patients with CS and 220 controls without CS. We developed five ML classification
models, namely, a generalized linear model, decision tree, random forest, naive Bayes, and support vector machine, and compared them
using standard performance metrics. We employed Boruta feature selection to identify the most informative clinical and biochemical
predictors. Results: The naive Bayes model achieved the highest predictive performance, with 100% classification accuracy and a kappa
value of 1.0000, followed by the random forest and decision tree models, each with 99.01% accuracy. Boruta feature selection ranked
as the most informative predictor post 2-mg DST cortisol, followed by midnight cortisol, post 8-mg DST cortisol, urinary free cortisol,
and post 1-mg DST cortisol. The decision tree model identified a cohort-specific post 2-mg DST cortisol threshold of approximately
1.78 pg/dL for distinguishing CS-positive from CS-negative cases. Conclusions: ML models, particularly naive Bayes, exhibited strong
internal performance in distinguishing patients with CS from non-CS controls using routinely assessed biochemical parameters. The
prominence of the post 2-mg DST cortisol predictor in the Boruta ranking and decision tree analysis indicates that this variable contributed
substantially to the model-based classification in this cohort. However, the identified 1.78 pg/dL threshold should be interpreted as a
cohort-specific, data-driven finding rather than as a clinical cutoff recommendation, and external validation in larger multicenter cohorts
is required before clinical implementation.
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1. Introduction

Cushing’s syndrome (CS) is a clinical condition char-
acterized by various signs and symptoms resulting from
chronic exposure to high cortisol levels, whether induced
exogenously or endogenously [1]. The annual CS incidence
ranges from 1.8 to 3.2 per million people [2]. Mortality
rates in patients with CS are higher than in the general pop-
ulation, and even after successful treatment, survival rates
may remain low [3]. CS is a severe and chronic disease
caused by prolonged tissue exposure to elevated corticos-
teroid levels. The most common cause of CS is the use of
exogenous corticosteroids. In contrast, endogenous CS is
a rare condition characterized by cortisol hypersecretion,
which can result from various causes [4]. Chronic hyper-
cortisolism is associated with several morbidities, and if left
untreated, mortality increases significantly [5].

CS can present with highly nonspecific symptoms
such as obesity, depression, hirsutism, and menstrual ir-
regularities. The symptoms also include proximal muscle
weakness, plethoric appearance, increased abdominal and
facial fat, thinning of the extremities, wide purple striae,
easy bruising without significant trauma, and supraclavic-
ular fullness. Despite the wide range of potential symp-
toms, no symptom is pathognomonic for CS. Therefore,
when clinical suspicion arises, biochemical tests are essen-
tial to confirm the diagnosis. The primary diagnostic tests
for investigating hypercortisolism include the 1-mg dex-
amethasone suppression test (DST), 24-h urine free corti-
sol (ufc), midnight salivary cortisol (saliva), and midnight
serum cortisol (mc) measurements. After a diagnosis is es-
tablished, further testing is necessary to determine the un-
derlying cause [6].
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Considering the diverse symptoms, findings, and co-
morbidities as well as the higher mortality rates associated
with CS, this complex disease must be considered carefully
in the differential diagnosis [7]. Despite the availability of
several tests in screening and diagnosis, no test has shown
optimal results because of issues such as variable sensitiv-
ity and specificity for each patient; high costs; the need for
medication, additional consultations, or even hospitaliza-
tion. These challenges are particularly evident in primary
and secondary care centers [8,9]. None of the first-line tests
have shown ideal sensitivity or specificity, necessitating the
search for a simple, measurable, and optimal diagnostic test
[10].

The use of machine learning (ML) frameworks has ad-
dressed various diagnostic and prognostic challenges in the
clinical context of CS [11]. In this domain, automated sys-
tems have been implemented for analyzing urinary steroid
profiles, which assist in distinguishing healthy metabolic
states and abnormal patterns associated with CS [12]. Addi-
tionally, ML-based classification approaches are effective
when applied to molecular datasets, specifically the gene
expression profiles of tumor tissues [13]. In addition to
initial detection, these computational tools have been cru-
cial in identifying key variables that predict both immediate
and long-term clinical outcomes following surgical inter-
ventions for CS [14]. Furthermore, novel ML applications
have been developed to detect the facial dysmorphisms,
which are characteristic of endocrine disorders, thereby en-
hancing the efficiency of diagnosis and patient monitoring
[15]. Our current approach builds upon these foundations
by focusing on high-precision screening through stable bio-
chemical feature selection [16].

The primary goal of the present study was to develop
a comprehensive diagnostic decision-support system rather
than a primary first-line screening tool. By integrating both
traditional screening markers (1-mg DST, ufc) and etiologi-
cal indicators such as adrenocorticotropic hormone (ACTH,
8-mg DST), the model is designed to facilitate the rapid and
objective validation of CS diagnosis in clinical settings. Be-
cause the model uses parameters inherent to the clinical in-
clusion criteria, its high performance reflects its ability to
optimize mathematically and standardize existing diagnos-
tic protocols rather than identifying independent predictive
variables.

Building on our previous investigation using ML in
endocrine diagnostics [16], the present study aimed to eval-
uate the potential of ML-based classification models to sup-
port the diagnosis of CS using routinely assessed clinical
and biochemical parameters. Specifically, we sought to
compare the diagnostic performance of various classifica-
tion algorithms and to provide a standardized, data-driven
framework that may assist clinicians in the objective assess-
ment of CS.

2. Methods
2.1 Study Design and Population

The clinical cohort utilized in this study has been de-
scribed previously in our preliminary research [16]. While
the patient population remains the same, the current study
expands significantly upon the initial findings by imple-
menting advanced ML architectures-including the naive
Bayes, random forest, and support vector machine (SVM)
models-and by utilizing robust feature selection techniques
such as Boruta to achieve higher diagnostic precision and
interpretability.

In this study, we analyzed the retrospective medical
records of 498 unique patients (319 women and 179 men,
with a mean age of 52.02 + 13.33 years). These records
were for patients who presented to the Akdeniz Univer-
sity Faculty of Medicine Endocrinology outpatient clinic
between 2014 and 2023 due to clinical suspicion of CS or
incidental adrenal adenomas. The inclusion and exclusion
criteria were as follows:

® CS+ group: Patients with biochemically confirmed
endogenous hypercortisolism, defined by at least two pos-
itive screening tests (e.g., 1-mg DST >1.8 pg/dL, elevated
24-h ufc, or abnormal midnight salivary cortisol) and final
clinical diagnosis.

® CS— (Control) group: Included patients with non-
functional adrenal adenomas who demonstrated normal
biochemical screening results and no clinical signs of CS.
This control group included a total of 220 Cushing-negative
patients with nonfunctioning adrenal adenomas.

@ Exclusion criteria: Patients with exogenous gluco-
corticoid use, incomplete core diagnostic data, or those un-
der 18 years of age were excluded. For patients with mul-
tiple visits, only the data from the initial diagnostic workup
were included to ensure the independence of the observa-
tions.

2.2 Dataset Profile

The CS dataset comprised 498 samples and 10 candi-
date predictor variables including biochemical and demo-
graphic parameters. The clinical and biochemical charac-
teristics of the cohort are summarized in Table 1. We in-
cluded the (adrenal and pituitary) imaging reported in Ta-
ble 1 to characterize the cohort descriptively; however, they
were not included as candidate predictors in the ML models,
as our primary objective was to evaluate the biochemical
screening markers. The target variable represents four sub-
type classes: adrenal Cushing (AC), pituitary Cushing (PC),
subclinical Cushing’s syndrome (SC), and ectopic Cushing
(EC) for patients with CS. It also represents nonfunctional
adrenal adenoma in patients without CS (CS-). Although
the dataset includes five distinct labels (CS—, AC, PC, EC,
and SC), they were aggregated into a binary format (CS+
vs. CS-) in this study. An important methodological con-
sideration is that we have based the definition of the CS+
outcome, in part, on biochemical screening indicators such
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Table 1. Characteristics of patients at the time of diagnosis.

Features Total (n = 498) CS+ (n=278) CS— (n=220)
Age (years) 52.02+13.33 50.45 £ 14.20 54.01 £11.95
Sex (female/male) 319/179 185/93 134/86
Biochemical Tests
Basal cortisol (pg/dL) 16.85 +8.42 21.30+£9.12 11.22+4.35
Basal ACTH (pg/mL) 31.20 (14.5-45.8) 38.40(18.2-55.4) 24.10(12.4-32.6)
1-mg DST (pg/dL) 8.45+9.15 14.25+10.30 1.10£0.45
2-mg DST (ug/dL) 7.15+£8.20 12.35+£9.45 0.65+0.25
8-mg DST (ng/dL) 4.25+5.10 6.15+6.45 0.85+0.35
Midnight cortisol (png/dL) 12.45 +10.12 19.35+11.45 3.75+2.10

Night salivary cortisol (ng/dL)

24 h urine cortisol (ng/24 h)
Imaging performed (, %)

CT adrenal imaging (n, %)

CT/MRI pituitary imaging (n, %)

0.42 (0.15-0.95)
185.4 (42.6-415.2) 354.2 (112.4-658.2) 48.6(24.2-68.4)

184, 36.9%
115,23.1%

0.78 (0.45-1.42)  0.12 (0.08-0.18)

132,47.5%
98,35.3%

52,23.6%
17,7.7%

ACTH, adrenocorticotropic hormone; CT, computed tomography; DST, dexamethasone suppres-

sion test; MRI, magnetic resonance imaging; CS+, Positive for Cushing's syndrome; CS-, Negative

for Cushing's syndrome.

as the 1-mg DST, ufc, and mc, which were also included
as candidate input features in the development of ML mod-
els. Therefore, the present modeling framework should be
interpreted as a data-driven decision-support approach for
standardizing and optimizing existing diagnostic informa-
tion rather than a fully independent diagnostic discovery
model. This overlap between outcome-defining clinical cri-
teria and model predictors may have contributed to the very
high classification performance observed in this study and
represents a potential source of incorporation bias. Ac-
cordingly, the reported performance metrics should be in-
terpreted within this clinical and methodological context.
We made this decision to focus the analysis on the primary
diagnostic distinction between CS+ and CS- cases and to
evaluate whether routinely assessed clinical and biochemi-
cal parameters could support this clinically relevant binary
classification task. The descriptive statistics of the clinical
cohort, including means, standard deviations, and propor-
tional distributions, are presented in Table 1. Analysis of
the dataset revealed a nonuniform distribution of missing
values, primarily because diagnostic evaluations were tai-
lored to individual patient presentations and clinician dis-
cretion. These missing value rates (MVR%) reflect those in
real-world clinical practice, in which certain tests are prior-
itized based on emergent symptoms. Furthermore, several
feature distributions exhibited significant skewness, neces-
sitating robust analytical approaches. The dataset is char-
acterized by a moderate class distribution difference, with
the CS+ group constituting a larger proportion (n = 278) of
the sample than the CS- (control group) (n = 220).

2.3 Preprocessing

Before developing the ML models, preprocessing fo-
cused on three main issues: missing data, outlying bio-

&% IMR Press

chemical values, and skewed feature distributions. We han-
dled missing values using the imputation strategy described
below, while we reduced the skewness of the biochemical
variables and minimized the influence of extreme values by
applying a log10 transformation [16].

From the total dataset of 498 samples, was randomly
allocated for training approximately 80% (n = 397) and
cross-validation, while a separate, independent, hold-out
test set consisting of 101 instances (approximately 20%)
was reserved for final performance evaluation.

In creating the classification models, we applied 10-
fold cross-validation to the training dataset. We employed
stratified sampling during the 10-fold cross-validation pro-
cedure to preserve the proportional distribution of CS+ and
CS— cases within each fold. Given the moderate class im-
balance in the dataset (278 CS+ vs. 220 CS-), this approach
ensured stable training dynamics and reduced the risk of
biased performance estimation. We used cross-validation
to assess model consistency across different subsets of the
training data, improve its generalizability, and minimize the
risk of overfitting [17]. For each algorithm, we recorded the
mean 10-fold cross-validation accuracy obtained from the
training set as an internal estimate of model stability. We
then evaluated the final performance of the model using the
independent hold-out test set, which we consider to be the
primary performance estimates.

2.4 Missing Value Imputation

In clinical practice, diagnostic protocols for CS are of-
ten individualized, resulting in a nonuniform distribution
of biochemical tests. Physicians may defer specific evalu-
ations if prior results yield conclusive diagnostic insights.
For example, 8-mg DST is typically reserved for etiologic
differentiation following initial screening using 1-mg DST.
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In cases involving suspected nonfunctioning adrenal adeno-
mas, 8-mg DST is frequently bypassed. In contrast, based
on the severity of clinical manifestations, clinicians may
prioritize high-dose suppression tests over standard low-
dose protocols. To reflect these real-world clinical dynam-
ics and prevent the loss of valuable diagnostic information,
we retained observations with incomplete data rather than
performing listwise deletion. Considering the pronounced
right-skewed distributions and the presence of extreme bio-
chemical values, we selected median imputation as a ro-
bust and distribution-resistant approach. Unlike mean im-
putation, the median is less sensitive to outliers, which is
particularly important in endocrine datasets with high bi-
ological variability. More complex techniques such as K-
nearest neighbor imputation may introduce additional vari-
ance and parameter sensitivity, whereas multiple imputa-
tion, although theoretically robust, requires additional dis-
tributional assumptions and may complicate interalgorithm
comparisons in this moderate-sized cohort. Therefore, a
conservative and stable median-based strategy was deemed
most appropriate for this moderate-sized clinical cohort.
However, we acknowledge that single-value imputation
methods, including median imputation, may reduce vari-
ance and underestimate uncertainty compared with multiple
imputation approaches. Therefore, we used median impu-
tation for the primary model comparison to ensure a con-
sistent preprocessing pipeline across all algorithms, while
we applied multivariate imputation by chained equations
(MICE) as a sensitivity analysis to evaluate the robustness
of feature importance rankings.

Addressing missingness in clinical datasets remains
a complex statistical endeavor, as no universal imputation
strategy is optimally suited for every analytical scenario
[18]. Although removing cases with missing values is a
common approach, we deemed it to be inappropriate for this
study due to the high missing value rate (MVR%) (rang-
ing from 0% [age, sex, and saliva] to 81.93% [8-mg DST])
in the original cohort. Such an exclusion would have re-
sulted in a significant reduction in sample size and compro-
mised the statistical power of the models. To maintain strict
methodological rigor and prevent data leakage, we man-
aged missing values for all the biochemical and clinical fea-
tures using a median imputation strategy. Specifically, we
calculated the median values for each feature based solely
on the training dataset. We then applied these derived con-
stants consistently to fill in missing entries in both the vali-
dation and the independent hold-out test sets. This protocol
ensured that both of these datasets remained completely un-
seen during model development, thus minimizing informa-
tion leakage and enabling an unbiased assessment of model
performance [19].

In addition to the primary median imputation strategy,
we performed a sensitivity analysis using MICE to evaluate
the robustness of the feature importance rankings against
alternative imputation frameworks. We applied the MICE

procedure exclusively to assess comparative stability and
not for the final model training or performance reporting.
This additional step ensured that the key predictors we iden-
tified were not artifacts of a specific imputation approach.

2.5 Asymmetric Distribution of Clinical Features

Among the classifiers used in this study, NB assumes
that continuous features follow a Gaussian (normal) distri-
bution, while the SVM is sensitive to feature scaling and
distributional properties. When these assumptions are vi-
olated, predictive performance may be adversely affected
[20]. To address this issue, we applied a logl0 transfor-
mation to normalize the highly skewed biochemical fea-
tures (Table 2), thereby enhancing model stability and en-
suring more reliable classification performance across all
algorithms. In contrast, we expected classifiers that do not
rely on specific distributional assumptions to maintain ro-
bust performance across varied data structures, provided
that class separations remain distinct [21]. We subsequently
evaluated and reported the extent of remaining skewness us-
ing the Fisher—Pearson skewness coefficient [22].

2.6 Feature Selection Method

The feature selection method plays a crucial role in
predicting the impact of features in datasets with large num-
bers of variables on the performance of an ML model [23].
Removing irrelevant features both simplifies the dataset and
enhances the interpretability of the model [24]. Among
various possible feature selection methods, we selected the
Boruta algorithm for this study due to its robust all-relevant
selection approach [25]. Unlike traditional heuristic meth-
ods that seek a minimal optimal subset of features, Boruta
identifies all the statistically significant variables that are
associated with the target variable. It achieves this by cre-
ating shadow features, which are randomly permuted ver-
sions of the original attributes, to establish a rigorous sta-
tistical baseline for assessing feature importance, thereby
ensuring that only features with higher importance than ran-
dom noise are retained for model development. To evaluate
the stability of feature selection, we performed a bootstrap
resampling procedure with 50 iterations. For each bootstrap
sample, we repeated the feature selection process and com-
puted a stability index to measure the frequency and con-
sistency with which the key predictors were retained across
resampled datasets.

2.7 ML Classification and Evaluation Methods

The literature contains a wide range of ML algorithms,
which are generally categorized into classification, regres-
sion, and clustering algorithms. While some algorithms are
specific to one category, others can be applied across mul-
tiple categories.

A generalized linear model (GLM) is an ML algorithm
that attempts to determine the distribution of the dependent
variable using a linear function of the independent variables
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Table 2. Skewness coefficients of clinical and biochemical features before and after log;o transformation.

Feature

Skewness (before log)

Skewness (after log)

Night salivary cortisol (saliva)
Basal ACTH (bacth)

Urinary free cortisol (ufc)
8-mg DST (mg8)

2-mg DST (mg2)

1-mg DST (mg1)

Midnight cortisol (mc)

Basal cortisol (bc)

15.96 0.80
9.07 —0.04
7.28 0.60
5.09 1.35
3.88 0.61
3.71 0.45
3.16 0.44
2.56 0.67

ACTH, adrenocorticotropic hormone; DST, dexamethasone suppression test.

[26]. Because it is easy to interpret the parameters produced
by this model, we chose it to solve the CS-modeling prob-
lem. This algorithm has been successfully applied in health-
care settings [27]. Although GLM was previously used to
develop a mobile diagnostic application with high accuracy
[16], it is used here as a statistical baseline to measure the
improvement provided by more complex algorithms.

The decision tree (DT) algorithm is a versatile, flex-
ible, and interpretable ML algorithm that simplifies com-
plexity by dividing the data into meaningful segments. Its
ability to produce a simplified tree structure and provide an
easily interpretable visual output makes it a popular choice
in medical applications [28]. We also adopted an SVM be-
cause it is effective in handling complex decision bound-
aries [21], while we selected random forest (RF) for its ro-
bustness against overfitting [29]. Finally, we included the
NB algorithm because its high computational efficiency,
and demonstrated effectiveness even with relatively small
clinical datasets [30].

2.8 Evaluation Metrics

We evaluated the performance of each model using the
data reserved for testing purposes. In the field of classifica-
tion, the metrics used most commonly for evaluating model
performance include accuracy, sensitivity, specificity, ex-
pected accuracy (EA), and kappa [31]. These metrics were
evaluated following the methods of Aydemir et al. [16].

To express these evaluation metrics mathematically,
we used the confusion matrix (CM), which indicates how
well a given model differentiates between actual and pre-
dicted classes (Table 3). The key terms in this table are true
positive (TP), true negative (TN), false positive (FP), and
false negative (FN).

We assessed the performance and reliability of the
models developed using robust evaluation metrics, includ-
ing accuracy and kappa. Accuracy is defined as the propor-
tion of correctly classified instances among all evaluated
cases; it is calculated as Accuracy = (TP + TN)/(TP + TN
+ FP + FN). Cohen’s kappa coefficient (k) quantifies the
degree of agreement between predicted and actual classifi-
cations beyond chance expectation. It is calculated as k =
(Po — Pe)/(1 — Pe), where Po denotes the observed agree-

&% IMR Press

Table 3. Confusion matrix.

. . Actual
Classification
CS+ CS—
.. CS+ TP FP
Prediction
CS— FN TN

CS+, Positive for Cushing's syn-
drome; CS-, Negative for Cushing's
syndrome; TP, true positive; FP, false
positive; FN, false negative; TN, true
negative.

ment (Accuracy) and Pe denotes the agreement expected by
chance. Kappa values range from 0 to 1, with higher values
indicating stronger agreement beyond chance.

In addition to accuracy and kappa, we used several
other metrics to provide a more robust evaluation, particu-
larly given the moderate class imbalance in the dataset (278
CS+ vs. 220 CS-). These included:

® Balanced accuracy: The average of sensitivity and
specificity, this metric is given by Balanced Accuracy =
[TP/(TP+FN)+ TN/(TN+FP)]/2. Itis less sensitive to class
imbalance than standard accuracy.

@ Precision: The proportion of predicted positive
cases that are truly positive, it is given by Precision =
TP/(TP + FP).

® Recall (Sensitivity): The proportion of actual pos-
itive cases that are identified correctly, it is calculated as
Recall = TP/(TP + FN).

® F1-score: This metric is the harmonic mean of Pre-
cision and Recall, and it is given by F1 =2 x (Precision x
Recall)/(Precision + Recall).

® ROC-AUC (Receiver Operating Characteristic—
Area Under the Curve): This is a threshold-independent
metric that quantifies the ability of a model to distinguish
between the classes CS+ and CS-. An AUC of 1.0 indi-
cates perfect separation, while AUC = 0.5 indicates random
guessing [31].

These metrics were calculated for all models along

with the previously reported accuracy measures from Table
4.
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Table 4. Performance evaluation metrics of ML models calculated for the independent hold-out test set (n = 101).

Model Accuracy (%) Sensitivity (%) Specificity (%) Fl-score Expected accuracy Kappa
NB 100.00% 100.00% 100.00% 1.0000 0.5004 1.0000
RF 99.01% 100.00% 97.96% 0.9905 0.5007 0.9802
DT 99.01% 100.00% 97.96% 0.9905 0.5007 0.9802
SVM 98.02% 98.08% 97.96% 0.9808 0.5004 0.9604
GLM 97.03% 98.08% 95.92% 0.9714 0.5007 0.9405

ML, machine learning; NB, naive Bayes; RF, random forest; DT, decision tree; SVM, support vector

machine; GLM, generalized linear model.

25

20 —

Importance

be —
age

shadowMin —
shadowMean —
shadowMax —

saliva —
bacth —
mgl —
ufc —
mg8
me
mg2 —

Attributes

Fig. 1. Feature importance assessment of biochemical and clinical variables for CS detection using the Boruta algorithm. Ab-

breviations: bc, basal cortisol; CS, Cushing's syndrome; saliva, night salivary cortisol; bacth, basal adrenocorticotropic hormone; mgl,

cortisol after 1-mg dexamethasone suppression test (DST); mg2, cortisol after 2-mg DST; mg8, cortisol after 8-mg DST;, ufc, urinary

free cortisol; me, midnight cortisol.

2.9 Subgroup Analysis

To determine whether performance of a given model
remained consistent across demographic strata, we per-
formed subgroup analyses with respect to gender and age.
We stratified the patients by gender and by age, using the
mean age of the cohort as the cutoff value between “young”
and “old”.

3. Results

In this study, the Boruta algorithm was used to deter-
mine the importance ranking of the features in the dataset,
and the results are presented in Fig. 1.

To ensure the reliability of the feature selection pro-
cess, the stability of the Boruta algorithm was evaluated us-
ing 50 bootstrap iterations. For each bootstrap sample, the
Boruta procedure was repeated, and a stability index was
calculated as the proportion of iterations in which each pre-

dictor was retained as important. The ranking of the leading
predictors remained unchanged when median imputation
was compared with MICE. Post 2-mg DST cortisol, post 1-
mg DST cortisol, and midnight cortisol each showed a sta-
bility index of >0.95. The remaining retained biochemical
predictors also demonstrated stable selection frequencies,
including post 8-mg DST cortisol and ufc. These findings
indicate that the Boruta feature ranking was not driven by a
single data partition or by a specific imputation strategy.

The results obtained from the Boruta algorithm are
presented in Fig. 1. In this figure, the horizontal axis shows
the clinical features along with three synthetic benchmarks
generated by the algorithm: shadowMin, shadowMean, and
shadowMax. These shadow features serve as a randomized
baseline for comparison. Specifically, shadowMax repre-
sents the maximum importance achieved by a noninforma-
tive shuffled attribute; clinical features that significantly
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outperform this shadowMax reference line are confirmed as
significant predictors of CS. The vertical axis shows the im-
portance scores assigned to each feature by the algorithm.
In this plot, the importance of a feature increases as one
moves to the right along the horizontal axis. As shown in
the figure, according to the Boruta feature importance rank-
ing, the 2-mg DST (mg2) emerged as the most significant
predictor for distinguishing CS cases, with an importance
score nearly twice that of the other attributes. The four pre-
dictors me, mg8, ufc, and mgl were next in the order of im-
portance. Although the 1-mg DST (mgl) remains a corner-
stone of international clinical guidelines, its position in our
model hierarchy indicates that within this specific cohort,
the 2-mg DST predictor showed higher feature importance
within this specific dataset and modeling framework, en-
abling the ML algorithms to achieve high diagnostic separa-
tion. These highly ranked biochemical features were subse-
quently incorporated into the diagnostic models. Following
these features in the importance ranking are bacth, saliva,
age, and bc. The gender feature, highlighted in red in Fig.
1, shows no significant importance with respect to the de-
pendent variable. Based on these Boruta results, we found
gender to be statistically noninformative; therefore, we ex-
cluded it from the final modeling phase. Consequently, we
constructed the classification models using nine predictive
biochemical features.

Using the training data, which constituted 80% of the
entire dataset, we developed five different ML classifica-
tion models. The comparative performance of these five
ML models is summarized in Table 4. The NB model
achieved the highest performance across all metrics, with
100% sensitivity and specificity, resulting in a perfect
kappa coefficient of 1.0. This was closely followed by the
RF model, which demonstrated an accuracy 0£99.01%. No-
tably, all models maintained a kappa score of >0.94, indicat-
ing “almost perfect” agreement beyond chance. To provide
transparency in interpreting the magnitude of agreement be-
yond chance, we have reported the EA, which represents the
agreement expected by chance and constitutes an intrinsic
component of Cohen’s kappa calculation. The performance
metrics presented in Table 4 correspond to the final evalua-
tion results obtained from the independent hold-out test set
(n=101). These values represent single test-set outcomes
following model optimization via 10-fold cross-validation
on the training data and are not cross-validation averages.

All models maintained a high level of reliability, with
the GLM model used as a statistical baseline achieving an
accuracy of 97.03% and a kappa value of 0.9405 on the test
set.

The CM and statistical results obtained during the test-
ing phase of the models created with the GLM, SVM, DT,
RF, and NB algorithms are presented in Table 5, and the
diagram generated by the DT model is presented in Fig. 2.

In the binary encoding used to develop the DT model,
0 represents CS- and 1 represents CS+. In Fig. 2, the deci-
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Table 5. Confusion matrix raw counts for evaluated models

(n=101).

Model TP TN FN  FP
NB 52 49 0 0
RF 52 48 0 1
DT 52 48 0 1
SVM 51 48 1 1
GLM 51 47 1 2

Note: The test set consists
of 52 CS+ cases and 49 CS-
(NF/Control) cases (total n=101).

mg2 < 0.25

0 1
88 01 .01 .99
53% 47%

Fig. 2. Decision tree (DT)-derived diagnostic classification
model for Cushing's syndrome based on the post 2-mg dexam-
ethasone suppression test cortisol threshold and key biochem-
ical predictors.

mal values within each node are the predicted probabilities
for the classes CS- and CS+, respectively. For example, the
values 0.99 and 0.01 indicate a high probability of classifi-
cation as CS-, whereas the values 0.01 and 0.99 indicate a
high probability of classification as CS+. The percentage
shown below each node represents the proportion of obser-
vations assigned to that node.

Based on the CM results, the GLM model made errors
on only 3 of the 101 instances. Accordingly, the accuracy
is calculated using the following formula:

TP+ TN
Accuracy (Acc) = %
6]
47 +51
= ——— =97.03%
AT+ 51+ 142 ’

where N=TP + TN + FP + FN is the total number of cases.

Similarly, the SVM model made 2 classification er-
rors out of 101 instances. Specifically, one patient from the
CS- group was incorrectly predicted to be CS+ (false pos-
itive), and one patient from the CS+ group was incorrectly
predicted to be CS- (false negative), resulting in an over-
all classification accuracy of 98.02%. This finding demon-
strates that the model correctly classified a high percentage
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of instances, showing robust performance in distinguishing
the two classes.

For both DT and RF models, only one error was ob-
served in the 101-instance test set. In both models, one
patient who was actually CS- was incorrectly classified as
CS+ (FP = 1), whereas all CS+ cases were correctly identi-
fied (FN = 0), yielding a classification accuracy of 99.01%.

Fig. 2 shows the DT classification using the mg?2 fea-
ture. To interpret this classification on the original scale, an
inverse log10 transformation is required. The split value of
0.25 corresponds to approximately 10%23 ~ 1,78 pg/dL. Ac-
cordingly, patients with a 2 mg DST cortisol value below
1.78 pg/dL are classified as CS- (Control), whereas those
with values equal to or above 1.78 pg/dL are classified as
CS+. This data driven cutoff should be interpreted as a co-
hort specific threshold for the 2 mg DST rather than as a
direct validation of guideline recommended thresholds es-
tablished for the 1 mg DST.

The CM also shows that the NB model made no clas-
sification errors out of 101 instances. Upon examining CM,
all 49 patients who were actually CS- were correctly classi-
fied as CS-, and all 52 patients who are actually CS+ were
correctly classified as CS+. The overall classification accu-
racy of this model is 100%, i.e., perfect classification per-
formance.

The high kappa values (0.9405-1.000) listed in Table
4 indicate excellent agreement between predicted and ob-
served classifications.

The alignment between the average cross-validation
performance on the training set and the results obtained
from the independent test set suggests stable learning be-
havior and good generalization within this cohort. How-
ever, external or temporal validation studies are required to
assess potential overfitting and broader clinical applicabil-
ity more definitively.

To ensure a comprehensive evaluation and account for
the class imbalance in the dataset, we calculated additional
robust metrics for all models. As summarized in Table 6, all
models exhibited high precision and recall, with NB achiev-
ing perfect scores across all metrics. The high ROC-AUC
values (>0.97 for all models) further highlight the excellent
diagnostic separation between CS+ and CS- cases.

Table 6. Consolidated performance metrics of ML models for
CS detection.
Model Balanced Accuracy Precision Recall ROC-AUC

NB 1.000 1.000  1.000 1.000
RF 0.990 0.981  1.000 0.999
DT 0.990 0.981  1.000 0.990
SVM 0.980 0.981 0.981 0.995
GLM 0.970 0.962 0.981 0.993

ROC-AUC, Receiver Operating Characteristic—Area
Under the Curve.

The high consistency between the mean 10-fold cross-
validation accuracy (99.37%, calculated during model de-
velopment on the training set) and the test set accuracy
range of the evaluated models (97.03%—-100%) suggests
stable learning behavior across the classification algo-
rithms. However, considering the relatively small size of
the independent test set (n = 101), these findings should be
interpreted with caution, and external validation is required
to assess model generalizability more definitively.

Subgroup Analyses

To evaluate the robustness of the models against de-
mographic variation, we performed subgroup analyses with
respect to sex and age. The cohort included 319 female and
179 male participants. For the age-based analysis, patients
were stratified into those younger (n = 222) or older (n =
276) than the mean age of the cohort (52 years). Using
the independent test set, we further evaluated the NB and
RF models with respect to sex. In the test set, 72 patients
were classified as female and 29 patients as male, whereas
the age-based subgroups included 45 patients younger than
52 years and 56 patients aged =52 years. The NB model
achieved 100.00% accuracy in all demographic subgroups
including female, male, patients younger than 52 years, and
patients aged >52 years. The RF model also showed stable
subgroup performance, with accuracy values of 98.61% for
females, 100.00% for males, 97.78% for patients younger
than 52 years, and 100.00% for patients aged =52 years.
These subgroup-specific results indicate that the two best
performing models retained high internal classification per-
formance across the examined sex and age strata. However,
these findings should be interpreted cautiously because of
the limited sample sizes of the subgroups, and external val-
idation using larger and more heterogeneous cohorts is re-
quired.

4. Discussion

In this study, based on biochemical test results com-
monly employed in the diagnosis of CS, we compared the
performance of several widely used ML classification algo-
rithms. The high accuracy rates obtained in our analysis in-
dicate that ML models hold substantial potential as clinical
decision-support systems in the diagnostic process. How-
ever, it is essential to discuss our findings in light of the
existing literature while also addressing the methodologi-

cal challenges and clinical implications of the study.
Recently, the number of studies investigating ML ap-

plications in CS diagnostic assessment has been increas-
ing. For instance, Lyu et al. [29] evaluated ML-based
approaches in the context of ACTH-dependent hypercor-
tisolism and reported a ROC-AUC value of 0.976 + 0.03.
Similarly, Golounina et al. [32] conducted a multialgorith-
mic comparison and reported a ROC-AUC of 0.920, with a
sensitivity of 77.8% and specificity of 97.1%. Collectively,
these studies demonstrate that ML techniques can support
diagnostic decision-making in CS-related clinical contexts.
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In our study, the NB algorithm achieved an accuracy
of 100% with a kappa value of 1.0000, whereas RF and DT
achieved 99.01% accuracy. These values are higher than
those reported in previous studies on ML-based CS. This
difference may be attributed to several methodological and
clinical factors. First, we designed the present study as a
binary classification task (CS+ vs. CS-), whereas some pre-
vious studies have addressed more complex diagnostic sce-
narios [32,33]. Second, the biochemical variables used as
predictors, such as DST results, ufc, and cortisol measure-
ments, are strongly related to the clinical criteria used for
defining CS status, which may have increased class separa-
bility. Third, the retrospective single-center cohort and the
relatively limited size of the independent test set may have
contributed to the optimistic performance estimates. There-
fore, although the observed performance indicates strong
internal classification ability within this cohort, the supe-
riority of our results over those of previous studies should
be interpreted with caution until external validation is per-
formed.

Because the present analysis was limited to the bi-
nary classification into CS+ or CS, the models were not
designed or trained to distinguish various CS etiologies.
Consequently, etiology-level diagnostic interpretation was
beyond the scope of the current analysis. This limitation
should be addressed in future studies using appropriately
designed multiclass classification models with sufficient
sample sizes for each diagnostic category.

The DT model in our study identified an approximate
threshold of 1.78 pg/dL for post 2-mg DST cortisol lev-
els to distinguish between CS+ and CS- cases. However,
this threshold should not be equated with the guideline-
recommended 1.8 pg/dL cutoff, which applies specifically
to the 1-mg DST test. Although the numerical similarity
is noteworthy, the two tests involve different doses of dex-
amethasone and therefore cannot be interpreted as being di-
rectly interchangeable. Accordingly, the 2-mg DST thresh-
old identified in this study should be regarded as a data-
driven, cohort-specific finding that requires further valida-
tion before any clinical threshold recommendation can be
made.

The feature importance analysis performed using the
Boruta algorithm identified post 2-mg DST cortisol levels
as the most influential variable, followed by midnight corti-
sol, post 8-mg DST cortisol, and 24-h ufc levels. This find-
ing supports the notion that classical biochemical tests re-
main strong predictors from an ML perspective. The ranked
feature importance hierarchy we have presented not only
enhances model interpretability but also provides clinically
relevant insight as to which biochemical markers contribute
most strongly to the binary distinction between CS+ and
CS- cases. From a practical standpoint, this underscores
the importance of test selection, timing, and quality control
in building robust ML-based diagnostic decision-support
frameworks. We also acknowledge that missing data in
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clinical registries such as a clinician’s decision to bypass
specific confirmatory tests based on initial results may carry
inherent clinical information. Although we used median
imputation to preserve the sample size for model compar-
isons, this approach may mask the clinical reasoning asso-
ciated with the missing data. This is a significant limita-
tion of the present work, and we therefore suggest that fu-
ture frameworks should explore missing-indicator methods
to capture these subtle clinical cues.

The high accuracy achieved across all the models indi-
cates that ML algorithms may serve as valuable adjuncts to
traditional diagnostic methods such as the 1-mg DST, ufc,
and late-night salivary cortisol tests. The ML-based sys-
tems offer the advantage of rapid interpretation of the data,
facilitating the integration of predictive outputs into clini-
cal workflows. Consistent with this, previous studies have
emphasized that ML models may serve as noninvasive and
cost-effective alternatives to traditional invasive diagnostic
procedures [16,34].

Our finding that the sex variable did not contribute sig-
nificantly to model performance further indicates that bio-
chemical parameters can predict CS reliably, irrespective of
the gender of the patient. Thus, a standardized biochemical
protocol may be applicable across all patients; however, this
observation also requires further validation in larger and
more heterogeneous populations.

Despite the high accuracy levels achieved, we ac-
knowledge several limitations of this study. First, mea-
surement conditions, test timing, laboratory variability, and
missing data may have influenced model performance. Sec-
ond, although the classification algorithms demonstrated
excellent accuracy, this study did not address causal in-
ference or temporal progression of the disease; therefore,
the predictive scope of the models remains limited to the
existing test results rather than constituting an evaluation
of longitudinal disease dynamics. Third, there was a par-
tial overlap between the biochemical criteria used to define
CS+ status and the predictor variables used in model de-
velopment. This overlap may have inflated the apparent
diagnostic performance of the models. Our results should
therefore be interpreted as reflecting the ability of ML algo-
rithms to standardize established diagnostic patterns rather
than to identify CS using entirely independent predictors.

Because the dataset we used was derived from a
single-center cohort, external validity and generalizability
of our results may be limited. Similar concerns have been
raised about previous studies. For example, Zoli et al. [33]
reported postoperative-outcome prediction accuracies rang-
ing from 81% to 100% in patients with CD using ML, and
they highlighted the need for larger and externally vali-
dated datasets. Further, because measurement conditions,
test timing, laboratory variability, and missing data may
have influenced model performance, it is essential to en-
sure consistent data quality for reliable model deployment
in real-world clinical environments. In addition, although
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the classification algorithms we used demonstrated excel-
lent accuracy, we did not address causal inference or tem-
poral progression of the disease in this study; the predictive
scope of the models therefore remain limited to the existing
test results.

Based on these considerations, we recommend that fu-
ture research should pursue the following directions:

» Conduct multicenter studies that include diverse ge-
ographic and demographic populations to enable robust ex-
ternal validation.

* Investigate clinical workflow integration such as
compatibility with laboratory information systems and elec-
tronic health records to assess real-world feasibility.

* Incorporate multimodal data including imaging find-
ings, genetic/omics profiles, and additional clinical vari-
ables to further enhance model performance and general-
izability.

* Develop and evaluate explainable artificial intelli-
gence frameworks to address the black-box problem and
improve clinician acceptance.

* Explore time series and longitudinal data to model
disease progression and predict subtype evolution over
time.

By moving beyond preliminary assessments and im-
plementing a more sophisticated computational architecture
for CS detection, this study has advanced our previous re-
search framework [16] significantly. Although our earlier
work established the feasibility of using ML in a clinical
context, the current study introduces a broader suite of high-
performance algorithms including NB, RF, and SVM to en-
sure a more comprehensive performance comparison. Fur-
thermore, by integrating the Boruta feature selection pro-
tocol, we achieved greater stability in identifying the most
discriminative biochemical markers such as the 1-mg and
2-mg DST tests. By addressing the limitations observed
in initial modeling attempts, this methodological evolu-
tion improves diagnostic precision and provides a more
transparent and interpretable model for clinical decision-
making. Using the same clinical cohort with the aforemen-
tioned advanced techniques, we demonstrated that refined
algorithmic approaches can extract deeper diagnostic in-
sights and offer a more reliable screening tool for endocrine
disorders.

5. Conclusions

In this study, we demonstrated that ML algorithms,
particularly NB, RF, and DT, can achieve high diagnos-
tic accuracy in detecting CS using standard biochemical
tests. The identified 2-mg DST threshold of 1.78 pg/dL
represents a cohort-specific, data-driven finding; however,
it should not be interpreted as direct validation of guideline
thresholds established for the 1-mg DST. Although these
models exhibit strong internal validity, they should be po-
sitioned as auxiliary decision-support tools to assist clini-
cians in the objective validation of hypercortisolism. Ex-
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ternal validation in multicenter, prospective cohorts is es-
sential before broader clinical implementation.

Key Points

* This study developed a comprehensive ML-based
decision-support system to improve the diagnostic accuracy
of CS.

* The Boruta algorithm identified 2-mg DST and mid-
night cortisol as the most significant biochemical predic-
tors.

* The naive Bayes model achieved 100% accuracy on
an independent test set.

* A cohort-specific, data-driven threshold of 1.78
png/dL was identified for 2-mg DST.

* This framework can serve as a standardized decision-
support tool for the objective diagnosis of hypercortisolism;
however, external validation is still required.

* External validation in multicenter prospective stud-
ies must ensure broader clinical generalizability.
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