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Abstract—Chagas disease, caused by Trypanosoma cruzi, is a
neglected tropical disease that continues to pose a significant
health threat in Latin America and is increasingly found in non-
endemic regions due to migration. The chronic cardiac form of
the disease (chronic Chagasic cardiomyopathy) often develops
silently, making early detection difficult and effective treatment
challenging. In this work, a machine learning approach based on
the CatBoost algorithm is proposed for the detection of Chagas
disease using electrocardiogram signals. A large-scale dataset
from multiple sources was collected and processed, enabling
the extraction of 425 features encompassing demographic and
advanced ECG waveform characteristics. Severe class imbal-
ance was addressed through targeted evaluation metrics and
segmentation by age. The CatBoost model demonstrated robust
performance, especially for individuals aged equal to or younger
than 45 years, achieving a ROC-AUC of 0.89 and balanced
accuracy of 0.81. Performance decreased to ROC-AUC of 0.81
and balanced accuracy of 0.73 for older individuals (> 45 years).
Despite these favorable metrics, the model presented notable
limitations, particularly a low Matthews Correlation Coefficient
(approximately 0.18) and low precision in predicting the minority
class due to severe class imbalance, leading to a substantial
number of false positives. This highlights the need for further
methodological refinements to improve minority class detection.
These findings reinforce the clinical potential of AI-empowered
ECG analysis for scalable Chagas screening, particularly in
resource-constrained settings.

Index Terms—Chagas disease, ECG, CatBoost, classification.

I. INTRODUCTION

Chagas disease (ChD), caused by the protozoan Try-
panosoma cruzi, remains a major public health challenge
in Latin America, affecting millions of people and causing

significant morbidity and mortality due to its chronic cardiac
complications. With globalization and migration, new cases
have emerged in non-endemic regions, increasing the impor-
tance of scalable diagnostic solutions [1], [2]. The disease pro-
gresses in two stages: an acute phase, typically asymptomatic
or mild, and a chronic phase that may remain silent for years
before manifesting as severe cardiac disorders, notably chronic
Chagasic cardiomyopathy (CCC) [1]–[3]. The CCC leads to
progressive cardiac damage, including conduction abnormal-
ities, arrhythmias, heart failure, and increased risk of sudden
cardiac death (SCD), often with devastating consequences [2],
[4].

Electrocardiogram (ECG) analysis is a non-invasive and
widely available diagnostic tool capable of capturing structural
and functional cardiac changes associated with chronic ChD
[5]. However, clinical diagnosis remains difficult, particularly
in the early stages, due to subtle or nonspecific ECG findings
and a prolonged asymptomatic period [6]. In this context, the
use of artificial intelligence (AI) and machine learning (ML)
models to analyze ECG signals has emerged as a promising
avenue to enhance screening, risk stratification, and early
diagnosis of ChD [4], [5], [7].

The objective of this work is to develop and validate an
automated approach using the CatBoost algorithm, a gradient
boosting method well-suited for tabular data and categorical
variables, to distinguish individuals with and without ChD
based on ECG features [8]. By leveraging a large and heteroge-
neous dataset, extracting detailed demographic and waveform-
based features, and addressing severe class imbalance, the



study seeks to improve both the accuracy and reliability of
ChD detection. Data segmentation by age groups, motivated
by evidence that age is a key discriminative factor, enables an
exploration of model performance across different risk strata.
This work contributes to the expanding body of research on
AI-powered biomedical diagnostics, aiming to support clinical
decision-making and large-scale screening efforts, particularly
in regions with limited resources.

II. LITERATURE REVIEW: CATEGORICAL BOOSTING IN
BIOMEDICAL RESEARCH

Categorical boosting (CatBoost) is a gradient boosting al-
gorithm that natively handles categorical variables and uses
ordered boosting to mitigate overfitting [8]. The literature
notes that CatBoost often excels on heterogeneous tabular
data. With relatively few hyperparameters to tune and efficient
training, CatBoost scales well to large datasets on 200k
Intensive Care Unit (ICU) records [9]. Crucially, CatBoost
models are interpretable: Feature importances and SHapley
Additive exPlanations (SHAP) values can highlight biomarkers
or clinical predictors. These qualities: accuracy, robustness,
and interpretability, have led to CatBoost’s widespread adop-
tion in medical ML, and justify its adoption in this study. Some
applications of CatBoost in biomedical tasks are discussed
below, showing its usefulness to the field.

In cardiology, Reference [10] extracted multiple spectro-
gram features from phonocardiograms using convolutional
neural networks (CNNs) and fed them into CatBoost to nonin-
vasively detect left-ventricular diastolic dysfunction, yielding
an AUC of 0.911 and an accuracy of 88.2%. Reference
[11] used CatBoost to predict anticancer drug combination
synergy on the NCI-ALMANAC dataset and found that Cat-
Boost outperformed deep neural networks, eXtreme Gradient
Boosting (XGBoost), and logistic regression across all metrics.
CatBoost also achieved the highest accuracy (99%) when
predicting survival outcomes in recurrent cervical cancer,
surpassing other classifiers [12].

The detection of ChD, particularly in its chronic cardiac
form, CCC, has become an increasingly relevant topic in
biomedical research due to the importance of early interven-
tion and the often silent progression of the condition. Many
patients remain asymptomatic for years, which complicates
diagnosis and delays treatment. In this scenario, leveraging
artificial intelligence in the analysis of biomedical signals, such
as ECG, presents an innovative and practical solution.

In studies specifically on ChD, CatBoost has also started to
appear. Reference [13] included CatBoost in a ML ensemble
to predict Trypanosoma cruzi infection based on demographic
and clinical survey data. Reference [14] developed a multipara-
metric classifier for SCD in Chagas cardiomyopathy patients
using ECG and clinical features, testing CatBoost among
other algorithms, demonstrating the relevance of CatBoost
for Chagas related to cardiac risk prediction. These examples
suggest that CatBoost can leverage large patient cohorts and
ECG datasets to improve risk stratification in ChD.

III. THEORETICAL BACKGROUND

This section briefly explains the theory underlying the
methods employed in this work.

A. CatBoost

CatBoost is designed to handle categorical predictors ef-
ficiently and remove the prediction shift bias that appears
when the same sample is used both to grow the trees and
to compute the gradients [8], [15]. Comparative studies report
that CatBoost achieves superior area under the curve (AUC)
and accuracy on tasks rich in categorical attributes, often
outperforming XGBoost and Light Gradient Boosting Machine
(LightGBM), although at the cost of longer training times [16].
The main CatBoost innovations are discussed below.

1) Ordered Encoding of Categorical Variables: Before
training, the dataset is shuffled several times. For each permu-
tation, every category c of a categorical attribute is replaced
with an ordered Counter-Target Rate (CTR):

CTR(c) =
curCount(c) + prior

maxCount+ 1
, (1)

where curCount(c) is the number of preceding samples
whose category equals c, maxCount is the frequency of the
most common category, and prior is a hyperparameter because
only previous observations are used, the encoding prevents
target leakage and reduces variance [8]. Low cardinality values
are one-hot encoded, whereas multiple smoothed versions of
the CTR are binarized to enrich the feature space.

2) Ordered Boosting and Prediction Shift Correction:
CatBoost updates the model by constructing trees based on
gradients computed over the entire training dataset. This
approach, however, can introduce a systematic bias in the
estimates. CatBoost computes the gradient of each instance
xi only with models trained on samples that precede xi in
every permutation, a procedure called ordered boosting. This
strategy markedly reduces overfitting, especially on small or
noisy datasets [8].

3) Symmetrical Oblivious Trees: Each tree grown by Cat-
Boost is symmetric. All nodes at a given depth split on the
same feature using the same threshold. Such oblivious trees
are perfectly balanced and have a fixed depth d, which enables
very fast inference (as decision tables fit in cache), fewer
free parameters (thereby reducing the risk of overfitting), and
straightforward graphics processing unit (GPU) parallelization.
During the tree construction, many (feature, split) pairs are
tested. The candidate tree that maximizes the cosine similarity
between the residuals ri and its predictions h(xi) is selected.
The cosine similarity is defined as:

cos(θ) =

∑
i ri · h(xi)√∑

i r
2
i ·
√∑

i h(xi)2
. (2)

4) Regularization and Overffitting Detection: Besides the
learning rate η and ℓ2 leaf regularization, CatBoost provides
an internal overfitting detector that halts training when the
validation loss ceases to improve significantly. Furthermore,



bagging across permutations and the injection of gradient noise
further enhance robustness.

B. Class-Imbalanced Learning Metrics

Robust evaluation under severe class imbalance requires
metrics that do not inflate performance due to majority class
prevalence and that appropriately reward genuine improve-
ments on the minority class [17], [18]. Several widely adopted
metrics are particularly suitable when instances of a class are
scarce. These metrics are formally defined below.

1) Stratified (Per–Class) Brier Score: Let yic ∈ {0, 1}
denote the indicator of instance i belonging to class c and p̂ic
its predicted probability [19]. The class-specific Brier score is

BSc =
1

Nc

∑
i:yic=1

(p̂ic − 1)2 +
1

Nc

∑
i:yic=0

p̂2ic, (3)

where Nc is the number of observations of class c. The
stratified Brier score (SBS) averages these values over C
classes,

SBS =
1

C

C∑
c=1

BSc, (4)

ensuring that every class contributes equally regardless of
frequency because the quadratic penalty operates on calibrated
probabilities. SBS simultaneously captures discrimination and
calibration without being dominated by the majority class.

2) Balanced Accuracy: It is the arithmetic mean of per-
class recalls,

BA =
1

C

C∑
c=1

TP c

TP c + FN c
, (5)

where C denotes the total number of classes, TP c represents
the number of true positives for class c, and FN c is the
number of false negatives for class c. In binary settings,
this reduces to BA = (Sensitivity + Specificity)/2 [20].
Unlike conventional accuracy, BA cannot be maximized by
a “majority-class” classifier; each class must be detected with
equal diligence.

3) Macro-Averaged Recall: It computes recall for each
class c and then takes their mean, Recallmacro =
1
C

∑
c Recallc because the minority class receives the same

weight as the majority. Macro recall directly reflects a model’s
capacity to find rare positives—an aspect obscured by micro-
averaging [21].

4) Matthews Correlation Coefficient (MCC): For the binary
case,

MCC = TP ·TN−FP ·FN√
(TP+FP )(TP+FN)(TN+FP )(TN+FN)

, (6)

where TP denotes the number of true positives, TN is the
number of true negatives, FP represents the number of false
positives, and FN is the number of false negatives. MCC
returns +1 for total agreement (every prediction is correct), 0
for an average random prediction (the classifier behaves like
a coin toss), and −1 for total disagreement (every prediction

is wrong); it is symmetric with respect to class labels and
leverages all four confusion–matrix cells, making it resilient
to class skew [22].

5) Geometric Mean (G–Mean): It is the geometric mean
of per-class recalls,

G-Mean =

(
C∏

c=1

Recallc

) 1

C
, (7)

where C denotes the total number of classes and Recallc is
the recall for class c. A single poorly predicted class drives
the product towards zero; then G–mean rewards classifiers
that keep recall high for every class simultaneously. Empirical
studies show that maximizing G–mean is tightly linked to
improved minority detection in boosting frameworks [23].

6) Weighted Binary Cross-Entropy (WBCE): It augments
the standard cross-entropy loss with class weights w0, w1:

LWBCE = −w1 · y · log p̂− w0 · (1− y) · log(1− p̂). (8)

where y denotes the true label (with y = 1 for the positive
class and y = 0 for the negative class), p̂ is the predicted
probability of the positive class, w1 and w0 are the class
weights for the positive and negative classes respectively. A
common choice is wc ∝ 1

Nc
,where Nc is the number of

samples in class c, giving the minority class a proportionally
larger impact on the gradients. The WBCE evolved as a
practical solution to class imbalance, being widely supported
in ML libraries, facilitating its adoption in various applica-
tions [24]. Collectively, these metrics expose different facets
of performance and, when reported together, provide a fair
and informative picture of a classifier’s behavior under class
imbalance.

IV. METHODOLOGY

In this section, the database used in this study is presented.
The techniques employed for feature extraction, data prepro-
cessing, and processing are also described. All experiments
were conducted on a Lenovo Loq notebook equipped with an
Intel Core i5-12450H processor (12th generation).

A. Data

The data for this study were obtained from the George B.
Moody PhysioNet Challenge 2025 [25], which combines two
databases:

• CODE-15%: it contains over 300,000 12-lead ECG
records collected in Brazil between 2010 and 2016. Most
recordings have a duration of either 7.3 s or 10.2 s and a
sampling frequency of 400 Hz. The binary Chagas labels
are self-reported and therefore may or may not have been
validated.

• SaMi-Trop: it contains 1,631 12-lead ECG records col-
lected from Chagas patients in Brazil between 2011 and
2012. Most recordings have a duration of either 7.3 s or
10.2 s and a sampling frequency of 400 Hz. The binary
Chagas labels are validated by serological tests, and all
are positive.



B. Feature Extraction

The raw ECG signals were pre-processed and transformed
to generate the features dataset for analysis. The algorithm
for ECG feature extraction concerns applying several digital
signal processing algorithms for detecting wave amplitudes
and characteristic intervals for each of the ECG leads. Con-
sidering two demographic features (gender and age) along
with all ECG-derived features, a total of 425 features are
computed. The first two features correspond to the mean and
standard deviation of the ECG samples from lead II. As this
lead is particularly important for diagnostic tasks, the other
two features, gender and age, are also included to evaluate the
relevance of these demographic variables in detecting ChD
through ECG analysis.

The first task in ECG signal processing consists of detecting
the QRS complex within each lead. For this purpose, an ap-
proach that combines Continuous Wavelet Transform (CWT),
Hilbert Transform (HT), and a First-Derivative Filter (FDF)
is employed [26]. The filtering process is applied over each
whole lead signal consisting of a filter cascade composed of
CWT, HTs, and FDF. Considering that CWT presents the scale
factor as a variable parameter, the approach tests four different
scale factors (20, 21, 22, and 23).

The detection or adjustment of the most convenient scale
factor is intrinsically related to the adaptation of the threshold
parameter. Concerning a specific filtered signal version, the
approach begins with an initial threshold value equal to 20%
of the maximum amplitude within the filtered signal version.
If the number of detected QRS occurrences is lower than half
the signal interval duration in seconds, the threshold value is
decreased by 20%, and the search for QRS fiducial points is
repeated. Conversely, if the number of detected QRS fiducial
points exceeds twice the signal interval duration in seconds,
the threshold is increased by 20%, and the search for QRS
fiducial points is repeated.

Once the fiducial points are detected on a given 10-second
preprocessed ECG excerpt, an evaluation metric is computed
as the product of the standard deviation of the beat-to-beat
intervals and the standard deviation of the peak amplitudes.
The selected scale factor is that one associated with the
filtering process that allows for the detection of fiducial points
for which the referred evaluation metric has the lowest value
for the test set.

After determining the QRS locations within each lead,
the following feature subsets are computed: mean QRS am-
plitude for each lead (12 features); standard deviation of
QRS amplitudes for each lead (12 features); minimum and
maximum QRS amplitude for each lead (24 features); mean,
standard deviation, minimum, and maximum values of the
time differences between the QRS fiducial points of lead II
and those of the other leads (48 features); and mean, standard
deviation, minimum, and maximum values of the R-R intervals
(beat-to-beat intervals) based on the QRS fiducial points of
lead II (4 features).

The second task in ECG signal processing consists of QRS

complex segmentation. This step employs a method based on
the application of the Linear Wavelet Transform (LWT) to
the raw ECG signal at scale 23, in combination with a non-
linear transformation represented by the time-series area curve
length (ACL) [27]. The metric ACL is defined by the product
between a function related to the area below the waveform
and a function representing a curve of the waveform.

A variable threshold is computed throughout the ACL time-
series based on the mean and standard deviation of the ampli-
tude values. This variable provides the detection of maximum
values, which are associated with R-wave peaks. Here, the
R-waves are again used as initial references for searching
QRS boundaries. After detecting the maximum critical points
associated with QRS fiducial points, a search is performed,
starting from the identified peaks and extending to both the
right and left sides until local minima of the absolute ACL
slope are found. Each local minimum on either side of the
R-wave peak reference is associated with a specific QRS
boundary.

After determining each QRS boundary location, and conse-
quently, each QRS duration, the following feature subsets are
computed: mean, standard deviation, minimum, and maximum
values of each QRS area within each lead, where each QRS
area is calculated as the sum of squares of samples between
the corresponding QRS boundaries (48 features); mean, stan-
dard deviation, minimum, and maximum values of the QRS
duration, where median values for each QRS boundary are
first computed considering all available leads (4 features);
mean, standard deviation, minimum, and maximum values of
each QRS angle, where each QRS angle is calculated as the
arctangent of the ratio between the QRS area measured using
lead AVF and the QRS area measured using lead I (4 features);
and mean, standard deviation, minimum, and maximum value
of ST-segment elevation (+) or depression (−) are computed
as the amplitude difference between QRS offset and QRS onset
(48 features).

The third task in ECG signal processing consists of P-wave
and T-wave detection and segmentation. For this purpose, a
method is employed that obtains five scaled versions corre-
sponding to the Discrete Wavelet Transform (DWT) of the
ECG input signal at scales 21, 22, 23, 24, and 25 [19]. After
detecting and delineating each QRS complex using the ACL
signal computed within scale 23 or 24, the method enables the
detection and delineation of P and T waves.

For this, a specific scaled version is taken, for example,
the scale 23, and a new ACL signal is derived. In the next
step, a local search for two local maxima is performed within
the ACL signal between the locations related to QRS offset
and the subsequent QRS onset. Actually, the search interval is
divided into two segments, each approximately half the R-R
interval. It is expected at least one dominant maximum to be
found in each of these intervals: The local maximum close to
the left QRS offset is associated with a T-wave peak, and the
maximum close to the right QRS onset is associated with a
P-wave peak.

Concerning each waveform, other specific search windows



are established for identifying the wave edges. Consequently,
the algorithm performs a search for local minima between
the preceding QRS onset and T-wave peak for delineating the
beginning of the T-wave. Analogous searches are performed
in three distinct intervals to delineate the respective waveform
boundaries. First, the T-wave end is determined by searching
between the T-wave peak and half of the R-R interval. Next,
the onset of the P-wave is delineated by searching between
half of the R-R interval and the P-wave peak. Finally, the end
of the P-wave is determined by searching between the P-wave
peak and the onset of the subsequent QRS complex.

After determining the locations of the P-wave and T-wave
within each lead, several feature subsets are computed: mean
P-wave amplitude and mean T-wave amplitude for each lead
(24 features); standard deviation of P-wave amplitudes and T-
wave amplitudes for each lead (24 features); minimum and
maximum P-wave amplitude, and minimum and maximum T-
wave amplitude for each lead (48 features); mean, standard
deviation, minimum, and maximum values of each P-wave
area and each T-wave area within each lead (96 features);
mean, standard deviation, minimum, and maximum values of
the P-wave duration and T-wave duration are calculated. For
this purpose, the median value for each waveform boundary is
first computed considering all the available leads (8 features);
mean, standard deviation, minimum, and maximum value
of each P-wave angle and each T-wave angle, where each
waveform angle is computed as the arctangent of the ratio
between the waveform area measured using the lead AVF and
the waveform area measured using the lead I (8 features);
mean, standard deviation, minimum and maximum value of
the PR-interval are computed as the time difference of each
QRS onset median position across all leads and each P-wave
onset median position across all leads (4 features); mean,
standard deviation, minimum and maximum value of the PR-
segment are computed as the time difference of each QRS
onset median position across all leads and each P-wave offset
median position across all leads (4 features); mean, standard
deviation, minimum, and maximum value of the QT-interval
are computed as the time difference of each T-wave end
median position across all leads and each QRS onset median
position across all leads (4 features); QTc-interval is computed
as the mean QT-interval divided by the square root of the mean
R-R interval (1 feature).

C. Preprocessing

After the feature extraction process, the final dataset com-
prised 283,821 samples. Subsequently, data cleaning was
performed by removing 2,358 duplicate samples, resulting
in a total of 281,463 unique samples. For the classification
task, the dataset also includes a label indicating whether each
patient has ChD, and the gender (sex) variable was encoded,
with 0 representing male and 1 representing female. The data
visualization of the target variable was then initiated, which,
as shown in Fig. 1, revealed a significant class imbalance.

This imbalance initially created a misleading impression
of satisfactory model performance, as the accuracy metric

appeared reasonable.
However, a closer investigation showed a high number

of false positives, leading to low precision when the model
predicts that a patient has ChD. With regard to the features,
a noticeable difference in scale was observed. Most features
are on a small scale, with the absolute values of the first and
second quartiles not exceeding 5.

Furthermore, 13 features exhibit larger scales, such as age
and features related to waveform angles, since angles range
from −180 to 180. Although feature scaling is typically
addressed through normalization, this step was deemed unnec-
essary in this study because the model employed is tree-based.

Given the misleading initial impression, a data segmentation
strategy was adopted in an attempt to mitigate this issue. The
two most interpretable features, gender and age, were selected
as the basis for segmentation. Each feature was individually
analyzed to investigate its behavior in patients with and
without ChD. Through data visualization and the application
of Wasserstein distance [28] between the two patient samples,
it was observed that the proportion of gender remains virtually
unchanged regardless of ChD disease status, as illustrated in
Fig. 2 and the small value given by the Wasserstein distance
(0.0414). In contrast, Wasserstein’s distance related to age was
considerably greater (7.3354), but not only that, its probability
distribution of age exhibits a more significant difference. This
is illustrated in Fig. 3, where the ages were grouped as shown
in Table I for easier interpretation.

Fig. 1: Distribution of target classes

Fig. 2: Distribution of gender across target classes



Fig. 3: Distribution of age group across target classes

TABLE I: Age Group Distribution

Age Interval Age Group Label
(15, 25] Young
(25, 45] Adult
(45, 65] Middle Age
(65, 80] Senior Adult
(80, 100] Older People

Based on these observations, the segmentation approach was
to create age groups in which the proportion of individuals
with ChD is higher than the corresponding proportion among
those without ChD. Therefore, as shown in Fig. 3, a very
significant difference is observed in the proportion of patients
with and without ChD among the middle-aged, senior, and
older age groups. Furthermore, the proportion of these age
groups is higher among patients with ChD compared to those
without ChD. Based on these findings, the age segmentation
is defined by patients aged above 45 and those aged 45 or
below.

D. Processing and Tuning

The complete dataset was partitioned into two subsets:
training (80%) and testing (20%). The CatBoost model was
subsequently optimized through the tuning of the follow-
ing hyperparameters: iterations, depth, learning rate, and
l2 leaf reg. These hyperparameters were optimized through
extensive experimentation using 10-fold cross-validation, a
procedure adopted to ensure robust performance regardless of
data distribution. The optimal values obtained were:

• iterations: 720;
• depth: 5;
• learning rate: 0.008;
• l2 leaf reg: 0.01.
The WBCE was chosen as the loss function to mitigate the

influence of class imbalance. In the next step, the model was
evaluated on the test set. As previously discussed, the groups

of age ≤ 45 years and > 45 years exhibit markedly different
proportions of individuals with and without ChD. Therefore,
a CatBoost model was additionally trained and evaluated in
each of these age groups. The same hyperparameters identified
in the full dataset training were reused. The results of these
experiments are presented in the subsequent section.

V. RESULTS

Table II presents the mean and standard deviation of
each evaluation metric obtained through the cross-validation
process, whereas Table III shows the corresponding metric
values calculated on the test set. Fig. 4, Fig. 5, and Fig. 6
display, respectively, the confusion matrices, learning curves,
and receiver operating characteristic – area under the curve
(ROC-AUC) curves for test subsets comprising patients aged
45 years or younger, patients older than 45 years, and the
entire test population. Several observations can be made from
these results:

• Severe class imbalance: as illustrated in Fig. 4, the
proportion of patients with ChD in the test set is ap-
proximately 1%− 3%, resulting in an extremely skewed
class distribution.

• Optimal fitting: the learning curves suggest that the
model achieved optimal fitting because the validation loss
closely matches the training loss across all test scenarios,
as shown in Fig. 5.

• High stability: throughout cross-validation, the standard
deviation of the metrics is consistently small. This indi-
cates that the model is stable across different data splits,
and when combined with the optimal fitting, it implies
strong generalization capability.

• Age-specific performance gap: performance metrics, both
in cross-validation and on the test set, are consistently
worse for patients older than 45 years compared to those
aged 45 years or younger, indicating that the model
has greater difficulty with older individuals. A plausible
explanation is the higher prevalence of cardiac abnormal-
ities in older adults; the model may misinterpret some of
these abnormalities as markers of ChD.

• Overall metric profile: all metrics exhibit favourable
values. The discriminatory power is high, as ROC-AUC
always exceeds 0.8, and the calibrated SBS is low (al-
ways below 0.2), indicating well-calibrated probability
estimates. The only weak metric is the MCC; its low
value stems from the extreme class imbalance. Despite
the high specificity, the model still yields thousands of
false positives (FP) for every hundred true positives (TP).

TABLE II: Cross-validation results

Metric Age ≤ 45 Age > 45 All Ages
ROC-AUC 0.8662 ± 0.0144 0.8083 ± 0.0112 0.8404 ± 0.0065

Balanced Accuracy 0.7800 ± 0.0206 0.7272 ± 0.0131 0.7519 ± 0.0075
Matthews Corr. Coef. 0.1596 ± 0.0110 0.1825 ± 0.0105 0.1750 ± 0.0056

Macro Recall 0.7800 ± 0.0206 0.7272 ± 0.0131 0.7519 ± 0.0075
G-Mean 0.7759 ± 0.0230 0.7243 ± 0.0143 0.7514 ± 0.0077

Stratified Brier 0.1173 ± 0.0029 0.1691 ± 0.0011 0.1569 ± 0.0008
Sensitivity 0.7050 ± 0.0437 0.6641 ± 0.0260 0.7248 ± 0.0135
Specificity 0.8549 ± 0.0065 0.7903 ± 0.0038 0.7790 ± 0.0023



(a) People aged 45 or younger (b) People aged over 45 (c) People of all ages

Fig. 4: Confusion matrices for different age groups.

(a) People aged 45 or younger (b) People aged over 45 (c) People of all ages

Fig. 5: Learning curves (log-loss) for different age groups.

(a) People aged 45 or younger (b) People aged over 45 (c) People of all ages

Fig. 6: ROC curves for different age groups.

TABLE III: Test set results

Metric Age ≤ 45 Age > 45 All Ages
ROC-AUC 0.8897 0.8073 0.8424

Balanced Accuracy 0.8147 0.7272 0.7501
Matthews Corr. Coef. 0.1780 0.1824 0.1725

Macro Recall 0.8147 0.7272 0.7501
G-Mean 0.8138 0.7244 0.7497

Stratified Brier 0.1180 0.1686 0.1580

VI. CONCLUSION

This study demonstrates the potential of combining ad-
vanced signal processing and ML techniques for the automatic
detection of ChD using ECG signals. The CatBoost-based

approach yielded robust performance, particularly among
younger individuals (≤ 45 years), with consistently high
discriminatory power (ROC-AUC > 0.88) and well-calibrated
probability estimates. Despite the significant challenge posed
by extreme class imbalance, the model maintained stable
generalization across data splits and subgroups. Age was
confirmed as a key factor for improving classification perfor-
mance, justifying the chosen segmentation strategy, although
the markedly poorer performance in older individuals calls
for a more critical examination of its underlying causes (for
example, comorbidities, ECG feature overlaps, or data sparsity
in that subgroup).

Nonetheless, the results also highlight persistent limitations.



Low precision and F1-scores, especially for the minority class,
underscore the need for further methodological improvements,
such as advanced imbalance handling techniques, feature se-
lection, or ensemble methods, to boost sensitivity and speci-
ficity for true positive cases. In addition, external validation
on independent datasets and integration with other clinical
information will be crucial for translating these findings into
practice.

The findings reinforce the clinical relevance and feasibility
of AI-enhanced ECG analysis for ChD screening in large-
scale and resource-limited environments. As AI-driven tools
continue to evolve, their adoption could facilitate early in-
tervention and improved outcomes for patients with ChD,
supporting public health efforts in endemic and non-endemic
regions alike.
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