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Highlights
What are the main findings?

e  The electrocardiogram parameters and machine learning models, especially the Random Forest
classifier, have shown high potential in the early diagnosis of neonatal transient tachypnea.

e  The Random Forest model exhibited the best performance compared to other models in terms
of F1 score, Matthews Correlation Coefficient, and Area Under the Curve values.

What are the implications of the main findings?

¢  ECG-based machine learning models can facilitate rapid, accurate, and non-invasive diagnosis
of TTN, thereby reducing unnecessary interventions and expediting treatment initiation.

e  The Random Forest model presents a promising approach for the development of ECG-based
diagnostic systems in pediatric populations and merits further investigation in future studies.

Abstract

Objective: This study explores the utility of electrocardiogram parameters in conjunction with
machine learning models for the early diagnosis of neonatal transient tachypnea (TTN). TTN is a
common cause of respiratory distress in neonatal intensive care units, and early diagnosis has the
potential to reduce invasive interventions and shorten hospital stays. Methods: The study
retrospectively examined data from 101 neonates diagnosed with TTN and 82 healthy neonates,
utilizing parameters such as P, QRS, T angles, and frontal QRS-T angle obtained from ECG. Results:
Decision Tree, Neural Network, Random Forest, Boosting, and Support Vector Machine models were
utilized among the machine learning algorithms. The dataset was split into 65% for training, 20% for
validation, and 15% for testing. According to the findings, the Random Forest classification model
demonstrated superior performance compared to other models, achieving 71.4% test accuracy, an
average AUC value of 0.790, and a Matthews Correlation Coefficient of 0.443. The MCC value
indicated that the Random Forest model possesses reliable predictive power even with imbalanced
datasets. Notably, ECG parameters such as PR interval, V2 T voltage, and SV1 voltage were identified
as the most significant features influencing the model's predictive performance. Conclusions: These
findings suggest that ECG-based machine learning models can enhance clinical decision-making by
facilitating non-invasive, rapid, and accurate diagnosis of TTN. Such artificial intelligence-driven
systems hold the potential to mitigate unnecessary interventions, expedite treatment initiation, and
improve neonatal prognoses. Future efforts should focus on enhancing model interpretability
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through the incorporation of explainable Al methodologies to facilitate their seamless integration into
clinical practice.

Keywords: electrocardiogram; machine learning; neonate transient tachypnea; random forest model;
QRS angle; T angle; frontal QRS-T angle

1. Introduction

Transient tachypnea of the newborn (TTN) is a common respiratory condition in newborns that
usually resolves spontaneously within 72 hours. While most cases require conservative management,
some infants with TTN may develop respiratory distress requiring respiratory support [1]. The goal
of respiratory support for TTN is to improve oxygenation and reduce the work of breathing by
minimizing lung injury. Initial support typically involves supplemental oxygen delivered via nasal
cannula or mask. If respiratory distress persists or worsens, noninvasive ventilation techniques such
as continuous positive airway pressure or nasal intermittent positive pressure ventilation may be
used [1]. In severe cases where noninvasive methods are insufficient, intubation and mechanical
ventilation may be necessary [2]. Studies have shown that a significant proportion of infants with
transient tachypnea of the newborn are treated in neonatal intensive care units, and some of these
patients require mechanical ventilation support [2]. Ventilator settings are adjusted to provide
adequate oxygenation and ventilation while minimizing barotrauma. Lung-protective strategies,
such as low tidal volumes and permissive hypercapnia, are important to prevent ventilator-induced
lung injury [2]. Furthermore, early and comprehensive clinical evaluation for infants with TTN
crucially informs the determination of respiratory support requirements. TTN shows a variable
clinical course, with some infants recovering with mild symptoms, while others require more
intensive support. This variability means that a single treatment protocol is not suitable for all infants
[2].

The QRS-T angle serves as an indicator of ventricular repolarization in ECG evaluation and
reflects the angular difference between the mean electrical axes of the QRS complex and the T wave
on the ECG [3]. This angle is being investigated as a potential biomarker in the diagnosis and
prognostic evaluation of various cardiac pathologies such as myocardial ischemia, arrhythmia, and
heart failure [4-6]. Understanding the physiological reference ranges of this angle in neonates and its
potential changes in respiratory distress conditions like TTN is crucial for understanding the
interaction between cardiac physiology and the respiratory system. In this context, the role of
electrocardiographic parameters such as the QRS-T angle and frontal QRS-T angle in the early
diagnosis and prediction of the clinical course of neonatal transient tachypnea warrants thorough
investigation [7]. The relationship of these parameters with cardiopulmonary adaptation
mechanisms in neonates and their potential clinical value, especially in patients requiring non-
invasive ventilation, requires further elucidation [1]. Furthermore, clarifying the extent to which these
electrocardiographic findings reflect the intricate physiological interactions between the heart and
lungs, and their contribution to the pathophysiology of neonatal respiratory distress syndromes, is
essential. The potential utility of these parameters as a biomarker for the early diagnosis of neonatal
transient tachypnea, a frequent cause for admission to neonatal intensive care units, and for assessing
the risk of complications, holds significant importance due to its potential to predict the necessity for
invasive and non-invasive respiratory support.

Analysis of electrocardiogram findings with machine learning algorithms, extending beyond
traditional parameters such as the QRS-T angle, offers novel avenues for the early diagnosis and
prognosis of neonatal transient tachypnea by identifying complex patterns and subtle underlying
physiological alterations. Machine learning methodologies are increasingly utilized and
continuously evolving, offering significant advancements in diagnostic and monitoring workflows.
In this context, the performance of algorithms such as Decision Tree, Random Forest, Boosting,
Neural Network, and Support Vector Machine, when applied to ECG data for the diagnosis and
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prognosis of TTN, warrants detailed examination. Specifically, combining these algorithms with
distinct electrocardiographic parameters, such as P, QRS, T angles, and the frontal QRS-T angle, can
enhance predictive power in the early diagnosis of neonatal transient tachypnea and in determining
the risk of complications [8,9]. These advanced analytical methods demonstrate that the QRS-T angle
serves as an indicator reflecting heterogeneity in ventricular repolarization [8] and is also associated
with critical outcomes such as sudden cardiac death [3]. Such assessment can enable a deeper
understanding of neonatal cardiac adaptation processes. Through these algorithms, the potential for
early diagnosis of transient tachypnea in newborns can be enhanced, thereby allowing for more
expedited determination of appropriate treatment strategies [10]. The role of machine learning in
elucidating neonatal cardiopulmonary adaptation mechanisms holds significant promise,
particularly in clarifying the pathophysiology of TTN and addressing existing knowledge gaps in
this domain [11]. Given the demonstrated success of machine learning algorithms in the early
diagnosis and management of other critical neonatal conditions, including sepsis [10], heart murmurs
[12], and bronchopulmonary dysplasia in neonatal intensive care units, similar potential is
anticipated for TTN. These techniques can improve neonatal outcomes by enhancing diagnostic
accuracy and timeliness, and by guiding individualized treatment approaches [12].

This study aims to evaluate the potential for early diagnosis of transient tachypnea in neonates
admitted to the neonatal intensive care unit by integrating electrocardiogram parameters, specifically
P, QRS, T angles, and frontal QRS-T angle, with machine learning algorithms. This approach seeks to
facilitate the rapid and accurate non-invasive diagnosis of TTN, thereby reducing unnecessary
interventions and enabling earlier initiation of treatment. This approach can shorten hospitalization
durations related to TTN in neonatal intensive care units and decrease complication rates [9,10].
Furthermore, the analysis of ECG-based physiological signals through machine learning can not only
enhance diagnostic accuracy but also elucidate the underlying pathophysiological mechanisms of
TTN [13]. Especially in resource-limited settings, this can contribute to the overall improvement of
neonatal health by reducing dependence on expensive and invasive diagnostic methods. Thus, it will
lay a foundation for future research by overcoming current challenges in the clinical application of
ML for the early detection and management of critical conditions in the neonatal period.

2. Methodology
2.1. Data Collection

This retrospective study was conducted by including 101 neonatal patients diagnosed with
neonatal transient tachypnea at Izmir Buca Seyfi Demirsoy Training and Research Hospital between
June and December 2024, alongside a healthy control group of 82 neonates. Demographic data, blood
tests taken at admission, respiratory support received, 12-lead electrocardiograms recorded within
the first 2-6 hours of birth, and transthoracic echocardiography (Philips Ultrasound Inc./USA) data
evaluated within the first 48 hours were included in the study. All ECGs included in the study were
retrospectively recorded from files and obtained in accordance with standard neonatology protocols,
with a paper speed of 25 mm/sec and a sensitivity of 10 mm/mV. Subsequently, each ECG record was
manually reviewed by an experienced pediatric cardiologist to confirm the accuracy of
measurements and the absence of artifacts. The sum of V1 S-wave voltage and V6 R-wave voltage
was calculated as a total for ventricular hypertrophy [14,15]. The calculation of P, QRS, and T wave
angles from each ECG was performed by manually determining the frontal vectors representing the
spatial orientation of each wave. QRS-T angles were calculated using the Frontal QRS-T angle
method, which involves determining the mean electrical axes of the QRS complex and the T wave
and then calculating the angle between these two vectors [3]. From the calculated ECG data,
parameters such as heart rate, PR interval, QRS duration, RR interval, QT interval, cQT, V1 S-wave
voltage, V6 R-wave voltage, and P, QRS, T angles, and frontal QRS-T angle were calculated and
noted. Patients whose neonatal transient tachypnea was consistent with the Turkish Neonatology
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Society's "Respiratory Distress in Term Neonates Diagnosis, Treatment, and Prevention Guide" were
included in the study [16].

Patients with arrhythmias on ECG and those with congenital heart disease (excluding Patent
Ductus Arteriosus and Patent Foramen Ovale) on echo were excluded from the study. Additionally,
other conditions that could mimic TTN symptoms, such as metabolic diseases, severe infections, or
neurological disorders, were taken as exclusion criteria [16]. These exclusion criteria were
meticulously applied to ensure that the study results more accurately reflected the physiological
processes specific to TTN. This approach aimed to create a homogeneous study group to examine the
pure clinical and electrophysiological profile of TTN.

Our study was approved by the Izmir Buca Seyfi Demirsoy Teaching and Research Hospital
Ethics Committee (ethical decision number 2025/388, dated 29.01.2025) and conducted in accordance
with the principles of the Declaration of Helsinki

2.2. Statistical Analysis and Machine Learning

Statistical analyses and machine learning methodologies were employed to assess the data using
the open-source JASP 0.95.2 software [17]. Continuous variables were reported as mean * standard
deviation for parametric distributions and as medians for non-parametric distributions; categorical
variables were presented as counts and percentages. The Kolmogorov-Smirnov test was performed
to ascertain the normality of data distribution. Bivariate relationships between variables were
assessed using a simple correlation test. Differences among categorical variables were investigated
through chi-square analysis. For quantitative comparisons, Student's t-test and ANOVA were
utilized for normally distributed parameters, while the Mann Whitney U and Kruskal Wallis tests
were applied for parameters demonstrating non-normal distribution. A p-value of <0.05 was
designated as statistically significant for all analyses. The Random Forest algorithm, located under
the classification section of the machine learning tab in the JASP program, will be employed for
machine learning. JASP is an open-source project with structural support from the University of
Amsterdam and others. The dataset will be allocated as follows: 65% for the training set, 20% for the
validation set, and 15% for the test set. Key metrics to be recorded include Support, Accuracy,
Precision, Recall, False Positive Rate, False Discovery Rate, F1 Score, Matthews Correlation
Coefficient, Area Under Curve, Negative Predictive Value, True Negative Rate, and False Negative
Rate. Furthermore, for the machine learning model, Mean Decrease in Accuracy, Total increase in
Node Purity, and Mean dropout loss values of the features will be documented. This study designates
the hemodynamically significant hPDA group and the hemodynamically insignificant,
spontaneously resolving aPDA group as the target variables.

3. Results
3.1. Statistical Results

A total of 183 cases were included in the study (CG: n=82, PG: n=101). Of these patients, 42 in
the CG and 59 in the PG were female(p:0.33). The median birth weight of the CG was 3280 g, while
that of the PG was 3020 g, and this difference was statistically significant (p=0.010). Similarly, median
body surface area values were found to be higher in the CG (CG: 6.74, PG: 6.47), and the difference
was significant(p:0.02). When body surface area was examined, the median for CG was 6.74, and for
PG it was 6.47(p:0.07). The median gestational age for CG was 39, and for PG it was 38 (p:0.06; Table
1).

In addition, for the patient group only: the median duration of ventilation was 2 days, with a
minimum of 1 day and a maximum of 7 days. The maximum intubation period was recorded as 6
days. The median length of stay was observed to be 5 days (min:3 day, max; 35 day).

In the ECG data; HR values for CG median was 137, and for PG median was 136. PR interval
values for CG median was 102 milliseconds, and for PG median was 108 ms(p:0.1). QRS values for
CG median was 66 ms; for PG median was 67 ms(p:0.86). QT values for CG median was 289 ms; for
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PG median was 302 ms(p:0.02). RR interval median values were similar for both groups (p:0.337).
QTC values for CG median was 437 ms; for PG median was 447 ms. Tp-e values for CG: median QTC
values for CG median was 437 ms; for PG median was 447 ms(p;0.37). Tp-e values for CG: median 50
ms; PG: median 60 ms(p:0.111). Tp-e/QT ratios for CG median was 178 ms, for PG median 196 ms.
Tp-e/QTc ratios for CG median was 117 ms; for PG median 134 ms(p:0.136).

ECG voltage values were also recorded. RV5 voltage values were recorded as a median of 0.7
mVolt(mV) for CG and 0.8 mV for PG (p:0.387). SV1 voltage values were a median of 0.3 mV for CG
and 0.2 mV for PG (p:0.002. V2 T voltage values were found to be a median of 1.0 for CG and 0.7 mV
for PG (p:0.06). RV5+5V1 voltage values were found to be a median of 1.2 for CG and 1.1 for PG
(p:0.290).

Regarding the vectorial values observed in the ECG, the median P-wave angle was recorded as
48° for the Control Group and 51° for the Patient Group (p=0.910). The median QRS-wave angle
values were 128° for CG and 131° for PG (p=0.475). The median T-wave angle values were 57° for CG
and 53° for PG (p=0.383). The frontal QRS-T angle values were determined to be a median of 62° for
CG and 78° for PG (p=0.045)

Regarding the echocardiographic measurements, the median Left Ventricular Ejection Fraction
values were determined to be 69% for the Control Group and 65% for the Patient Group (p<0.001).
Left Ventricular Posterior Wall Diastole values were a median of 1.6 mm for CG and 2.3 mm for PG
(p<0.001). Left Ventricular Internal Dimension Diastole values were 14.9 mm for CG and 14.9 for PG
(p=0.768). Interventricular Septum Diastole values were a median of 2.4 mm for CG and 2.8 mm for
PG (p<0.001). Right Ventricular Internal Dimension Diastole values were 13.6 mm for CG and 12.4
mm for PG (p<0.001). Aortic values were a median of 6.8 mm for CG and 6.5 mm for PG (p=0.09). Left
Atrial Diameter values were a median of 9.2 mm for CG and 8.7 mm for PG. Left Ventricular Mass
values were a median of 3.548 for CG and 4.624 for PG (p<0.001). Left Ventricular Mass Index values
were a median of 0.531 for CG and 0.714 for PG (p<0.001; Table 1).

Table 1. Descriptive Statistics.

Median Quartilel Quartile 3 P value
CG 3280 2966 3575
Weigt(gr) 0.01
PG 3020 2610 3445
Weight CG 34 18 67 0.305
percentil PG 39 18 54
Body Mass CG 6.74 6.363 7.054 0.0
index PG 6.47 5.980 6.917 '
CG 39 38 40
Gestation week 0.06
PG 38 37 39
CG 137 124 158 0.1
Heart Rate
PG 136 126 145
CG 102 90 120
PR interval(ms) 0.057
PG 108 98 123
QRS CG 66 59 89 0.086
complex(ms) PG 67 57 76
CG 289 273 309 0.002
QT interval(ms)
PG 302 286 328
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CG 450 392 500
R-R interval(ms) 0.337
PG 450 420 480
CG 437 417 464
corrected QT 0.037
PG 447 426 471
CG 50 40 60
Tp-e(ms) 0.003
PG 60 50 80
CG 0.178 0.143 0.211
Tp-e/QT 0.111
PG 0.196 0.137 0.259
CG 0.117 0.094 0.145
Tp-e/QTc 0.136
PG 0.134 0.091 0.175
V6 R wave CG 0.7 0.5 1.0
0.387
voltage(mV) PG 0.8 0.5 1.2
Vl S wave CG 0.3 0.1 0.7
0.002
voltage(mV) PG 0.2 0.0 04
V2 T CG 1.0 0.6 1.3
0.006
voltage(mV) PG 0.7 04 1.1
Sum of V6 R and 0.290
CG 1.2 0.8 1.6
V1 waves
voltage(mV) PG 1.1 0.7 1.5
CG 48 17 67 0.910
P angle
PG 51 24 64
CG 128 109 160 0.475
QRS angle
PG 131 111 170
CG 57 33 98 0.383
T angle
PG 53 40 73
Frontal QRS-T CG 62 26 97 0.045
angle PG 78 46 109
CG 69 65 70 <0.001
LV EF (%)
PG 65 63 69
CG 1.6 1.4 1.96 <0.001
LVPWd(mm)
PG 2.3 1.8 2.65
CG 14.9 13.9 16.05 0.768
LVIDd
PG 14.9 13.6 16.26
CG 2.4 2.0 2.7
IVSd <0.001
PG 2.8 2.3 3.3
CG 124 11.2 13.46
RVIDd <0.001
PG 13.6 12.4 15.23
LVIDs CG 9.7 9.2 10.41 0.479
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PG 9.9 9.1 10.95

CG 10.2 8.8 11.48 0.007
RVIDs

PG 11.0 9.6 12.20

CG 6.8 6.2 7.5 0.009
Ao diameter

PG 6.5 5.9 7.0
Left Atrial CG 9.2 8.3 10.3 0.057
diameter PG 8.7 7.7 9.6

CG 3.548 2.985 4.152 <.001
LV Mass

PG 4.624 3.778 5.584

CG 0.531 0.454 0.603 <.001
LV Mass index PG 0.714 0.605 0.901

3.2. Machine Learning Results

In machine learning, Decision Tree Classification (DTC), Neural Network Classification(NNC),
Random Forest Classification (RFC), Boosting Classification (BC), and Support Vector Machine
Classification(SVMC) models were employed. The dataset, comprising a total of 178 samples, was
partitioned into 121 samples for training (65%), 22 samples for validation (15%), and 35 samples for
testing (20%).

Decision Tree Classification Model Findings: The Decision Tree Classification model was
constructed with 60 splits, exhibiting a complexity penalty of 0.060. The model's validation accuracy
was recorded as 0.591, and its test accuracy as 0.600 (Table 2). According to the confusion matrix, 4
of the 14 observed cases from the control group were correctly classified as control, while 10 were
erroneously predicted as patient group. Conversely, among the 21 observed cases from the patient
group, 4 were incorrectly classified as control, while 17 were correctly predicted as patient group
(Table 3). Detailed evaluation of the model performance metrics revealed an overall accuracy of 0.600.
For the control group, precision was 0.500 and recall was 0.286, whereas for the patient group,
precision was 0.630 and recall was 0.810. The F1-score was calculated as 0.364 for the control group
and 0.708 for the patient group. The Area Under the Curve value stood at 0.548 for both groups. The
Matthews Correlation Coefficient was determined to be 0.111. Analyzing the feature importance
rankings, the variables contributing most significantly to the model's predictive performance were,
in descending order: T angle (relative importance 16.845), Frontal QRS-T angle (relative importance
15.990), QRS complex (relative importance 12.673), and V1 S wave voltage (relative importance 8.345).
Other variables, such as the V6 R wave voltage, exhibited lower relative importance. Average
dropout loss values further illustrate the interactions of these variables within the model.

Neural Network Classification Model Findings: The model was constructed using 20 nodes
with 2 hidden layer. Its validation accuracy was recorded as 0.545, and its test accuracy as 0.600 (Table
2). Confusion matrix analysis revealed that out of 15 observed cases from the control group, 1 were
correctly classified, while 14 were erroneously predicted as the patient group. Conversely, among the
20 observed cases from the patient group, 20 were correctly classified, while 0 were mistakenly
predicted as the control group (Table 3). The overall accuracy of the model was calculated as 0.600.
For the control group, precision was 1.000 and recall was 0.67, while for the patient group, precision
was 0.588 and recall was 1.000. The F1-score was determined to be 0.125 for the control group and
0.741 for the patient group. The Area Under the Curve value was 0.500 for the control group and
0.500 for the patient group. The Matthews Correlation Coefficient was found to be 0.198. In this
model, feature importance metrics indicated a balanced data distribution, yielding comparable mean
dropout loss values.
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Random Forest Classification Model Findings: This model was constructed using 69 trees and
3 features at each split. The model's validation accuracy was recorded as 0.455, and its test accuracy
as 0.800(Table 2). According to the confusion matrix analysis, 10 of the 12 observed cases from the
control group were correctly classified as control, while 2 were erroneously predicted as the patient
group. Conversely, among the 23 observed cases from the patient group, 5 were incorrectly classified
as control, while 18 were correctly predicted as the patient group (Table 3). These results indicate that
the model identified the patient group with a higher success rate compared to the control group. A
detailed evaluation of the model performance metrics revealed an overall accuracy of 0.800. For the
control group, precision was 0.667 and recall was 0.833. whereas for the patient group, precision was
0.900 and recall was 0.783. This indicates a higher success rate in detecting the patient group. The F1-
score was calculated as 0.741 for the control group and 0.837 for the patient group. The Area Under
the Curve values were 0.701 for the control group and 0.761 for the patient group, with an average
AUC value of 0.731. The Matthews Correlation Coefficient was determined to be 0.591. Based on the
feature importance ranking, the variables contributing most significantly to the model's predictive
performance were, in descending order: Heart Rate (0.024), Sum of V6 R and V1 S waves voltage
(0.006), and QRS complex (0.004).

Boosting Classification Model Findings: The model was constructed using 4 trees. A shrinkage
value of 0.1 suggests that the model is prone to overfitting. The model's validation accuracy was
recorded as 0.545, and its test accuracy as 0.600 (Table 2). According to the confusion matrix analysis,
12 of the 19 observed cases from the control group were correctly classified as control, while 7 were
erroneously predicted as the patient group. Conversely, among the 16 observed cases from the
patient group, 7 were incorrectly classified as control, while 9 were correctly predicted as the patient
group (Table 3). A detailed evaluation of the model performance metrics revealed an overall accuracy
of 0.600. For the control group, precision was 0.632 and recall was 0.632, whereas for the patient
group, precision was 0.563 and recall was 0.563. This indicates a higher success rate in detecting the
patient group. The Fl-score was calculated as 0.632 for the control group and 0.563 for the patient
group. The Area Under the Curve values were 0.668 (control group) and 0.461 (patient group), with
an average AUC value of 0.564. The Matthews Correlation Coefficient was determined to be 0.194.
Based on the feature importance ranking, the variables contributing most significantly to the model's
predictive performance were, in descending order: Frontal QRS-T angle (28.971), V1 S wave voltage
(26.655), cQT (24.391), and PR interval (19.983).

Support Vector Machine Classification Model Findings: The developed Support Vector
Machine model was configured with a violation cost of 0.010 and comprises 107 support vectors. The
model's validation accuracy was recorded as 0.682, and its test accuracy as 0.629 (Table 2). According
to the confusion matrix, 2 cases from the control group were correctly classified as CG, while 13 cases
were erroneously predicted as the Patient Group. Conversely, among the patient group, 20 cases were
correctly classified as the Patient Group, while 0 cases were mistakenly assigned to the Control Group
(Table 3). The model's overall accuracy was determined to be 0.629. While the model exhibited higher
recall 1.000 and F1-score (0.755) for the detection of the patient group, the recall (0.133) and F1-score
(0.235) were lower for the control group. The model's Matthews Correlation Coefficient was 0.284
indicating a classification performance slightly better than random chance but not a strong
correlation. The Area Under the Curve value was calculated as 0.567 for both groups, suggesting a
moderate discriminative ability for the model. An examination of the mean dropout loss values,
which reflect each feature's contribution to the model's predictive performance, revealed that
electrocardiographic parameters such as ECG heart rate (0.429), SV1 voltage (0.420), QRS (0.419),
Forntal QRS-T angle (0.419), QT interval (0.419) and cQT (0.418) were the most significant
contributors to the SVM model's predictive performance. In contrast, the effects of features like P-
angle (0.402), RR interval (0.407) and QRS angle (0.409) were more limited.
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Table 2. Summaries of Models.

Models Model Summaries
Decision Complexit Splits n(Train n(Validatio n(Test Validatio Test
Tree y penalty ) n) ) n Accurac
Classificatio Accuracy 'y
n 0.000 60 121 22 35 0.591 0.600
Neural Hidden Nodes n(Train n(Validatio n(Test Validatio Test
Network Layers ) n) ) n Accurac
Classificatio Accuracy 'y
n 2 20 121 22 35 0.545 0.600
Random Trees Features n(Train n(Validatio n(Test Validatio Test
Forest per split ) n) ) n Accurac
Classificatio Accuracy 'y
n 69 3 121 22 35 0.455 0.800
Boosting Trees Shrinkag n(Train n(Validatio n(Test Validatio Test
Classificatio e ) n) ) n Accurac
n Accuracy vy

4 0.100 121 22 35 0.545 0.600
Support Violation  Support n(Train n(Validatio n(Test Validatio Test
Vector cost Vectors ) n) ) n Accurac
Machine Accuracy 'y
Classificatio 0.010 107 121 22 35 0.682 0.629
n

Table 3. Confusion Matrix.

Predicted
Control Group Patient Group

Decision Tree Observed Control Group 4 10
Classification Patient Group 4 17
Neural Network Observed Control Group 1 14
Classification Patient Group 0 20
Random  Forest Observed Control Group 10 2
Classification Patient Group 5 18
Boosting Observed Control Group 12 7
Classification Patient Group 7 9
Support  Vector Observed Control Group 2 13
Machine Patient Group 0 20
Classification

4. Discussion

In this study, the potential of electrocardiogram parameters and machine learning models in the
early diagnosis of transient tachypnea of the newborn was evaluated. Firstly, when we evaluated the
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classical statistical results, there are a limited number of studies on the use of electrocardiogram data,
especially QRS-T angles, in the early diagnosis of transient tachypnea of the newborn. This increases
the originality of the study and its potential importance in clinical practice. Existing literature reports
that electrocardiogram-based deep learning models show high performance in predicting various
cardiac abnormalities such as ASD detection and heart failure in the pediatric population [18,19].
Since the QRS-T angle is globally considered as the combination of ventricular depolarization and
repolarization processes, this parameter is important for its potential to reflect changes in ventricular
function in transient tachypnea of the newborn [14]. In this context, the analysis of ECG-based QRS-
T angles will stand out as a valuable indicator for detecting electrical changes in ventricular
pathophysiology that cannot be detected echocardiographically in transient tachypnea of the
newborn. These angles, especially as a combination of ventricular depolarization and repolarization
processes, can offer a deeper understanding compared to traditional methods in the early and
accurate diagnosis of transient tachypnea of the newborn and will make significant contributions to
clinical decision-making processes.

In our study, based on classical statistical results, the QRS-T Axis was found to be 128 degrees
in the control group and 131 degrees in the patient group. These values are similar to those reported
in [20]. We believe that the significant outcome of this angle evaluation in our study may be related
to the volume and pressure load on the right ventricle. Indeed, transient tachypnea of the newborn
is a condition resulting from insufficient clearance of fetal lung fluid, which can lead to an increase in
pulmonary vascular resistance and, consequently, an increased load on the right ventricle [16]. This
pathophysiological change can correlate with the variations observed in the QRS-T angle and
electrographically reflect early deteriorations in right ventricular functions [14]. This situation
enhances the diagnostic value of QRS-T angles in assessing the heart's structural and functional
adaptations during the neonatal period [18,21]. This suggests that electrocardiographic findings,
particularly changes in the QRS-T angle, can be considered an important indicator of right ventricular
volume and pressure overload in the early stages of transient tachypnea of the newborn [22].

Our study's main focus also reveals that machine learning algorithms, by analyzing complex
patterns in ECG data, offer a higher diagnostic accuracy potential compared to traditional methods.
According to classical statistical results, ECG data, especially the QRS-T angle, yielded a borderline
p-value, whereas these values were utilized more efficiently in the results of machine learning
models. Among the models, the Random Forest classification demonstrated the best performance. It
outperformed other models, especially in terms of F1 score, MCC, and AUC values. The F1 score is a
critical metric used to evaluate the performance of machine learning models, particularly reflecting
the balance between precision and recall in classification problems. This score is a harmonic mean
that summarizes the model's ability to accurately predict the positive class, considering both the
accuracy of positive predictions and how many of all true positives are captured [10,23]. Random
Forest models generate robust and stable predictions that compensate for the weaknesses of
individual trees by building multiple decision trees on random feature subsets and data samples [24].
This ensemble approach reduces overfitting and increases the model's generalization ability, leading
to more robust performance on unseen data [9]. Recent articles indicate that studies using Random
Forest models have started to show better performance compared to other models [25-27]. In this
respect, our study provided values close to those in the literature. Our study has shown that Random
Forest can be widely used and yield successful results, especially in the development of ECG-based
diagnostic systems in pediatric populations. More emphasis should be placed on this model in future
studies.

In machine learning, we observe that the models making the weakest predictions are NC, with
a Control group F1 score of 0.125. Following this, the SVMC model showed a CG F1 score of 0.235,
and the DTC model exhibited a CG F1 score of 0.364. In contrast, Boosting models, especially
algorithms like XGBoost, are considered capable of providing stronger predictions due to their ability
to sequentially combine weak learners to improve the overall performance of the model [13]. Indeed,
XGBoost can demonstrate superior performance in complex datasets with high accuracy and
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precision by using boosted tree models [9]. In the standalone xBC model, the CG F1 score was
determined as 0.632, and the patient F1 score as 0.563; however, when compared to the Random
Forest model, which showed the best performance, XGBoost was observed to lag behind in certain
situations, particularly in terms of F1 score [28,29]. Correspondingly, as seen in our study, Random
Forest models are reported to achieve higher accuracy rates in the diagnosis of complex pediatric
cardiac diseases [9]. This situation has shown that Random Forest can be widely used and yield
successful results, especially in the development of ECG-based diagnostic systems in pediatric
populations [30,31]. Therefore, it is important to further investigate the potential of Random Forest
in future research and ensure its integration into clinical applications. Furthermore, the use of
explainable artificial intelligence methods, such as SHAP values, to increase the interpretability of
the Random Forest model and facilitate its integration into clinical decision support systems, can
more clearly reveal the contribution of each ECG parameter to the diagnosis [32].

When evaluating machine learning models, it is necessary to look at the Matthews Correlation
Coefficient values after the F1 score. From this perspective, MCC is a comprehensive and reliable
performance metric, especially used in binary classification problems. MCC measures a model's
ability to correctly predict both positive and negative data samples, regardless of class imbalances in
the dataset. The MCC value ranges from -1 to +1, with +1 indicating perfect prediction power, 0
indicating random prediction, and -1 indicating a completely inverse prediction [33,34]. In our study,
the MCC value of the Random Forest model was found to be higher compared to other models,
demonstrating reliable performance even with imbalanced datasets and high predictive power in
diagnosing transient tachypnea of the newborn. This MCC finding emphasizes that Random Forest
can be widely used and yield successful results, especially in the development of ECG-based
diagnostic systems in pediatric populations. This situation shows that Random Forest can
successfully capture complex and non-linear relationships present in ECG data, thereby detecting
subtle distinctions that other classifiers cannot overcome [9,27]. In this context, it can be said that
Random Forest is a promising approach for the development of artificial intelligence-supported ECG
interpretation systems, especially in pediatric cardiology [35].

In the future, machine learning and its sub-models will be featured in more research. Especially
in the clinical follow-up of critically ill and hospitalized patients, it is of great importance to generate
data through such pioneering studies regarding deterioration, complications, and mortality. The
collection and analysis of this data will pave the way for the development of artificial intelligence-
supported decision-making systems, marking a critical step in improving survival and long-term
prognosis in neonatal intensive care units. In this context, machine learning models, especially using
biomarkers such as ECG parameters and P, QRS, and T angles, can significantly accelerate the early
diagnosis of conditions like transient tachypnea of the newborn. Furthermore, integrating
transparent artificial intelligence approaches is crucial to increase the interpretability of these models
and build trust among clinicians. This facilitates understanding the features underlying model
predictions, helping clinicians make more informed diagnostic and treatment decisions. Therefore,
integrating explainable artificial intelligence techniques into ECG-based machine learning models
will both increase clinical acceptability and minimize the risk of medical errors. Such integrated
systems offer opportunities for proactive intervention by pre-identifying potential risks, especially
for conditions requiring continuous monitoring in neonatal intensive care units [36]. Additionally,
combining Al techniques with data obtained from wearable sensors can improve the quality of
signals, which are more prone to noise like motion artifacts, thereby enabling more accurate diagnosis
and monitoring [12]. This indicates that the performance of models can be further improved by using
data obtained not only from ECG but also from other physiological signals such as
photoplethysmography [37]. These developments also form the basis for applications such as
predicting readiness for extubation [10] or detecting apnea [12] through automated analysis of
cardiorespiratory behaviors in newborns.
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5. Conclusions

This study evaluated the potential of machine learning models with electrocardiogram
parameters in the early diagnosis of transient tachypnea of the newborn. The relationship of
electrocardiographic findings such as P, QRS, T angles, and frontal QRS-T angle with
cardiopulmonary adaptation mechanisms in newborns and their potential clinical value were
emphasized. Various machine learning algorithms, including Random Forest, Decision Tree, Neural
Network, Boosting, and Support Vector Machine, were used in the study, and the Random Forest
model was found to exhibit the best performance in terms of F1 score, Matthews Correlation
Coefficient, and Area Under the Curve values. The MCC value, in particular, demonstrated reliable
performance even with imbalanced datasets and highlighted the model's predictive power,
indicating that Random Forest has high potential in the diagnosis of TTN. These findings suggest
that ECG-based machine learning models can enable rapid and accurate non-invasive diagnosis of
transient tachypnea of the newborn, thereby reducing unnecessary interventions and providing an
opportunity for earlier treatment. It was concluded that the integration of artificial intelligence-
supported decision support systems into neonatology will be a critical step in improving survival
and long-term prognosis in neonatal intensive care units.
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