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Abstract - Early identification of health risks in newborns
admitted to the Intensive Care Unit (ICU) is essential for
enabling timely clinical intervention and improving survival
outcomes. Traditional neonatal monitoring methods primarily
rely on fixed threshold-based evaluations and manual
assessments, which often fail to capture complex relationships
among multiple physiological and clinical parameters. To
address these limitations, this study proposes a machine
learning—based framework for early risk detection in
newborns using structured data, including gestational age,
anthropometric measurements, vital signs, feeding patterns,
APGAR scores, and biochemical indicators. The proposed
system utilizes a CATBoost-based multi-class classification
model to predict condition-specific risk levels associated with
jaundice, cardiac, and respiratory complications. The model is
well-suited for healthcare applications due to its efficient
handling of categorical features and robustness against
overfitting. Furthermore, the system is supported by a
modular architecture that integrates automated data
preprocessing, model training, and real-time inference through
secure APIs. An interactive user interface enables
visualization of risk predictions and clinical insights, thereby
assisting healthcare professionals in making informed, data-
driven decisions in critical care environments.

Key Words: Neonatal risk prediction, Machine learning,
CATBoost, Intensive care unit, Healthcare analytics, Clinical
decision support.

1.INTRODUCTION

The Neonatal Intensive Care Unit (NICU) is one of the most
critical environments in modern medicine. Worldwide,
approximately 2.4 million neonatal deaths occur annually,
many attributable to conditions that are detectable if clinical
deterioration is identified early enough'>. Newborns admitted
to NICUs are physiologically fragile, as their organ systems
remain underdeveloped, and even minor deviations in vital
signs may signal life-threatening events®. The three most
prevalent conditions in NICU settings are neonatal jaundice,
cardiac complications, and respiratory distress, each
contributing significantly to neonatal morbidity and mortality.

Conventional NICU monitoring depends on hardware-based
threshold alarms that trigger only when a single physiological
parameter crosses a fixed limit*. These systems operate
reactively and are incapable of detecting gradual multi-

parameter deterioration. Furthermore, the high false-positive
alarm rate produces alert fatigue among clinical staff, which
paradoxically delays responses during genuine emergencies>°.
Most existing machine learning solutions for neonatal
healthcare address only a single condition, lack real-time
inference capability, and provide no clinical-grade user
interface for NICU environments.

This paper presents a CATBoost-based multi-class
classification framework that simultaneously predicts Low,
Medium, and High risk for three neonatal conditions from 22
structured clinical features®. The system is deployed as a
complete full-stack application comprising a FastAPI backend,
React.js clinical dashboard, and MongoDB database, achieving
92.00% overall accuracy with zero misclassification between
extreme risk classes'.

2. Body of Paper

2.1 LITERATURE REVIEW

Early machine learning research in neonatal healthcare focused
on sepsis prediction'!. Mani et al. applied statistical methods
and basic classification to neonatal sepsis, establishing the
feasibility of data-driven NICU approaches but suffering from
small sample sizes and a single-condition focus'?. Desautels et
al. extended this using Logistic Regression and Decision Trees
but reported high false-positive rates, which are unacceptable
in clinical environments already affected by alert fatigue!s.

Aczon et al. employed Random Forest and time-series analysis
for neonatal mortality prediction, achieving promising
accuracy  but demonstrating ~ poor  cross-hospital
generalization'. Deep learning architectures introduced around
2018 showed improved accuracy on neonatal monitoring tasks
but required GPU hardware that is impractical for most clinical
environments''®. Harutyunyan et al. conducted multitask
learning benchmarking on clinical time-series data and
highlighted the challenge of acquiring sufficiently labelled
neonatal datasets!”.

The emergence of gradient boosting techniques significantly
improved structured clinical data classification'®. Prokopenko
et al. demonstrated that CATBoost’s ordered boosting
mechanism and native handling of categorical features enable
superior generalization on mixed-type datasets'®. Ribeiro et al.
emphasized that clinical machine learning systems must
provide interpretable outputs for regulatory and -clinical
acceptance, motivating the use of CATBoost’s feature
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importance capabilities®®. A persistent gap in the reviewed
literature is the absence of a system capable of predicting
multiple neonatal conditions simultaneously through a real-
time clinical interface, which this work aims to address?'.

2.2 EXISTING SYSTEM

Existing neonatal monitoring systems in NICUs rely on fixed
threshold-based methods to track individual physiological
parameters such as heart rate and oxygen saturation'. These
systems are reactive and fail to capture multi-parameter
deterioration®. While some machine learning models have been
introduced, most focus on single-condition prediction and lack
real-time deployment and clinical integration®. Additionally,
high false alarm rates lead to alert fatigue among healthcare
professionals, reducing response efficiency*. Overall, existing
systems lack a wunified and real-time framework for
comprehensive neonatal risk assessment.

2.3 PROPOSED SYSTEM
2.3.1 System Architecture
Infant Health Risk Prediction System Architecture

User Interface Authentication Service
(Web/Mobile App) (JWT Bearer Token)

ML Prediction Engine
API Gateway & Backend
(FastAPI)

(CATBoost Multi-class Model)
< > Data Risk Scoring
Request Validation (Pydantic) (Cardiac, Respiratory,
User Jaundice)
App)
Y ous Task Manager
OpenAPI Documentation v
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Database Cluster

<
(MongoDB)
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Fast Dependency
Resolution & Virtual Env . - « Flexible JSON
v @ B % Document Storage

Package & Env Manager »| | « Patientvitals  « Nested Prediction
(w) & History Results

Fast Dependency
Resolution & Virtual Env

Fig -1:Infant Health Risk Prediction System Architecture

The proposed system follows a five-layer modular architecture
designed for scalability, security, and real-time clinical
responsiveness?2. The Presentation Layer is implemented as a
React.js single-page application that provides patient data entry
forms and a real-time risk dashboard with colour-coded
indicators (green: Low, amber: Medium, red: High). The API
Layer is developed using FastAPI, which manages request
routing, performs input validation using Pydantic models, and
enables asynchronous inference processing'.

Security is ensured through JWT-based authentication, which
enforces role-based access control for different users, including
nurses, doctors, and administrators. The Machine Learning
Layer hosts the pre-trained and serialized CATBoost model,
which is loaded during server initialization to ensure low-
latency predictions. The Data Persistence Layer utilizes
MongoDB to store patient records and prediction histories,
maintaining timestamped logs for traceability and audit
purposes®.

2.2.2 System Flow

As shown in Fig. 2, the end-to-end data flow begins when a
healthcare professional submits patient clinical data through
the frontend form*’. The data passes through a preprocessing
pipeline before being fed into the trained CATBoost multi-
class classifier, which outputs probability scores for Low,
Medium, and High risk levels across all three conditions
simultaneously. These probability scores are then mapped to
condition-specific risk indicators and stored in MongoDB for
continuous and longitudinal monitoring®.

Patient Data Input

Y

Data Preprocessing
Module

A4

CATBoost ML Model

Y

Risk Prediction Output

Y

Dashboard Display

Fig -2:System Block Diagram — Data Flow from Input to
Dashboard

2.3.3 Dataset and Feature Set

The model is trained on a structured neonatal clinical dataset
comprising approximately 1,000 patient records, each
characterized by 22 clinical and physiological features:
gestational age weeks, birth weight kg, birth length cm, birth
head circumference cm, Apgar score, oxygen saturation, heart
rate bpm, respiratory rate bpm, temperature c, jaundice level
mg dl, feeding type (categorical), feeding frequency per day,
weight kg, length cm, head circumference cm, urine output
count, stool count, immunizations done, reflexes normal, age
days, and gender®.

The target variable risk level is encoded as 0 = Low, 1 =
Medium, and 2 = High. The dataset contains no missing values
and is partitioned using a stratified 80/20 train-test split.
Additionally, 5-fold cross-validation is applied during training
to ensure unbiased performance evaluation®.

2.3.4 Risk Mapping Module
The raw output probabilities generated by the model are
transformed into condition-specific risk scores using weighted
mappings that reflect clinical severity patterns®. Cardiac risk is
assigned higher weight to P(High) due to the rapid and critical
nature of cardiac deterioration in neonates. The computed
scores are then thresholded into Low, Medium, and High risk
categories for visualization in the clinical dashboard.
The mapping functions are defined as:

®  Djaundice = 0.6 X P(Medium) + 0.4 x P(High)

®  Deardiac = 0.3 X P(Medium) + 0.7 X P(High)

®  Drespiratory = 0.5 X P(Medium) + 0.5 X P(High)
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2.4. CATBOOST: ALGORITHM AND
MATHEMATICAL FORMULATION

2.4.1 Gradient Boosting Foundation

CATBoost (Categorical Boosting) is a gradient boosting
decision tree (GBDT) algorithm developed by Yandex
Research'. It constructs an additive ensemble F(x)of
Msequential weak learners, where each new decision tree
hm(x)is trained to correct residual errors produced by the

current ensemble:
M

FGO=E  Yuhn()

where ynis the step size for tree m, determined through line
search to minimize the training loss'®. Each new tree is fitted to
the negative gradient (pseudo-residuals) of the loss function L.
For three-class neonatal risk prediction (K = 3), CATBoost
minimizes the categorical c%)ss-enlt(ropy loss:

1 k k

L=+5~X% 2 Yilog (i)
where yk € {O,l}representsl?llle true class indicator and pkis
L L

the predicted probability. This objective produces well-
calibrated probabilities suitable for clinical risk assessment'®.

2.4.2 Ordered Boosting

Traditional GBDT methods suffer from prediction shift, where
gradient estimates are biased due to target leakage!'s.
CATBoost addresses this using Ordered Boosting, where
training samples are randomly permuted and each sample is
trained using only preceding samples in the sequence. This
ensures unbiased gradient estimation and improves
generalization, especially on smaller clinical datasets'.

2.4.3 Categorical Feature Encoding

Categorical variables such as feeding type are handled using
ordered target statistics. For a category value cat position i:
Zj<i [xj=cly; +ay

quL.x =c|l+a

where y~ is the global target mean and ais a smoothing
parameter to prevent overfitting’>. CATBoost also uses
symmetric (oblivious) trees, applying the same split at each
level, which improves regularization and enables fast inference
without GPU support®.

(e i) =

2.4.4 Hyperparameter Configuration

The model is configured with iterations = 120, depth = 3,
learning rate = 0.03, loss function = Multiclass, and random
seed = 42, selected through empirical validation®. A shallow
tree depth combined with a low learning rate ensures effective
regularization for datasets of moderate size, preventing
overfitting while capturing complex clinical feature
interactions.

2.5. IMPLEMENTATION AND FRONTEND
INTERFACE

2.5.1 Technology Stack

The implementation utilizes a modern and modular technology
stack. The machine learning pipeline is developed in Python
3.9 using CATBoost 1.2, Scikit-learn 1.2, Pandas, and
NumPy"*. The backend REST API is built using FastAPI with

the Uvicorn ASGI server'®. The frontend dashboard is
implemented in React.js with Chartjs for visualization.
MongoDB serves as the NoSQL database for storing patient
records and prediction history?*. All communications are
secured via HTTPS, and access control is enforced using JWT-
based authentication, ensuring compliance with healthcare data
security standards?.

2.5.2 Login and Registration

The system provides secure access through a login interface, as
shown in Fig. 4. Users authenticate using email and password
credentials, after which a JWT bearer token is issued and
included in all subsequent API requests**. New users can
register through the account creation interface shown in
Fig.3,4. The dual-interface design ensures clear separation
between login and registration workflows while maintaining
usability standards?®.

Welcome Back

Caring for Every Moment

Fig. 3: Login Page — HEALTH PREDECT Web Application

Create Account

/¥

Caring for Every Moment

Fig. 4: Registration Page — Create Account

2.5.3 Newborn Risk Prediction Form

After authentication, clinicians access the newborn risk
prediction form shown in Fig.5. The form is structured into
clinically relevant sections such as Basic Information, Birth
Details, Current Measurements, Vitals, and Feeding and
Health, covering all 22 input features®. Input validation
ensures acceptable physiological ranges, while dropdown
fields are used for categorical variables such as feeding type,
immunization status, and reflex condition. This structured
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layout reduces data entry errors and aligns with clinical
workflows?.

€ C O localhost3000/predict Q ¥ =0 @:
s £ Mbeckmsts

Ppw——

Fig. 5: Newborn Risk Prediction Form — Clinical Data Entry
Interface

2.5.4 Prediction Result

Upon submission, the Fast API inference endpoint returns
condition-specific risk levels and confidence scores within 200
milliseconds'®. The output is displayed in a modal interface, as
shown in Fig.6, presenting risk levels and probability
percentages for jaundice, cardiac, and respiratory conditions
simultaneously’. The use of colour-coded indicators enables
clinicians to quickly interpret results without requiring
technical expertise.

€ 5 @ O loclhos3000predi * =0 @:

= £ MlBockm

Prediction Result

Condition: Jaundice
Risk Level: Low
Likelyhood: 0.44%

Condition: Cardioc
Risk Levet: Low
Likelyhood: 0.27%

Condition: Respiratory
Risk Level: Low
Likelyhood: 0.38%

Fig. 6: Prediction Result Modal — Condition-wise Risk Levels
and Confidence Scores

2.5.5 Prediction History Dashboard

The prediction history dashboard, shown in Fig. 7, displays a
chronological record of all previous assessments?. Each entry
includes patient details, assessment date, and colour-coded risk
levels with corresponding confidence scores for all conditions.
The system also provides an export feature to download
records in Excel format for reporting and analysis**. This
functionality ensures traceability and overcomes limitations of
traditional NICU systems that lack audit capabilities®.

The dashboard enables longitudinal monitoring by tracking
changes in a newborn’s health over time, helping in early
detection of deterioration. It also supports clinical decision-
making by allowing comparison of past and current risk levels.

Additionally, stored data facilitates retrospective analysis for
future research and model improvement.

€« C O localhost3000/results * =0 @ :
2 (=]

@ HeautHprepecT @ Fesuts

@ Predict

W Results Prediction History Bpot &

@ Sottings

Date Name Jaundice Cardiac Respiratory

sara Low (44%) Low (27%) tow (36%)
Narem Thanuja Low (36%) Low (25%) Low (32%)
2/1a/2026 sora Low (3%) Low (19%) Low (27%)

Narem Thanuja Modium (52%) tow (39%) Modium (47%)

..

Fig. 7: Prediction History Dashboard — Chronological Risk
Records with Export

2.6. RESULTS AND DISCUSSION

2.6.1 Training Output

The training process generates a detailed model evaluation
report, as shown in Fig.8, summarizing key performance
metrics®. The model achieves an overall accuracy of 92.00%,
balanced accuracy of 91.91%, macro F1-score of 0.919, MSE
of 0.080, and R? score of 0.858. It also provides per-class
precision, recall, Fl-scores, and a confusion matrix,
confirming the model’s readiness for clinical deployment?®.

. NEWBORN RISK PREDICTION — MODEL REPORT

ol OVERALL MODEL PERFORMANCE

B2 Accuracy : 92.00%
4 Balanced Accuracy : 91.91%
4 Macro F1 Score 1 0.919

N4 ERROR METRICS (How far predictions deviate)
« Mean Squared Error (MSE) : 0.080
* Root Mean Squared Error : 0.283
« R? Score 1 0.858

© Simple Interpretation:
« Higher Accuracy - More correct predictions.
* Lower MSE/RMSE - Predictions are closer to actual risk.
e R2 closer to 1 » Strong predictive reliability.
« Balanced Accuracy ensures fairness across all risk levels.

Per-Class Performance

Low | Precision: ©.89 | Recall: ©.91 | Fl-score: 0.90 | Cases: 69
Medium | Precision: 0.89 | Recall: ©0.92 | Fl-score: 0.91 | Cases: 127
High | Precision: 0.98 | Recall: ©.92 | Fl-score: 0.95 | Cases: 104

Confusion Matrix (Actual vs Predicted)
[[ 63 6 0]
[ 8117 2]
[ e 8 96]]

#" Model trained, evaluated, and ready for clinical risk prediction.

Fig. 8: Model Training Output — Newborn Risk Prediction
Report

2.6.2 Overall Performance

The model is evaluated on a hold-out test set of 300 records
using a stratified split®. It achieves 92.00% accuracy, 91.91%
balanced accuracy, and a macro Fl-score of 0.919. The R?
score of 0.858 indicates strong explanatory power'®. High-risk
precision reaches 0.98, meaning the model correctly identifies
high-risk cases with high reliability>.

High balanced accuracy indicates consistent performance
across all classes, avoiding bias toward majority classes. The
macro Fl-score confirms a good balance between precision
and recall, which is crucial in medical applications. Overall,
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the model is robust and suitable for real-world clinical decision
support.

2.6.3 Confusion Matrix

Confusion Matrix

100

Low

80

60

True Label
Medium
Count

- 40

-20

High

Low Medium High
Predicted Label

Fig. 9: Confusion Matrix — CATBoost Neonatal Risk
Prediction
The confusion matrix shows 276 correct predictions out of 300
(92% accuracy)’. Importantly, no High-risk cases are
misclassified as Low-risk and vice versa, ensuring clinically
safe predictions. All errors occur only between adjacent risk
levels, maintaining reliability*>.

This behavior reflects strong class separation and effective
boundary learning by the model. The absence of extreme
misclassifications is particularly critical in healthcare, as it
prevents dangerous underestimation or overestimation of
patient risk. Overall, the confusion matrix validates the
model’s reliability and safety for clinical decision-making.

2.6.4 ROC-AUC Analysis

ROC Curve — One-vs-Rest per Class
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Fig. 11: ROC Curve — One-vs-Rest Multi-Class (CATBoost)

The ROC-AUC scores are 0.993 (Low), 0.963 (Medium), and
0.990 (High)°. These near-perfect values confirm strong
discriminative ability, especially for high-risk detection, which
is critical in NICU environments'®?,

ROC-AUC measures the model’s ability to distinguish
between classes across all classification thresholds. Higher
AUC values indicate better separability and lower
misclassification rates. These results demonstrate that the
model can reliably differentiate between risk levels, making it
suitable for critical clinical applications.

2.6.5 Precision-Recall Analysis

Precision-Recall Curve per Class

1.0
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0.2

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Fig. 10: Precision-Recall Curve — All Risk Classes

Precision-Recall AUC scores are 0.978 (Low), 0.952
(Medium), and 0.983 (High)°. The model maintains high
precision across recall levels, particularly for the High-risk
class, demonstrating robustness in identifying critical cases?'.

The Precision-Recall curve is especially important for
imbalanced datasets, where it provides a clearer evaluation
than ROC curves. High precision ensures fewer false positives,
while high recall ensures critical cases are not missed. These
results confirm that the model performs reliably across
different decision thresholds.

2.6.6 Learning Curve and Bias-Variance Analysis

Overfitting vs Underfitting Analysis

0931 \/\/

0.90 -

0.85

0.80 -

0.75 7

Accuracy

0.70 1

0.65

0.60 -

—— Training
0357 —— validation

T T T T T
100 200 300 400 500
Training Size

Fig. 12: Learning Curve — Overfitting vs. Underfitting
Analysis (CATBoost)
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Training accuracy (~0.95) and validation accuracy (~0.93)
converge with a small gap of 0.02°. This indicates a well-
balanced bias-variance trade-off with minimal overfitting'®.
Increasing dataset size is expected to further improve
generalization'.

The close alignment between training and validation
performance suggests that the model learns meaningful
patterns rather than memorizing the data. A small
generalization gap indicates stable performance on unseen
data. This behavior confirms the model’s reliability for real-
world clinical deployment.

2.6.7 Feature Importance Analysis

Top 10 Feature Importances

oxygen_saturation

heart_rate_bpm

respiratory_rate_bpm

apgar_score

gestational_age_weeks

Feature

jaundice_level_mg_dl

head_circumference_cm

weight_kg

stool_count

birth_length_cm

b T T T T T T u T
0 5 10 15 20 25 30 35 40
Importance

Fig. 13: Top 10 Feature Importances — CATBoost Model

Oxygen saturation is the most influential feature (~42),
followed by heart rate (~31), respiratory rate (~8.5), APGAR
score (~8), and gestational age (~7)*#?°. These results align with
established clinical indicators and enhance model
interpretability?.

Feature importance analysis helps identify the most critical
variables  influencing model predictions, improving
transparency in clinical decision support systems. The
dominance of vital signs indicates that the model effectively
captures real physiological risk patterns. This interpretability
increases clinician trust and supports practical adoption in
NICU environments.

2.6.8 Comparison with Baseline Algorithms

CATBoost outperforms all baseline models®. Logistic
Regression achieves 74.33% accuracy, Decision Tree 81.00%,
SVM 80.33%, and Random Forest 88.67%. CATBoost

achieves 92.00% accuracy and superior Fl-score,
demonstrating its effectiveness for structured clinical
dat313142119.

The superior performance is attributed to CATBoost’s ability
to handle categorical features natively and capture complex
non-linear relationships. Unlike traditional models, it reduces
overfitting  through ordered boosting and efficient
regularization techniques. These advantages make it
particularly well-suited for healthcare datasets with mixed
feature types.

Additionally, CATBoost provides more stable predictions
across different data distributions compared to baseline
models. Its robustness ensures consistent performance even
with limited or imbalanced clinical data. This makes it a
reliable choice for real-world NICU decision support systems.

2.6.9 Computational Performance

The model trains in under 15 seconds on a standard CPU and
delivers predictions in under 50 milliseconds, with full API
response under 200 milliseconds®®. This confirms its
suitability for real-time clinical deployment without requiring
GPU infrastructure'®.

Low inference latency is critical in NICU environments where
timely decisions can directly impact patient outcomes. The
efficient computational performance ensures that the system
can handle multiple concurrent requests without performance
degradation. Additionally, the ability to run on standard
hardware makes the solution cost-effective and deployable in
resource-limited healthcare settings.

The lightweight nature of the model also enables seamless
integration with existing hospital information systems without
significant infrastructure upgrades. Furthermore, reduced
computational complexity improves system scalability,
allowing the deployment to support a larger number of patients
and continuous monitoring scenarios.

3. CONCLUSIONS

This paper presented a CATBoost-based multi-condition early
risk detection framework for NICU newborns that
simultaneously predicts Low, Medium, and High risk levels
for jaundice, cardiac, and respiratory complications using 22
structured clinical features®'®. The proposed model achieves
92.00% overall accuracy, 91.91% balanced accuracy, and a
macro Fl-score of 0.919, outperforming traditional models
such as Logistic Regression, Decision Tree, SVM, and
Random Forest®. The absence of extreme misclassification
between High-risk and Low-risk categories ensures a strong
safety baseline for clinical deployment®,

Feature importance analysis demonstrates strong alignment
with established clinical indicators, enhancing interpretability
and supporting real-world adoption?. The integrated full-stack
system, built using Fast API, Reactjs, and MongoDB,
delivers predictions within 200 milliseconds on standard CPU
hardware, confirming its practical feasibility for real-time
NICU environments'®?2.

Future work includes validation on multi-centres NICU
datasets to assess generalization, integration of temporal
models such as LSTM for trend-based prediction,
incorporation of SHAP-based explainability for improved
transparency, and the use of federated learning to enable

secure  multi-hospital model training without data
centralization's2°%,
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