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ABSTRACT 
Newborns, particularly in the first few weeks of life are vulnerable to life-threatening diseases that may 
progress rapidly when not identified in a timely manner. An early diagnosis and prediction of neonatal 
diseases are necessary to increase the survival percentages and make correct treatment. However, limited 
clinical records and class imbalance are major obstacles for disease prediction. In this paper, we propose 
machine learning-based multi-class classification framework for neonate Diseases prediction. Due to 
limited availability of real clinical data, a synthetic dataset with 100,000 records including 63 neonatal and 
maternal parameters was created to mimic real life situations. The dataset was pre-processed in a systematic 
manner with feature engineering, class balancing, and feature selection based on ANOVA F-test. Different 
types of machine learning and deep learning models were implemented and compared. Among all models, 
LightGBM achieved the best accuracy of 79.60% and F1-Score of 78.47% with consistent performance 
across all disease categories. The study demonstrates that, with careful feature selection, class-imbalance 
treatment and ensemble modeling, neonatal disease forecasting may significantly improve. This framework 
provides a strong foundation in the direction of well performing clinical decision support systems to 
improve neonatal care. 
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1 Introduction 
 
 Newborn babies, or infants less than 28 
days old are called neonates. This is a very 
crucial period of human development. The 
situation becomes even more critical if the baby 
is premature or has a low birth weight. Premature 
infants usually require special care in the ICU 
known as Neonatal Intensive Care Unit (NICU). 
The NICU is designated to continuously monitor 
the baby’s vital signs and help doctors take action 
if any medical complications occur. 
In most case, a nurse or a dedicated staff is 
responsible for recording neonatal health data. 
They track important parameters such as heart 
rate, oxygen, temperature, blood pressure, gas, 
humidity and more. In this process, accuracy and 
timely data collection became extremely 
important. In developing countries like India, 
Newborn health is a major concern, especially 

due to large population and limited medical 
facilities. According to the National Health 
Report of India (2021&2022), the neonatal death 
rate remains high. Common causes include 
preterm birth, birth asphyxia, pneumonia, sepsis, 
malformation, diarrhea, and other serious 
diseases. Studying these reports can help identify 
trends and challenges in neonatal care and 
suggest ways to improve Newborn health 
outcomes. All over the world, child health issues 
are very common and critical. The World Health 
Organization (WHO) reported that 2.3 million 
children died in the first 20 days of life in 2022 
([1]). 
Recent advances in machine learning and sensor 
technology have made it possible to develop 
smart devices that can monitor health in real time 
and also predict diseases in advance. However, 
there are still major challenges in this field. 
Often, the available data is unorganized, not in 
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digital form, or based on very small sample sizes. 
Sometimes, it is also difficult to collect specific 
types of data needed for disease prediction. 
Many researchers have worked on this topic 
using different combinations of sensors to collect 
neonatal health data. Most existing studies 
mainly focus on building monitoring systems, 
while only a few studies have explored disease 
prediction. In neonatal care, continuous 
monitoring is very crucial, but early disease 
prediction could be life-saving. To build such an 
intelligent system, proper planning is required. 
This includes selecting the right combination of 
sensors, designing an effective system, carefully 
implementing it, and applying strong domain 
knowledge. Along with real-time sensor data, 
historical datasets also play an important role. 
These datasets help the machine learning models 
learn patterns and make accurate predictions. 
To understand the work done by other 
researchers, we collected papers from well-
known databases such as PubMed, Google 
Scholar, Scopus, and Web of Science. Initially, 
265 papers were selected. After carefully 
removing duplicate papers, out-of-scope studies, 
and unrelated work, 59 papers were finally 
selected for detailed review. The process of paper 
selection is shown in Fig 1. The rest of the paper 
is structured as follows. Section 2 covers the 
related work. Section 3 explains the proposed 
methodology, including data preparation, feature 
selection, model building, and the steps followed 
in model evaluation. Section 4 presents the 
experimental results along with the discussion. 
Finally, Section 5 concludes the paper and 
suggests possible directions for future research. 

 
Fig. 1. PRISMA diagram for inclusive / 
exclusive criteria (adapted from [60]) 

2 Related Work 
Many researchers have worked on neonatal 
health monitoring systems using different health 
parameters like temperature, humidity, heart rate, 
movement, sound, gas levels, and weight. To 
build a smart system, they have used sensors such 
as DHT11, LM35, pulse sensors, and many more. 
They have use microcontrollers like Arduino, 
NodeMCU, and ESP8266. These systems often 
use IoT platforms like ThingSpeak for real-time 
monitoring and sending alerts. Several studies 
have focused on creating low-cost, smart, and 
remote monitoring systems to improve Newborn 
care. Some researchers have also used machine 
learning and deep learning algorithms with 
datasets like MIMIC-III and NICU-collected 
data to predict diseases such as sepsis, jaundice, 
hypothermia, and asphyxia. These research 
efforts aim to provide early detection, continuous 
monitoring, and quick response to health 
problems. It can help reduce neonatal death rates 
and improve Newborn healthcare. The details of 
the measured parameters, sensors, and hardware 
used in these studies are provided in Table 1 and 
2. An overview of the algorithms, targeted 
diseases, and datasets used by different 
researchers is presented in Table 3.  
Table 1. Summary of Measured Parameters 
and Hardware Used 

Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

2017 Incubat
or 
Temper
ature 

LM35 Sensor [2] 

    
2018 Light,   

Temper
ature,   
Pulse,   
Gas, 
Humidi
ty 

NodeMCU, 
ESP8266, 
DHT11, Light 
Sensor, Gas 
Sensor, Pulse 
Sensor, Arduino 

[3] 

    
2018 Weight, 

Humidi
ty, 
Motion, 

DHT11, 
Arduino, FSR-
402,NFC 
Module 

[4] 
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Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

Temper
ature 

    
2014 Temper

ature, 
Humidi
ty 

DHT11, 
Arduino 

[5] 

    
2021 Incubat

or 
Temper
ature,
 
Humidi
ty, 
Heart 
Rate, 
Movem
ent 

Arduino, 
DHT11, 
Oximeter 
MAX30100 

[6] 

    
2019 Temper

ature, 
Humidi
ty, 
CO2, 
Water 
Reservo
ir level 

Arduino, 
DHT11, CO2 
Gas Sensor, 
Water Level/ 
Ultrasound 
sensor 

[7] 

    
2020 Temper

ature, 
Humidi
ty 

Arduino, 
DHT11, 
DHT22, 
ESP8266, 
NodeMCU 

[8] 

    
2021 Temper

ature, 
Humidi
ty 

LM35, Arduino, 
Humidity Sensor 

[9] 

    
2018 Temper

ature, 
Humidi
ty, 
Heart 
rate 

DHT11,KY039,
NodeMCU, 
ESP8266 

[10] 

Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

    
2019 Pulse 

Rate, 
Temper
ature, 
Vibrati
on, 
Pressur
e 

Heart Rate 
Sensor,LM35, 
MPX2050GSX,
Arduino, 
Vibration, RFID 

[11] 

    
2021 Temper

ature, 
Humidi
ty, 
Pulse 
Rate, 
Gas, 
Light 

DHT11, Heart 
Rate Sensor, Gas 
Sensor, Light 
Sensor, 
ESP8266 

[12] 

    
2021 Temper

ature, 
Pulse 
Rate 

Pulse Rate 
Sensor, LM35, 
ESP8266, 
Arduino 

[13] 

    
2021 Temper

ature, 
Humidi
ty,  
Heart 
Rate 

ATmega328 
Microcontroller, 
Heart Rate 
Sensor, DHT22, 
Arduino 

[14] 

    
2020 Temper

ature, 
Humidi
ty 

DS18B20 
sensor, DHT22, 
Noise Sensor, 
Air Flow Sensor 

[15] 

    
2021 Temper

ature, 
Weight, 
Heart 
Rate 

DS18B20 
sensor, Load 
Cell, Pulse Heart 
Rate 
Sensor,SIM800
L 

[16] 

    
2019 Temper

ature, 
DHT11 [17] 
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Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

Humidi
ty, 

    
2021 Sound, 

Humidi
ty 

Arduino, 
NodeMCU, 
Sound Sensor, 
Humidity Sensor 

[18] 

    
2022 Temper

ature, 
Humidi
ty, 
Sound 

DHT22, KY037, 
Raspberry PI 3 

[19] 

    
2020 Temper

ature, 
Heart 
Rate 

LM35, Pulse 
Sensor, Arduino, 
HC-05 

[20] 

    
2021 Temper

ature, 
Humidi
ty, 
Heart 
Rate 

ESP8266, 
DHT11, Pulse 
Sensor 

[21] 

2022 Temper
ature,
 
Heartbe
at, 
Sound, 
Weight 

LM35,HX711, 
Sound Sensor, 
Pulse Sensor 

[22] 

    
2020 Temper

ature, 
Humidi
ty, 
Pulse 
Rate, 
Gas, 

LM35, DHT11, 
Q135,MAX301
02,MQ3 

[23] 

    
2015 Temper

ature, 
Humidi
ty, 

Arduino, 
ESP8266, 
LM35, Heart 
Rate Sensor 

[24] 

Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

Heart 
Rate 

    
2020 Temper

ature, 
Humidi
ty, 
Pulse 
Rate, 
Respira
tion, 
SPO2, 

LM35,DHT11,
MQ-3,MQ-135, 

[25] 

    
2021 Temper

ature, 
Humidi
ty 

Temperature 
Sensor, 
Humidity 
Sensor, Arduino 

[26] 

    
2018 Heart 

Rate, 
Body 
weight, 
body 
length 

Load sensor, 
Pulse Sensor, 
Arduino 

[27] 

    
2021 Temper

ature, 
Humidi
ty, 
Blood 
O2, 
Heart 
Rate, 

DHT2,MAX301
02,DS18B20, 
AD8232 ECG 

[28] 

    
2018 Temper

ature, 
Humidi
ty, 
Heart 
Rate 

Arduino, 
DS18B20,HT-
BPM,ESP8826 

[29] 

    
2013 Temper

ature, 
Humidi
ty 

Microcontroller 
18F4550, 
SYHS2XX, 
Temperature 
Sensor 

[30] 
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Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

    
2021 Temper

ature, 
Humidi
ty 

DHT22,DS1820 [31] 

    
2015 Temper

ature, 
Humidi
ty, 
Origina
tion, 
Light 

DS18B20, 
DHT11, 
LDR,MQ-7, 
Arduino, 

[32] 

    
2021 Temper

ature, 
Humidi
ty, 
Heart 
Rate 

Atmega328, 
MAX30100,ML
X90614 

[33] 

    
2019 Temper

ature, 
Humidi
ty 

LM35, DHT22 [34] 

    
2022 Temper

ature, 
Humidi
ty 

DHT11, 
Arduino 

[35] 

    
2017 Temper

ature, 
Humidi
ty 

Atmega328, 
LM356 

[36] 

    
2021 Temper

ature, 
Humidi
ty 

DHT-11, 
ATmega8535 

[37] 

    
2021 Temper

ature, 
Humidi
ty, 
Sound, 

DS18B20,DHT2
2, SEN-
11574,LM393, 
SW-420,MQ-
135, Wet Sensor 

[38] 

Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

Gas, 
Heart 
Rate, 
Water 
Level, 
Vibrati
on 

    
2020 Temper

ature, 
Humidi
ty 

DHT11, 
NodeMCU 

[39] 

    
2022 Temper

ature, 
Heart 
Beat, 
Sound, 
Gas, 

Arduino, 
Temperature 
sensor, Heart 
Beat Sensor, 
Sound Sensor, 
Gas Sensor 

[40] 

    
2019 Temper

ature, 
Humidi
ty, 
Heart 
Rate, 
Light, 
Gas 

Pulse 
Sensor,MQ-6 
Gas Sensor, 
DHT11 ,Light 
Sensor, PIC 
Microcontroller 

[41] 

    
2018 Temper

ature, 
Humidi
ty 

Arduino, 
DHT11, 

[42] 

    
2022 Temper

ature, 
Humidi
ty, 
Sound, 

DHT22,Max446
6,ESP32 

[43] 

    
2019 Temper

ature, 
Humidi
ty, 
Sound, 

Arduino,LM35,
DHT11,Sound 
sensor, wet 
sensor 

[44] 
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Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

Water 
Level 

    
2019 Temper

ature, 
Movem
ent, 
Heart 
Rate, 
Sound 

Lm35,pir,pulse 
rate sensor, 
sound detection 
sensor, Arduino 
Uno 

[45] 

    
2019 Temper

ature, 
Pulse 
Rate 

LM35, Pulse 
Sensor, Arduino, 
esp8266 

[46] 

    
2015 Temper

ature, 
Light, 
Weight, 
CO2 

LM35, Gas 
sensor, Weight 
sensor, LDR 

[47] 

    
2019 tempera

ture, 
humidit
y 

DHT22,ESP826
6 Node MCU 

[48] 

    
2020 tempera

ture, 
humidit
y, heart 
rate, 
breathin
g 

- DHT11,Heart 
beat sensor,- 
Respiration 
sensor, 
Raspberry Pi 

[49] 

    
2018 weight, 

tempera
ture, 
head 
circumf
erence 
of 
infant 

NodeMCU 
ESP8266,Loadc
ell sensor, SHT 
Sensor 
),Ultrasonic HC-
SR04 sensor 

[50] 

    

Year 
of 
Publi
cation 

Param
eter 
Measur
ed 

Hardware Used Refe
rence 

2017 Temper
ature, 
Weight 

not specified [51] 

    
 
Table 1 shows the year-wise summary of the 
different parameters measured and the hardware 
used by researchers in neonatal monitoring 
studies. The table helps to see how both the health 
parameters and hardware choices have changed 
over time. Some studies used simple sensors and 
basic boards, while others moved to more 
advanced setups. By looking at the table, it’s clear 
that researchers have used a variety of tools to 
track neonatal health in different ways. 
 Table 2.  Overview of Parameters referred by 
researchers 
 

Parameter 
Name 

No of 
Time 
Refer
red in 
Paper 

Parame
ter 
Name 

No of 
Time 
Refer
red in 
Paper 

Incubator 
Temperature 

95 Wet 2 

Humidity 80 Light 2 

Heart Rate 32 Blood 
Pressure 

2 

Body 
Temperature 

27 Air Flow 2 

Sound 21 

Vibratio
n, 
Respirat
ion 

1 

Weight 11 
Air 
Quality 1 

Gas 11 Water 
Level 

1 

Movement 8 Thermal 
Camera 

1 

O2 6 
Ultra 
Sonic 
Sensor 

1 

Blood O2 5 
Pressure 
Sensor 1 
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Co2 3 
Conduct
ivity 1 

Light Sensor 3   
 
Table 2 gives an overview of the different health 
parameters that have been used by researchers for 
neonatal monitoring. Some of the common ones 
are temperature, heart rate, humidity, and oxygen 
levels. A few studies also looked at gas levels and 
sound, which are less commonly used. It can be 
seen that different studies focus on different sets 
of parameters, and there’s quite a bit of variety in 
how neonatal health is tracked. 
Table 3. Overview of Algorithms, Targeted 
Diseases, and Datasets 

Year 
of 
Publ
icati
on 

Algor
ithm 
Used 

Disea
ses 
Targ
eted 

Data
set 
Nam
e 

Sa
mpl
e 
Siz
e 

Ref
eren
ce 

2019 Not 
Specif
ied 

Not 
Give
n 

Not 
Speci
fied 

400
0 

[52] 

      
2016 Not 

Specif
ied 

Hypo
therm
ia 

Not 
Speci
fied 

Not 
Spe
cifi
ed 

[53] 

      
2017 Not 

Specif
ied 

Sepsi
s, 
jaund
ice, 
respir
atory 
probl
ems, 
prem
aturit
y, 
heart 
probl
ems 

MIM
IC III 

786
3 

[54] 

      
2018 Not 

Specif
ied 

Prem
ature 
birth, 
asphy
xia 

Not 
Speci
fied 

Not 
Spe
cifi
ed 

[55] 

      

Year 
of 
Publ
icati
on 

Algor
ithm 
Used 

Disea
ses 
Targ
eted 

Data
set 
Nam
e 

Sa
mpl
e 
Siz
e 

Ref
eren
ce 

2019 Logist
ic 
regres
sion 
with 
L2 
regula
rizatio
n, 
Naïve 
Bayes
, 
Suppo
rt 
vector 
ma- 
chine 
(SVM
) with 
a 
radial 
basis 
functi
on 
kernel
, K- 
neares
t 
neigh
bours 
(KNN
), 
Gauss
ian 
proce
ss, 
Rand
om 
forest, 
AdaB
oost, 
Gradi
ent 
boosti
ng 

Sepsi
s 

NIC
U at 
the 
Child
ren’s   
Hosp
ital 
of 
Phila
delph
ia 
(CH
OP) 
betw
een 
Septe
mber   
2014 
and 
Nove
mber 
2017 

264
0 

[56] 
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Year 
of 
Publ
icati
on 

Algor
ithm 
Used 

Disea
ses 
Targ
eted 

Data
set 
Nam
e 

Sa
mpl
e 
Siz
e 

Ref
eren
ce 

      
2020 Logist

ic 
regres
sion, 
Gauss
ian 
Naïve 
Bayes
, 
decisi
on 
tree, 
gradie
nt 
boosti
ng, 
adapti
ve 
boosti
ng, 
baggi
ng 
classif
ier, 
rando
m 
forest, 
multil
ayer 
perce
ptron 

Sepsi
s 

MIM
IC III 

787
0 

[57] 

Year 
of 
Publ
icati
on 

Algor
ithm 
Used 

Disea
ses 
Targ
eted 

Data
set 
Nam
e 

Sa
mpl
e 
Siz
e 

Ref
eren
ce 

      
2019 Not 

Specif
ied 

Sepsi
s 

MIM
IC III 

144
6 

[58] 

      
2019 Boost

ed 
decisi
on 
trees 

Not 
Speci
fied 

Not 
Speci
fied 

831 [59] 
 

 
Table 3 gives an overview of the different 
algorithms that researchers have used for 
neonatal disease prediction. It also shows which 
diseases were targeted in each study and what 
kind of datasets were used. Some studies worked 
with real clinical data, while others used 
simulated or small-sized datasets. Looking at the 
table, it’s clear that the choice of algorithm often 
depends on the type of disease and the available 
data. 
 

2.1 Key Observations 
• Variation in Assessed Parameters: 

Researchers have used a wide range of 
parameters to assess neonatal health. These 
include incubator temperature, humidity, 
heart rate, body temperature, sound level, 
weight, gas composition, movement, and 
oxygen saturation.  

• Diversity in Sensor Technologies: 
Various sensor technologies have been 
used to collect neonatal health data. 
DHT11, DHT22, and LM35 for monitoring 
humidity and temperature, pulse sensors 

for measuring heart rate, CO₂ sensors for 
detecting gas levels and ultrasonic sensors 
for measuring weight are the commonly 
used sensors. 

• Variety in Hardware Platforms: Various 
hardware platforms have been used by 
researchers to facilitate data processing and 
acquisition. These include Arduino boards 
(such as Uno and Mega), NodeMCU, 
ESP8266, Raspberry Pi, and application-
specific microcontrollers like Atmega328 
and Atmega8535. 
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• Underutilization of Available Data: 
Although neonatal incubators and hospitals 
generate large amounts of data, this data—
along with historical health records—is not 
being used effectively for disease 
prediction and diagnosis. 

• Issues with Data Standardization and 
Availability: Many studies rely on 
manually recorded, non-standardized data. 
This makes it difficult to compare results 
across studies and limits the ability to 
reproduce experiments. 

• Incomplete Use of Clinical Features: 
Even though multiple clinical parameters 
are available, most studies only use a small 
number of them. Manual data collection 
further restricts the ability to capture 
complete data, reducing the potential for 
real-time disease prediction. 

• Limited Application of Machine 
Learning: Despite significant 
advancements in machine learning, very 
few researchers have applied these 
techniques to neonatal disease prediction. 
Most existing studies focus mainly on 
monitoring and alarm systems. The use of 
sensor data for predictive purposes remains 
an underexplored area. 

 
3  Methodology 
The complete workflow of the neonatal disease 
prediction system is shown in Fig. 2. The flowchart 
provides a step-by-step summary of the entire 
process, starting from data collection and ending 
with the final model selection. Each step is 
explained in detail in this sections. 
 

 
Fig. 2. Flow chart of methodology 
 
The synthetic dataset[61] was loaded, and an initial 
review was done to get a basic understanding of the 
features, the structure, and the class labels. A few 
simple checks were made to see how the data was 
spread. To explore this further, histograms were 
plotted for the numerical features. These plots made 
it easier to see the spread and shape of the data. 
Some features, like heart rate and blood glucose, 
looked fairly even, while others, such as temperature 
and birth weight, showed more variation. Taking a 
look at these patterns gave a useful starting point for 
the later steps. The histograms are shown in Fig. 3.  
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Fig. 3. Histogram of Numeric features 
 
After this, the class distributions were checked to 
find any imbalance, and missing values were 
carefully reviewed. Pre-processing was done step by 
step. Missing values were filled using imputation 
where needed. Categorical features were changed 
into numerical form using One-Hot Encoding. 
Numerical features were scaled using the 
StandardScaler so that all features would be on a 
similar range. Once this was done, the dataset was 
split into training (80%) and testing (20%) sets for 
model evaluation. 
 
Feature engineering was done to create new features 
that could help the model learn better. For example, 
a Growth Index was calculated by dividing birth 
weight by gestational age. This was added to capture 
growth patterns that may be useful for disease 
prediction. Since the dataset was imbalanced, 
random oversampling was applied to make sure each 
disease class had enough samples. This helped the 
models to learn fairly across all classes. Feature 
selection was carried out using the ANOVA F-test 
with the SelectKBest method. The Elbow method 
was used to choose the best number of features. It 
was found that keeping 30 features worked best. The 
feature selection curve is shown in Fig. 4. 

 
Different machine learning and deep learning 
models were trained using the final dataset. 
Traditional models like Logistic Regression, 
Decision Tree, K-Nearest Neighbours (KNN), 
Naive Bayes, and Support Vector Machine (SVM) 
were tested along with ensemble models such as 
LightGBM, XGBoost, and CatBoost. A Multi-Layer 
Perceptron (MLP) was also used to try a basic deep 
learning approach. Finally, a Stacking Classifier was 
built by combining the best models into one. The 
variables used in the datasets are listed in Table 4. 
Table 4. Variables used in Datasets 

Category Variable Name 
Maternal 
Informatio
n 

Maternal_Age, Parity, Gravidity, 
Antenatal_Visits, 
Maternal_Hypertension, 
Maternal_Diabetes, 

Maternal_Infection, 
Antenatal_Steroids, 
Maternal_Smoking, 
Chorioamnionitis 

Neonatal 
Informatio
n 

Gestational_Age, 
Birth_Weight,Mode_of_Delivery, 
Fetal_Presentation, 
Apgar_1min,Apgar_5min, 
Cord_pH,Newborn_Sex 

Initial 
Neonatal 
Vitals 

Temperature, Heart_Rate, 
Respiratory_Rate, 
Blood_Pressure,SpO2, 
Resuscitation, Respiratory_Support 

Clinical 
Indicators 

Neuro_Exam_Score, 
Respiratory_Distress_Signs, FiO2, 
Blood_Gas_pH, 
Blood_Gas_pCO2, 
Blood_Gas_pO2,Bicarbonate, 
Chest_Xray 

Laboratory 
Results 

Total_Bilirubin, Direct_Bilirubin, 
Indirect_Bilirubin,Hemoglobin, 
WBC, Platelets, CRP, 
Procalcitonin, Blood_Glucose, 
Sodium, Potassium, Calcium, 
Lactate, Ammonia,AST, ALT 

Advanced 
Diagnostic 
Tests 

Cranial_Ultrasound, 
Echocardiography, 
Surfactant_Administered, 
Blood_Culture, 
Metabolic_Screening, 
Genetic_Screening 

Fluid 
Manageme
nt 

Fluid_Intake, Fluid_Output, 
Weight_Loss_Percent,Dehydration
_Signs 

Critical 
Conditions 
& 
Interventio
ns 

Seizure_Activity, 
Temperature_Instability, 
Clinical_Interventions, 
Response_to_Treatment 

Target 
Variable 

Predicted_Disease 

 
The models were checked using accuracy, F1-Score, 
confusion matrix, and ROC curve. This gave a good 
idea of how well the models performed, both overall 
and for each disease category. The results for all 
models are shown in Table 5. The Accuracy vs. F1-
Score comparison is displayed in Fig. 5. All results, 
trained models, and graphs were saved for later use 
and for future reference. 
 
4  Experimental Results 

  
Fig. 4. Top 30 Selected Features and Elbow method for features selection 
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The proposed system was tested for predicting 
different neonatal diseases using several machine 
learning and deep learning models. Each model was 
checked using accuracy, F1-Score, and confusion 
matrix to see how well it could predict across all 
disease classes. A quick summary of the model 
performances can be found in Table 5. 
 
Table 5. Model Performance Comparison 

Model Accuracy (%) 
F1-Score 
(%) 

LightGBM 79.60 78.47 

CatBoost 79.51 78.44 

XGBoost 79.41 78.40 
Stacking 
Classifier 78.93 77.98 

Multi-Layer 
Perceptron 

78.64 77.72 

Random Forest 78.85 77.70 
Support Vector 
Machine 76.27 74.85 

Logistic 
Regression 

72.53 71.57 

Decision Tree 70.99 71.17 
K-Nearest 
Neighbors 61.91 59.48 

Naive Bayes 59.17 51.78 

 
When going through the results, it was quite clear 
that ensemble models like LightGBM, CatBoost, 
and XGBoost worked better than the traditional 
models. Out of all the models tested, LightGBM 
seemed to perform the best, reaching an accuracy of 
79.60% and an F1-Score of 78.47%. CatBoost and 
XGBoost also gave good results, though their scores 
were a little lower when compared to LightGBM. 
On the other hand, the traditional models like 
Logistic Regression, Decision Tree, Naive Bayes, 
and K-Nearest Neighbors (KNN) did not perform as 
expected. These models showed more errors, 
especially when classifying the more difficult or 
overlapping disease categories. 
 

 
Fig. 5. Accuracy vs F1 score comparison 
 
The Accuracy vs. F1-Score plot, which is shown in 
Fig. 5, helped in quickly comparing the models. It 
was easy to see that the ensemble models generally 
stayed ahead in both accuracy and class-wise 
prediction. A closer look at the confusion matrices 
also gave some useful information. These matrices 
helped in understanding how each model handled 
the different disease classes one by one. LightGBM 
and CatBoost gave more balanced predictions across 
all the classes. XGBoost and the Stacking Classifier 
worked reasonably well but showed a few drops in 
precision, especially for some of the smaller disease 
categories. 
 
It was also noticeable that the traditional models 
made more mistakes when the diseases had 
overlapping features. In those cases, their 
predictions were not very reliable, which was 
expected based on how these simpler models 
learn.Overall, LightGBM stood out as the most 
reliable model in this study. It had the highest 
accuracy, good F1-Score, and was also faster to run 
compared to others. The steady performance across 
different disease types and its quick processing time 
make it a strong choice for this task. 
 
Another thing that became clear during this study 
was how much class balancing and feature selection 
mattered. Random oversampling really helped the 
models to learn more fairly across all classes. Also, 
careful feature selection allowed the system to focus 
on the most important data, without losing 
prediction strength. Even though the study used 
synthetic data, the system worked well, and the 
overall process seems useful for developing future 
neonatal healthcare solutions. 
 
The results showed that ensemble models like 
LightGBM and CatBoost gave the most balanced 
predictions. They performed consistently well 
across all disease categories. XGBoost and Stacking 
classifiers also gave good results, but they had 
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slightly lower accuracy in predicting some of the 
smaller disease classes. Traditional models like 
Logistic Regression, Decision Tree, K-Nearest 
Neighbors, and Naive Bayes made more mistakes. 
These models struggled more with diseases that had 
overlapping patterns.From all the models tested, 
LightGBM came out as the best performer. It 
showed the highest accuracy and F1-Score while 
also being faster to compute. This study shows that 
ensemble models can handle complex neonatal data 
better than traditional ones. It also shows that taking 
care of class imbalance and choosing the right 
features can improve predictions. Even though 
synthetic data was used, the process worked well 
and can guide future research in neonatal disease 
prediction. This system could help build smarter 
healthcare solutions in the future. 
 
5 Conclusion and Future Work 
 
This study focused on building a machine learning 
system for predicting neonatal diseases. The dataset 
used was synthetic, designed carefully to follow 
clinical patterns as much as possible. However, 
some differences from real hospital data might still 
exist. Multiple machine learning and deep learning 
models were tested during this work. From the 
results, it appeared that ensemble models, especially 
LightGBM, performed better overall. LightGBM 
provided higher accuracy and gave more balanced 
predictions across disease categories. Traditional 
models did not perform as well when tested on the 
same dataset. 
One thing that became obvious while working on 
this system was how much class balancing mattered. 
Random oversampling helped the models learn from 
all disease groups more fairly, which likely 
improved their prediction results. Another thing 
noticed was the effect of feature selection. It helped 
to reduce unnecessary data while keeping the 
important parts, which made the system more 
efficient. Even though synthetic data was used, the 
system worked well enough to suggest that this 
method could have practical value in neonatal 
healthcare. 
There are still things to improve. Future work should 
test this system using real clinical datasets collected 
from multiple hospitals. This would help to confirm 
whether the system can really perform in real 
hospital settings. Also, using more advanced deep 
learning models might give better results, especially 
if the data grows larger and more complex. It would 

also help to add explain ability tools like SHAP or 
LIME. These can give doctors clearer reasons for 
why the system makes certain predictions. This 
could make it easier for the system to be trusted and 
used in real practice. 
Overall, this study offers a good starting point. With 
more development, systems like this might help 
doctors make faster decisions and improve care for 
Newborns. 
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