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A kid born younger than 28 days is considered neonatal. The majority of deaths among
children under five in Ethiopia are caused by neonatal mortality, which is a severe issue.
Infant illness diagnosis and treatment require specialist medical resources with a wealth
of experience and expertise. There are not enough of these professionals in the world,
especially in low-income nations, which makes diagnosis and treatment more challenging.
This paper presents an efficient particle swarm fine-tuned dilated recurrent neural net
(EPASFN-DRNN) to build an artificial intelligence (AlI) system of neonatal illness
diagnosis. Min-max normalization refers to one of the preliminary processing steps, which
is used to normalize the clinical data in order to reduce the number of unnecessary
variances and enhance the quality of the input data overall. The dynamic nature of
neonatal health problems must be captured, and the EPASFN-DRNN's capacity to handle
sequential data and extract pertinent characteristics becomes critical. The experimental
setup is implemented using the Python programming language, a versatile system to build
and run deep learning (DL) models, due to its ability to extract contextual information of
varying scales, which increases the capability of the model to recognize small trends in
neonatal health data. The study determines the effectiveness of EPASFN-DRNN by
contrasting the results with the results of the previous methods. The EPASFN-DRNN
model makes predictions of neonatal diseases with a high result of 99.00, 98.60, 98.50,
and 98.20 F1-score, recall, accuracy, and precision, respectively. The statistics confirm
the capacity of the proposed model to diagnose patients in a correct and timely manner
that would allow timely involvement of medical care and improve the health outcomes of
newborns.

1. INTRODUCTION

go undetected, resulting in delayed treatments and potentially
long-term effects. The use of Al in neonatal illness prediction

Babies must spend their first 28 days of life adjusting to
unfamiliar surroundings. This period is characterized by rapid
development and progress, as well as the change from
pregnancy to life outside the womb [1]. Common infections
that cause infant mortality include sepsis (26%), tetanus (7%),
diarrhea (3%), preterm birth (27%), and asphyxia (26%),
especially in Sub-Saharan Africa. Even though the neonatal
healthcare has made considerable progress over the past few
years, the challenges associated with identifying the diseases
in infants early and predicting them are still present; various
neonates are susceptible to numerous health-related issues,
and timely treatment is essential to their survival [2]. Artificial
intelligence (AI) in neonatal health care is a concept that has
massive potential to change the future of illness prediction and
management in this regard.

For healthcare providers, many illnesses and complications
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aims to overcome these issues by using the capabilities of
modern algorithms, machine learning (ML), and data
analytics. Al is a growing topic of medical study. ML is a
subset of Al that is capable of executing difficult tasks that
would normally need human intellect [3]. ML techniques
identify structures, develop methods, and adapt to new data.
ML algorithms, as opposed to classic logistic/linear regression
techniques, unravel nonlinear or binary interactions and
produce extremely consistent predictions in big datasets where
correlations are frequently difficult there are several models
available in ML from which to select an appropriate method
with the same sample use of high-performance computations
into the healthcare system has resulted in enhanced patient
care, safety and hospital efficiency [4]. A recent study
employed computer modelling to predict which in-patient
surgery patients will be released, diagnose and prescribe
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treatments for disorders affecting neonatal through a
combination of automated learning and in-person knowledge
acquisition interviews with health professionals. This study
developed a knowledge-based system (KBS). ML with
increasingly sophisticated intensive care offered to high-risk
neonatal, Al in neonatal care has enormous potential [5, 6]. In
the same way that blood tests and imaging are tools in the
toolbox of healthcare professionals (HCPs), Figure 1 shows
the schematic of the causes and effects of neonatal illnesses.
Al should be seen as a means to facilitate shared clinical
judgment, deliver effective, individualized neonatal care, and
cut down on preventable mistakes.

Medical Al applications are used in developed countries
because medical Al systems are sophisticated and require
specialized resources. Despite these restrictions, there is a
rising interest in using Al to solve the healthcare problems that

the developing world confronts [7]. Global Health Initiatives
(GHI) powered by Al has a proof of concept. The current
situation of Al-based GHI examines important takeaways
from past technology-centred health initiatives [8]. They
provide a theoretical framework for global health to direct the
creation of long-term sustainability [9] to improve infant
health outcomes and lessen the strain on global healthcare
systems, to allay these worries and open the door for the wider
implementation of Al technology in neonatal care [10]. The
aim of the study is to create and deploy an exhaustive Al-based
framework for neonatal disease prediction that uses
sophisticated ML algorithms and integrates a variety of
datasets to improve the accuracy of early detection, enable
customized medical measures, and lessen the impact of
diseases on neonatal health.
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Figure 1. Causes and effects of

2. RELATED WORK

Kumar et al. [11] presented a summary of the research that
has predicted or identified neonatal pathology by continuous
examination of a single, their interactions, and the use of both
clinical analytical techniques. They contend that big-data
analytics holds a lot of potential and, with further work, can
develop into an effective instrument to reduce neonatal
illnesses in the twenty-first century. Ismail et al. [12]
suggested that the given prophylactic antibiotics and the gut
micro-biota included more anticipated genes linked to
resistance to charged antimicrobial peptides and beta-
lactamase. According to research using important microbial
markers that differentiate between "beneficial" and "harmful"
(diarrheic) gut micro-biota include Ruminococcus 2,
Erysipelatoclostridium, uncultured Lachnospiraceae,
Trueperella, and Streptococcus. These are found in the random
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neonatal illnesses interact

forests ML technique.

Husada et al. [13] determined that healthy controls (154
cases) medical records provided the data. The sepsis category
contained confirmed instances of bacterial neonatal sepsis.
The neonatal in the non-sepsis group were free of infections.
Risk variables, clinical circumstances, laboratory data, and
treatment methods were considered potential predictors.
Multiple logistic regression analysis served as the foundation
for the model's development. Nadweh et al. [14] provided a
secondary analysis of the multicenter, prospective, worldwide
NeoPInS trial participants administered penicillin throughout
the first 72 hours of life following 34 weeks of gestation
because they were suspected of having early onset sepsis
(EOS). The primary result was defined as the ability to predict
proven by society EOS prior to beginning antibiotic treatment
using established criteria. An RF was used to apply data
mining to the system.



Table 1. Comparison of current methods and the
contributions of EPASFN-DRNN

Current Problems and Importance of this Study
Method Limitations and Solutions
Limited performance in The _study  introduces
* P . " EPASFN-DRNN,  which
handling high- . .
. : ., excels in managing
dimensional, sequential .
.., sequential data and
data.  Struggles  with L
. capturing 1intricate patterns
SVM  complex nonlinear . . . .
- . . in high-dimensional
relationships, leading to L
. datasets, significantly
reduced accuracy in . . . .
. improving diagnostic
neonatal disease .
rediction accuracy and addressing
P ’ SVM's limitations.
By leveraging particle
swarm optimization and
Susceptible to overfitting advanced neural network
with noisy or imbalanced architectures, this study
RF data. Limited scalability mitigates overfitting and
for large datasets with enhances scalability,
multiple features. ensuring robust predictions
even in diverse and
imbalanced datasets.
EPASFN-DRNN  reduces
Effective but computational complexity
computationally through optimized
expensive, making it less processing techniques and
XGB  practical for real-time handles feature extraction
applications. Requires automatically, making it
extensive feature more efficient and suitable
engineering. for real-time neonatal
health monitoring.
The  proposed  model
integrates multiple
Complexity in model optimization  techniques
integration and within a single framework,
Stackin interpretability. Requires reducing complexity while
g significant effort in model maintaining high
selection and ensemble interpretability and
configuration. providing a streamlined
solution  for  neonatal

disease prediction.
Note: EPASFN-DRNN = Efficient Particle Swarm Fine-Tuned Dilated
Recurrent Neural Net; SVM = Support Vector Machine; RF = Random
Forest; XGB = XGBoost.

Nadweh et al. [15] described the term infants hospitalized
visiting the Hospital for the Care of Babies at Smyrna Katip
Celebi University, Ataturk Campus, with EOS and
physiological jaundice examined. Thirty-term infants with
EOS were included in the examination of 63 neonatal files, and
as a comparison group, thirty included term neonatal whose
bodies showed signs of hepatitis in the examination of 77
neonatal files. Nadweh et al. [16] provided a frequent systemic
condition that causes morbidity and death in infants called
neonatal sepsis NS. However, there wasn't a perfect biomarker
for NS that could be used for early detection. According to
current research, the platelet-to-lymphocyte ratio (PLR) was
important for the course of inflammation. The study was to
further the investigation into the potential use of PLR as an
early diagnostic indicator for NS. Salih et al. [17] suggested
that the most frequent major consequence of prematurity
pneumonia (BPD) was thought to be influenced by lung
macrophage maturity in preterm newborns. Here, they
demonstrate that while evaluating changes in pulmonary
macrophage transcription in premature babies at risk of BPD,
it was shown that individuals who had BPD had elevated
production of inflammatory mediators even on the first day
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after life. Abdtawfeeq et al. [18] described resuscitation skills
training step-by-step, procedures for monitoring the heart rate
in neonatal for detection purposes; methods for detecting
oxygen exhaled in neonates, adults, and children; magnesium
during cardiac capture; doubling the procedure; neuron
prognostication in kids and adults following cardiac arrest, and
keeping the body humidity normal during preterm delivery.
Table 1 outlines the limitations of commonly used methods in
neonatal disease diagnosis, including support vector machines
(SVM), random forest (RF), XGBoost (XGB), and stacking,
highlighting issues such as overfitting, high computational
costs, and challenges in handling sequential data. The
proposed study which is the efficient particle swarm fine-
tuned dilated recurrent neural net (EPASFN-DRNN) model
fills these gaps by utilizing the advanced neural network
architecture and optimization methods. It enhances the
precision of diagnosis, minimizes the computational cost, and
simplifies feature extraction which makes it a revolutionary
tool in real-time and high accurate neonatal healthcare
applications.

The study is highly valuable to me since it will resolve the
most crucial issues of the current technologies by suggesting a
new deep learning (DL) architecture called EPASFN-DRNN,
which is, first of all, aimed at predicting neonatal diseases.
This novel method enhances the accuracy, precision and the
recall levels, and decreases the computational load and is the
most suitable method in sequential data to trigger a revolution
in the field. The high-detailed study with a 98.5% level of
accuracy along with a 99% F1-score highlight that the process
of healthcare in the newborn sector can be transformed by
predicting and diagnosing diseases in early stages. The latter
will be particularly true in the scenarios of low-resource
conditions. This resulted in timely diagnosis, positive outcome
of patients, and filling the weaknesses of the existing research
by providing an entity that can easily be scaled, is effective,
and doable.

3. METHODS AND MATERIALS

The theoretical approaches to neonatal practice have been
utilized and have formed the core of the most effective
methods of treatment and prevention of the diseases of the
newborns. These are the integration of diverse approaches to
simple statistics to the advanced and ML models directly
aimed at fighting the specifics of the neonatal care system. The
three ML tools, including SVM, RF, and XGB, are popular in
disease prediction and classification in neonatal care. These
types of algorithms have the capability of identifying crucial
associations within clinical data, which give a glimpse of
illnesses such as neonatal sepsis, respiratory distress and
preterm birth issues. Also crucial, in the field of the
sophisticated DL modules like the dilated recurrent neural
network (DRNN) and the fine-tuning of the efficient particle
swarm DRNN, new tools are being created which are
influencing medical diagnosis.

EPASFN-DRNN, e.g., a model that can diagnose disease
with 98.50% accuracy and 99.00% F1-score error, is a good
choice for the treatment and early detection of neonates. The
practice of data quality and uniformity is introduced through
the help of the extra preprocessing procedures alongside min-
max normalization. They are essentially aiding in the process
of obtaining the best possible results from these models.

Although there has been progress in neonatal health care,



technology practical application, there are still some areas that
need further work. One of the most significant problems is the
low availability of advanced technologies in these income-
lacking places. Because these models of Al exhibit high
accuracy and precision, they are, however, still subject to
deficiencies hindering widespread acceptance because of the
infirm situation in the mentioned regions. Another problem
lies in the fact that the current models are not generalizable,
and they are mostly trained on limited data, making it difficult
to use them on different types of populations and in various
clinical conditions. There is also an issue of integration where
Als-based tools must have the ability to integrate with the
already established healthcare processes, along with electronic
health records. The other side of the coin is that the existing
models cannot provide real time information which is a
drawback in neonatal care, especially in cases where the issue
may change very rapidly during the process.

The new frontier in health care has presented wondrous
opportunities of reducing the gaps. GHI can be propelled by
Al and become the reason why advanced technologies can be
transferred to the less fortunate regions, thus being more
universal and more enduring. Integrating big data analytics
into ML and DL models would be able to enhance our
understanding of the pathophysiology of a disease; hence,
more accurate predictive tools are created. The most vanguard
is precision medicine and personalized medicine where
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genetic and epigenetic data will be utilized to create individual
treatment regimens, which can prove to be a real blessing in
the instance of a neonate. Moreover, the radical transformation
of healthcare may be the result of the application of the Al
technology to the Internet of Things (IoT) devices in the
neonatal intensive care environment. [oT provides real-time
monitoring, which can be used to control health measurements
in a continuous manner and, therefore, allow preemptive and
reactive actions in the event of emergency situations.

Neonatal health has been advanced to a great inclusive level
because of the state of theorizing. One of the primary goals of
hitting the gaps that have been pinpointed through the use of
focused innovations is the quest for the full employment of
their potential. A workable, universal, and complete system
with the use of new technologies, which will be adjusted by
promoting fairness and personalized care to be the first choice,
can bring better outcomes in neonatal health, decreased
mortality rates, and an equitable and fairer healthcare system
all over the globe.

An effective foundation for developing an Al-powered
infant sickness prediction system is established by the
proposed method. The key component of our strategy is
obtaining a dataset from neonatal diseases that contains
significant neonatal health variables. It emphasizes meticulous
data preparation techniques like min-max normalization.
Figure 2 shows the flow of the proposed methodology.

Pre-prossing
L5 O

Clazgsslon

Min-Max
Norrrmatio

(6 L)

Figure 2. Flow of proposed methodology

3.1 Data collection

Gandhi Memorial Hospital (GMH) clinical dataset [19],
Addis Abeba, Ethiopia, was gathered to extract the hidden
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knowledge. This has led to the collection of 2372 occurrences
in total consisting of 16 characteristics and the class has three
labels. A detailed data collection process is essential to
accurately represent data needed by neonatal healthcare



research and develop powerful models of disease diagnosis
and prediction. This entails obtaining various and quality
information that is of good quality and is of reliable sources
and ethical considerations such as informed consent and the
confidentiality of data is maintained. The specific details of the
data collection process along with the particular questions and
parameters that were taken into account in surveys and clinical
data collection are described below. Data collection process:
1) Data Source: The main type of data in the neonatal
healthcare research typically includes data provided by
hospitals, healthcare institutions, or longitudinal
research. As an example, in the given study, the clinical
data were collected in the Gandhi Memorial Hospital,

Addis Ababa, Ethiopia. This dataset consisted of 2372

cases, which had 16 features and three classifications

that were labeled according to neonatal health
outcomes.

Survey Design and Focus Areas: Survey and interviews

with caregivers, mothers and healthcare providers were

performed to supplement clinical data. The purpose of
these surveys was to obtain an overall picture of

neonatal health and factors which could affect it [20-

32].

Categories of Data Collected:

o Maternal Health: Questions focused on prenatal
care, maternal age, health conditions during
pregnancy, and medication use.

o Birth Details: Information on gestational age,
mode of delivery, birth weight, and complications
during labor.

o Neonatal Health: Initial APGAR scores, signs of
distress, respiratory conditions, infections, or
abnormalities observed in the first few days post-
birth.

o Family and Environmental Factors:
Socioeconomic status, access to healthcare
facilities, and exposure to environmental risks
(e.g., pollutants, malnutrition).

Specific Questions Asked: The surveys included both

structured (closed-ended) and semi-structured (open-

ended) questions to gather quantitative and qualitative
data. Examples of questions are provided below:

Maternal Health Questions:

2)

3)

4)

o Did the mother receive regular prenatal check-ups?
(Yes/No)

o  Were there any complications during pregnancy?
(E.g., hypertension, diabetes, anemia)

o What medications or supplements were taken
during pregnancy? (List or select from options)

o Wasthere a history of infections or illnesses during

pregnancy? (Yes/No; if Yes, specify)
Birth Details Questions:

o  What was the gestational age at delivery? (Specify
in weeks)

o What was the mode of delivery? (Normal,
cesarean, assisted)

o  What was the birth weight of the neonate? (Specify
in grams)

o Were there any immediate complications post-

delivery? (E.g., difficulty breathing, low oxygen
saturation)
Neonatal Health Questions:
o What were the APGAR scores at 1, 5, and 10
minutes? (Specify values)
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o  Were there signs of sepsis, jaundice, or respiratory
distress? (Yes/No; if Yes, provide details)

o Was the neonate admitted to the Neonatal
Intensive Care Unit (NICU)? (Yes/No; if Yes,
duration of stay)

o What treatments or interventions were provided?

(E.g., antibiotics, oxygen therapy, phototherapy)
Family and Environmental Factors:

o What is the household income range? (Select
range)

o What is the level of education of the mother and
father? (Select the highest level completed)

o Does the household have access to clean water and
sanitation facilities? (Yes/No)

o Are there any known environmental hazards near
the home? (Yes/No; if Yes, specify)

5) Clinical Data Parameters: Clinical data were

obtained out of medical records and comprised:

o Laboratory Findings: Complete blood count,
Infection Markers.

o Vital Signs: Heart rate, respiratory rate, and
oxygen saturation.

o Diagnostic Imaging: X- rays, ultrasounds and

echocardiograms where necessary.
Data Checking: To be accurate, several verification
measures have been taken:

6)

o The trained personnel cross-checked the data
entry.

o The gaps in the data were identified and
reconsidered to reduce gaps.

o Incomplete or outlier data was taken care of by

using statistical methods where needed.

This empirical method of data gathering helps researchers
to create datasets, which are rich in informative elements, but
representative of the complexity of neonatal health, which is
needed to create effective Al-based diagnostic models.

3.2 Pre-processing using min-max normalization

Data pre-processing refers to the conversion of data and its
preparation to useful use. Pre-processing involves cutting
down the data, establishing relationships, standardization of
the data, removing anomalies and deriving the features of the
data. There are several methods employed, such as,
minimization, integration, cleaning and transformation is the
primary objective of normalization. Although the data is
normalized, Min-Mix goes through a number of linear
adjustments. The original data's integrity can be preserved
with this technique. A simple approach for fitting data inside
a predefined restriction is min-max normalization.

T — minvalue of T

)*(Y—X)+X (1)

(maxvalue of T — minvalue of T

«  T': Data that has been adjusted using min-max.

* [Y, X] has already been established.

» T baseline data set.

Normalization using K-scores is a method for extracting
meaningful information from unstructured data sets by using
concepts such as numerical variables. Unstructured data can
be normalized using the K-score parameter, as the following
equation illustrates.

qd = std1%(B?) (2)



*  gd: The K-score served to standardize an individual's
worth.
*  ga: The value of row c.

std®= |10 — O ©)
AT
B=1). @

In decimal scaling, a scale is established from -1 to 1.
Therefore, decimal scaling is used.

a

q% = qx (5)

* g% Scaled value.

*  q: Range of values x-smallest integer max (|q9) < 1.

Min-max normalization results in a linear conversion of the
original data.

Assume that the lowest and highest possibilities for
parameter E are Miny and Maxx.

By computing: [new — minx, new — maxx], through min-
max normalization, e’ in the range is transferred from E to e'.

E' = ((e — min,)/(max, — min,)) * (new
— max, —new —min, ) + new
—min,,

(6)

In w-score normalization, the data for parameter E are
normalized using the average score of E . Formula for
normalizing E to e’ is as follows:

é=((e—X)/ox) (7
3.3 Neonatal disease prediction using an efficient particle
swarm fine-tuned dilated recurrent neural net

The specifics of neonatal healthcare through the application
of EPASFN-DRNN, the model gets skilled at identifying
minute patterns and variances in health data by fine-tuning the
neural network using particle swarm optimization. This
enables more accurate and timely forecasts of probable
illnesses in the neonatal community.

3.3.1 Dilated recurrent neural network

DRNNs rely on sequential data as their fundamental
premise. DRNN loops rely on the results of previous
computations; it is crucial to know which word is before the
one that is predicted in a sequence. Although DRNNSs are free
to use any amount of sequence data they choose, they can
search in the past because of the problems of gradient
explosion and gradient disappearance. Displays the K™ value's
route direction {2 is used to determine one lateral stability
index and reaches zero if the vehicle travels straight.

l+n 1|.Lp - |
j

n—1

Q= ®)

The inputs of y [d] and the outputs of y [d] are found in a
single GRU unit. y| [d — 1] is computed using y [d]. The
accurate computation is displayed in the following formats.

k = o(Uyxyld] + Wyz|[d — 1])

)
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» = tanh (Uy[d] + W(k O z[d — 1])) (10)
2dl=(1-h) Oz[d—1]+hO 2 (11)
o(y) = THexp (=) (12)

p(y) —e(y)
= ZZMMMW@) (13)

The units are governed by four parameters (U, Uy, Uy, U),
They require more parameters than a simple unit and keep
track of past data. This unit is utilized in computations exactly
like a typical synapse because its inputs and outputs are
unrelated to each other.

3.3.2 Efficient particle swarm optimization

There are N particles in the swarm according to the efficient
particle swarm optimization (EPSO) technique's ideal bias and
weight values. The EPSO is a heuristic search strategy that
draws inspiration from the cooperative or swarming behaviour
of biological groups. It is a smart strategy of adaptive
optimization that improves a candidate solution in terms of a
given quality measure by optimizing a problem, as a possible
solution to the optimization issue is an arbitrary value between
0 and 1. The optimal solution h is found after the specified
number of iterations, and it is used to initialize the variables.
The step of optimization is terminated by the algorithm upon
convergence of the evaluation function, at which point the
original weights and bias are determined as the ideal solution;
if not, the iterations persist. Algorithm 1 describes the
procedures used to optimize the EPSO.

v(s+1) =wv(s) + dlql(as — w(s))

+ dzqz(h - W(s)), (14)

wis+1) =w(s)+v(s+1) (15)
where, v(s + 1) indicates the particle's speed in real time (s +
1), w indicates the weight of inertia, v(s) is the speed at this
time d; and d> are momentum factors, with 1.6 and 3 being the
equivalent values g; and q,.

Algorithm 1: Particle Swarm Optimization

Set the EPSO variables, i.e., di,q, 0, the maximum
quantity of repetitions

Sinax, and the number of particles n

1) For every particle, 04(s)

2) Use the provided particle to do EPASFN learning

3) Creating out F using (5) and set fitness value
ki(s)=E

4) Current particle positions and velocities as
optimized by the fitness function, that is, by using
Egs. (7) and (8)

5) Provide the best answer, h, using the SSAE's
values and bias if the evaluation function
converges

6) Provide the best answer, h, using the SSAE's
weights and bias if the evaluation function
connects

7) Alternatively, start the iteration process again
from step 1




Data collection process of neonatal healthcare research is
essential in developing correct and valid predictive models. To
obtain the high quality of data representing the complex play
of factors determining neonatal health, it is necessary to have
a clear data collection strategy. In this specific research, the
data were collected in the Gandhi Memorial Hospital located
in Addis Ababa, Ethiopia which is considered to be one of the
best hospitals in regard to its services with respect to neonatal
care. The data set applied in the study comprised 2,372 cases,
including 16 features and three labeled classes that provide an
in-depth base to be analyzed. The choice of GMH as a source
of data was due to its reputation in the treatment of various
conditions affecting the neonatal population, it is a referral
clinic and the medical records are documented and
standardized.

Sampling Strategy and Selection Criteria: The
purposeful sampling strategy was used to make sure that the
dataset was representative of a vast spectrum of neonatal
health outcomes. The samples were composed of the neonates
that were provided with either normal care or specialized care
within the facility within a given period. The inclusion criteria
aimed to reflect the variability of the neonatal cases including
preterm and term births, neonates who had infections or
respiratory issues as well as those who needed intensive care
interventions. The inclusion criteria was used to filter out the
incomplete records or cases without the necessary diagnostic
or treatment information, which might otherwise influence the
analysis. The selection bias was minimized by recruiting
neonates with different socioeconomic backgrounds,
geographic locations, and health conditions. The inclusion of
high-risk and low-risk neonates also contributed to developing
a more balanced dataset, which enhanced the generalizability
of the results. In addition, the dataset included maternal health,
environmental determinants and family history to address
more general determinants of neonatal outcomes.

Data Collection and Surveys: To gather the complete
picture of neonatal health, including both quantitative and
qualitative information, the process of data collection included
the combination of clinical records and surveys data. The data
collection process involved retrieval of clinical data through
hospital records in the form of birth data, laboratory findings,
and treatment records. The surveys were carried out among the
medical professionals, mothers, and caregivers as they were
found to provide contextual information on maternal health
history, environmental factors, and access to healthcare
services. The structured survey questions were aimed at the
measurement of the most important variables such as
gestational age, birth weight, and APGAR scores, which are
necessary to have quantitative data to analyze it. Along with
structured questions, open-ended questions were also present
in the surveys to provide the participants an opportunity to
present in-depth information regarding the complications they
encountered during pregnancy or birth, which is beneficial in
qualitative terms. Particular survey questions were asked
concerning prenatal care, maternal complications, and the
details of the birth to collect the more detailed information on
the health status of the mother and the child. Additionally, any
questions related to health of the neonates asked questions
which sought the presence of conditions such as sepsis or
jaundice and enquired about measures such as the NICU
admission or phototherapy so that a full picture of the neonatal
health outcomes was obtained.

Dataset Selection Criteria: The dataset was selected
appropriately due to its broad coverage of important variables
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on neonatal health ensuring that it covers both breadth and
depth of information. The selected dataset included detailed
records of birth outcomes, maternal health, and neonatal
interventions which was also a determining factor. Ethical
considerations, such as a written consent to participate or a
guardians consent in the sample, were also addressed thus
there was no problem in the standards of the research process.
The compatibility of the data with the modern analytical tools
including ML and DL models played a key role in fulfilling
the study goals. The emphasis on a centralized healthcare
institution such as GMH allowed obtaining standardized and
high-quality records, and attempts were made to capture a
wide variety of cases that can be representative of the general
population of Ethiopia. Such a wide representation enabled it
to come up with strong models that could be generalized to
different neonatal health conditions. Through the use of a
stringent sampling plan and elaborate data collection
procedures, the research guaranteed development of a data-
rich and extensive dataset. The provided foundational data will
inform the creation of next-generation Al-based models to
predict neonatal diseases and fill serious gaps in the early
diagnosis of the condition and improve nursing outcomes in
infants.

4. RESULTS AND DISCUSSION

The Python 3.10 platform was used to assess the suggested
techniques. The suggested optimisation techniques were
displayed on a Windows 10 laptop with an Intel i3 9th Gen
CPU and 8 GB of RAM. Here, we assess the suggested
strategy's effectiveness using the current technique. While
SVM, RF, XGB, and stacking [33] are capable of attaining
ideal performance, our model offers accuracy as well as
precision in the provided hyper-parameter configuration, the
recall, accuracy, precision, and Fl-score outcomes that we
observed. Thus, these current methods were selected to be
contrasted with our proposed method [20, 21, 34].

The results of this research have significant implications to
healthcare providers and policymakers because, first, the use
of Al-based models in the field of neonatal healthcare should
be implemented immediately to solve the ongoing issues of
diagnosis and care. To healthcare providers, these
developments offer mechanisms to enhance accurate diagnosis
and minimise delays in care and resource utilisation
particularly in low-resource centres where experts are scarce.
As with the help of models such as EPASFN-DRNN, it is
possible to identify the life-threatening conditions early and
provide the effective interventions that will improve the
survival rates of infants and their long-term health conditions.
To policymakers, the findings indicate the necessity of
investing in  healthcare infrastructure, information
standardisation, as well as workforce training to facilitate the
use of advanced Al technologies. Also, by embedding these
tools into the current systems, it is possible to increase
healthcare equity by providing high-quality neonatal care to
disadvantaged areas. The possible effects of such discoveries
are the reduction of the rates of neonatal mortality, the
optimization of healthcare resources, and the development of
international partnerships in order to standardize Al
applications. These priorities would enable the healthcare
systems to move toward a more active, data-oriented stance
that reflects the overall goals of the data-driven approach of
precision medicine and universal health coverage.



4.1 Accuracy

Accuracy in the context of putting into practice an Al-based
neonatal illness prediction framework is the index of how the
model predicts the presence or absence of neonatal disorders.

Total number of predictions

x 100

Accuracy - number of correct predictions (16)

Table 2 and Figure 3 show the equivalent accuracy
measurement values compared to the methods that are
currently used; the accuracy rates of SVM, RF, XGB, and
stacking are 95.14%, 95.8%, 96.01% and 96.70%,
respectively. The proposed approach, Integrated EPASFN-
DRNN, is very successful with an outstanding accuracy of
98.50%. When it comes to performance, this method
outperforms the rest.

Table 2. Comparison of accuracy for the proposed and
existing methods

Methods Accuracy (%)
SVM [33] 95.14
RF [33] 95.8
XGB [33] 96.01
Stacking [33] 96.7
EPASFN-DRNN [Proposed] 98.5

Note: EPASFN-DRNN = Efficient Particle Swarm Fine-Tuned Dilated
Recurrent Neural Net; SVM = Support Vector Machine; RF = Random
Forest; XGB = XGBoost.

Accuracy Comparison of Methods
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Figure 3. Numerical outcomes of accuracy
4.2 Precision

Precision evaluates the model's accuracy of positive
predictions in the context of an Al-based neonatal illness
prediction framework. The proportion of accurately predicted
positive cases, or true positives, to all instances projected as
positive is known as precision.

.. True positive + false positive
Precision = !

True positive (1 7)

Table 3 and Figure 4 show the equivalent accuracy
measurement values compared to the methods that are
currently used; the accuracy rates of SVM, RF, XGB, and
stacking are 95.68%, 95.70%, 96.13% and 97.0%,
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respectively. The proposed approach, Integrated EPASFN-
DRNN, is very successful, with an outstanding precision of
98.20%. compare these existing it perform better than the
others.

Table 3. Comparison of precision for the proposed and
existing methods

Methods Precision (%)
SVM [33] 95.68
RF [33] 95.7
XGB [33] 96.13
Stacking [33] 97
EPASFN-DRNN [Proposed] 98.2

Note: EPASFN-DRNN = Efficient Particle Swarm Fine-Tuned Dilated
Recurrent Neural Net; SVM = Support Vector Machine; RF = Random
Forest; XGB = XGBoost.

Precision Comparison of Methods
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Figure 4. Numerical outcomes of precision
4.3 Recall

Recall is one of the assessment measures that is used to
gauge how well the predictive model is doing. A measure of a
model's accuracy in identifying occurrences of a particular
condition, recall.

True positive

Recall =
True positive + false negative (1 8)

Table 4 and Figure 5 show the equivalent accuracy
measurement values compared to the methods that are
currently used; the accuracy rates of SVM, RF, XGB, and
stacking are 95.11%, 95.70%, 95.79% and 96.90%,
respectively. The proposed approach, Integrated EPASFN-
DRNN, is very successful, with an outstanding precision of
98.60%. This method works better than the others in terms of
performance.

Table 4. Comparison of recall for the proposed and existing

methods
Methods Recall (%)
SVM [33] 95.11
RF [33] 95.7
XGB [33] 95.79
Stacking [33] 96.9

EPASFN-DRNN [Proposed] 98.6
Note: EPASFN-DRNN = Efficient Particle Swarm Fine-Tuned Dilated
Recurrent Neural Net; SVM = Support Vector Machine; RF = Random
Forest; XGB = XGBoost.
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4.4 F1-score

The Fl-score is a statistic that is frequently employed. It
gives an even-handed assessment of a model's capacity to
recognize good examples by fusing recall and accuracy into a
single metric. In this context, a score of 0 indicates inadequate
effort, whereas a score of 1 indicates perfect accuracy and
recall.

_ 2.precision.recall

(19)

precision + recall

Table 5 and Figure 6 show the equivalent accuracy
measurement values compared to the methods that are used,;
the accuracy rates of SVM, RF, XGB, and stacking are
94.86%, 95.78%, 95.91% and 96.69%, respectively. The
proposed approach, Integrated EPASFN-DRNN, is very
successful, with an outstanding precision of 99.00%. This
approach outperforms the others in terms of outcomes.

Table 5. Comparison of F1-score for the proposed and
existing methods

Methods F1-Score (%)
SVM [33] 94.86
RF [33] 95.78
XGB [33] 95.91
Stacking [33] 96.69
EPASFN-DRNN [Proposed] 99

Note: EPASFN-DRNN = Efficient Particle Swarm Fine-Tuned Dilated
Recurrent Neural Net; SVM = Support Vector Machine; RF = Random
Forest; XGB = XGBoost.
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Neonatal healthcare faces significant challenges, especially
in the early diagnosis and treatment of issues. These
challenges arise from a mix of systemic, technological, and
socio-environmental ~ factors.  Upon  conducting a
comprehensive analysis, it becomes apparent that addressing
neonatal health issues involves navigating intricate
complexities. Furthermore, this analysis underscores the
importance of identifying potential solutions to enhance
outcomes.

Underlying Causes of Identified Issues:

1) Resource Limitations in Low-Income Settings:
Infrastructure, qualified personnel, and modern technologies
required to provide effective neonatal care are scarce in most
of the healthcare facilities within the low-income and
resource-constrained regions. This, in turn, results in
diagnostic delays and improper treatment of such conditions
as sepsis, respiratory distress, and preterm birth complications.
These problems are exacerbated by the fact that access to
continuous training of healthcare providers is limited, which
means that neonatal care is highly dependent on a few
specialists.

2) Data Gaps and Variability:

The quality of neonatal health data and its consistency differs
radically between regions and facilities. Lack of complete
documentation, inconsistency in the use of diagnostic tools,
and absence of integration between various healthcare systems
are deterrents in the process of coming up with reliable models
of disease prediction. Moreover, datasets are unlikely to be
diverse, and such a characteristic results in biases in Al-based
models and their inapplicability to the population beyond the
sample of the study.

3) Delayed Diagnosis and Intervention:

A challenge in neonatal healthcare is the fact that it is hard to
monitor and address the early signs of diseases in newborns.
There is a lot of diseases that require constant care and
immediate responses, but the existing systems are rather
reactive rather than proactive. Lack of real-time solutions
applied in many medical institutions results into the delays in
making critical decisions, thus increasing the risk of
complications or deaths.

4) Integration Challenges of Advanced Technologies:
Neonatal care has a great potential of Al and ML. The
adaptation of these technologies into the current medical
processes is a major challenge. A lot of medical institutions do
not have the technical power or the infrastructure to adopt
sophisticated diagnostic systems. This leads to under-
exploiting these new technologies.

5) Social Determinants of Health:

The factors that affect the health of a neonate significantly are
environmental and socio-economic factors such as poor
sanitation, lack of access to prenatal care, and maternal
malnutrition. These determinants often worsen the
predicaments experienced in the clinical context thus
hindering the realization of positive outcomes.

Potential Solutions:

1) Investment in Healthcare Infrastructure and

Training:
here is the need to increase investments in neonatal care in
low-income environments. This involves the equipping of the
facilities with the required tools such as incubators and
advanced diagnostic tools, and providing an ongoing training
of the HCPs to increase their ability to manage complex
neonatal disorders.

2) Data Standardization and Integration:



Variability and inconsistency problems can be alleviated by
setting standardized procedures of collecting, and sharing data
among healthcare systems. Joint efforts to create various and
comprehensive data sets will make Al-based models more
reliable and useful, which will minimize biases and increase
diagnostic accuracy.

3) Real-Time Monitoring Systems:

By integrating Al technologies into real-time monitoring
instruments, including wearable sensors to assess the
neonates, one is able to continuously assess the vital signs
levels and detect the health issues early. This can be
significantly effective in improving the effectiveness and
timeliness of interventions.

4) Capacity Building for AI Implementation:

In order to overcome the integration issues that accompany the
advanced technologies introduction, such specific initiatives
that focus on improving the technical expertise in the
healthcare systems are necessary. This would include
employee education, partnerships with technology vendors,
and the creation of user-friendly Al solutions that require a low
level of technical skills to use.

5) Addressing Social Determinants of Health:
Increasing maternal health and environmental risks mitigation
initiatives, which are community-based, can have a significant
impact on neonatal outcomes. The wider determinants of
neonatal health can be mitigated by such interventions as
nutritional initiatives among pregnant women, sanitation, and
access to prenatal care.

6) Policy Support and Global Collaboration:

Neonatal health should receive a priority by the
governments and international organizations through
provision of supportive policies and funding on the same. The
high resource and the low resource settings may collaborate in
a way that maximizes knowledge transfer, hence the adoption
of the best practices and innovative solutions to the world.

According to the findings, Al-based models, like EPASFN-
DRNN, have the potential to transform the current state of the
neonatal healthcare sector by addressing key issues. These
models allow making earlier and more reliable diagnoses of
the neonatal disease, which leads to timely interventions that
can significantly improve survival rates and long-term
outcomes with the help of high accuracy, precision, and recall.
Implementing high-end technologies into the clinical practice
offers the possibility to reduce the number of diagnostic
mistakes, tailor the treatment process, and improve resource
use and allocation, particularly in under-resourced settings.
The findings however also indicate the need to fill in gaps in
data standardization, accessibility and training in order to
maximize these improvements. This development implies the
shift towards more egalitarian, data-driven, and preventive
neonatal care at a universal level.

4.5 Discussion

SVM is an aggregation of related learning techniques for
regression and classification. It is a non-probabilistic multiple.
Finding the optimal class border is the main objective of SVM
[33], which builds a hyperplane or group of hyperspaces in
high-dimensional space to categorize data. It is a collection of
classifiers, consisting of a decision tree that resolves
regression and classification issues. This method creates an RF
made up of many decision trees. When the forest has more
trees, the outcome is more accurate [33]. XG-Boost is
employed in problems involving regression and classification.
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A meaningful collection of features has been selected using
recursive feature reduction along with cross-validation. Four
ML models have been used for modelling, including stacking;
our suggested Integrated EPASFN-DNN model performs
exceptionally well across all evaluation criteria, proving its
superiority over existing methods in detecting and
recognizing.

5. CONCLUSIONS

Neonatal illnesses are a major global contributor to death
among children under five. Advances have been made to
address the problem, such as a better comprehension of the
pathophysiology of the illnesses and technology support for
diagnosis and therapy. However, the improvement is not
significant. Stacking, RF, XGB, and SVM are four ML models
that were used for modelling, together with stratified cross-
validation. With an accuracy of 98.50%, precision 98.20%,
recall 98.60% and Fl-score 99.00% the performance
evaluation revealed that EPASFN-DRNN performed better
than the other models. It will help with early identification and
precise diagnosis of neonatal illnesses. Such a framework has
a wide range of possible applications in the future, including
personalized treatment regimens, real-time monitoring devices
integrated for continuous health evaluation, and advances in
precision medicine catered to individual genetic profiles.

REFERENCES
[1] Salih, S.Q., Khalaf, A.L., Mohsin, N.S., Jabbar, S.F.
(2023). An optimized deep learning model for optical
character recognition applications. International Journal
of Electrical and Computer Engineering (IJECE), 13(3):
3010-3018.
https://doi.org/10.11591/ijece.v13i3.pp3010-3018
Hadders-Algra, M. (2021). Early diagnostics and early
intervention in neurodevelopmental disorders-age-
dependent challenges and opportunities. Journal of
Clinical Medicine, 10(4): 861.
https://doi.org/10.3390/jcm 10040861

Hasan, A.F., Jabbar, S.F., Raheem, F.S. (2025).
Comparative analysis of four programming languages for
machine  learning.  Ingénierie  des  Systémes
d’Information, 30(6): 1437-1445.
https://doi.org/10.18280/isi.300603

Al-Tamimi, M.S.H., Jabbar, S.F., Taha, A.M., Al-Jibory,
F.K. (2025). Enhancing lung cancer classification using
CT images using processing techniques employing
U-Net architecture. Journal of Internet Services and
Information Security, 15(2): 590-609.
https://doi.org/10.58346/J1S1S.2025.12.041

Fahad Jabbar, S. (2023). Automated stand-alone surgical
safety evaluation for laparoscopic cholecystectomy (LC)
using convolutional neural network and constrained local
models (CNN-CLM). Journal of Robotics and Control
(JRC), 3(6): 817-826.
https://doi.org/10.18196/jrc.v316.16201

Chung, H.U., Rwei, A.Y., Hourlier-Fargette, A., Xu, S.,
et al. (2020). Skin-interfaced biosensors for advanced
wireless physiological monitoring in neonatal and
pediatric intensive-care units. Nature Medicine, 26(3):
418-429. https://doi.org/10.1038/s41591-020-0792-9

(3]

(3]



(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

Qiao, J., Wang, Y., Li, X, Jiang, F., et al. (2021). A
lancet commission on 70 years of women's reproductive,
maternal, newborn, child, and adolescent health in China.
The Lancet, 397(10293): 2497-2536.
https://doi.org/10.1016/S0140-6736(20)32708-2
Hadley, T.D., Pettit, R.W., Malik, T., Khoei, A.A., et al.
(2020). Artificial intelligence in global health-A
framework and strategy for adoption and sustainability.
International Journal of Maternal and Child Health and
AIDS, 9(1): 121. https://doi.org/10.21106/ijma.296
Janvier, A., Bourque, C.J., Dahan, S., Robson, K., et al.
(2019). Integrating parents in neonatal and pediatric
research. Neonatology, 115(4): 283-291.
https://doi.org/10.1159/000492502

Norton, M., Hagstrom, A. (2022). Finding a new normal:
Maternal experiences transitioning to home from the
neonatal intensive care unit caring for technology-
dependent infants. Advances in Neonatal Care, 22(1):
E2-E12.
https://doi.org/10.1097/ANC.0000000000000850
Kumar, N., Akangire, G., Sullivan, B., Fairchild, K., et
al. (2020). Continuous vital sign analysis for predicting
and preventing neonatal diseases in the twenty-first
century: Big data to the forefront. Pediatric Research,

87(2): 210-220. https://doi.org/10.1038/s41390-019-
0527-0
Ismail, M.A., Abdul Sada, G.K., Amari, A., Umarov, A.,

Kadhum, A.A.H., Atamuratova, Z., Elboughdiri, N.
(2025). Machine learning-based optimization and
dynamic performance analysis of a hybrid geothermal-
solar multi-output system for electricity, cooling,
desalinated water, and hydrogen production: A case
study. Applied Thermal Engineering, 267: 125834.
https://doi.org/10.1016/j.applthermaleng.2025.125834
Husada, D., Chanthavanich, P., Chotigeat, U.,
Sunttarattiwong, P., et al. (2020). Predictive model for
bacterial late-onset neonatal sepsis in a tertiary care
hospital in Thailand. BMC Infectious Diseases, 20: 1-11.
https://doi.org/10.1186/s12879-020-4875-5

Nadweh, S., Mohammed, N., Alshammari, O., Mekhilef,
S. (2025). Topology design of variable speed drive
systems for enhancing power quality in industrial grids.
Electric Power Systems Research, 238: 111114.
https://doi.org/10.1016/j.epsr.2024.111114

Nadweh, S., Al Sayed, I.A.M., Abdulbaqi, A.S., Essa,
R.O., Sham, R., Gheni, H.M., Radhi, A.D. (2025). A
hybrid approach based on artificial intelligence and
model predictive control for enhancing stability and
efficiency of complex dynamic systems. Journal of
Robotics and Control (JRC), 6(5): 2426-2435.
https://doi.org/10.18196/jrc.v6i5.28069

Nadweh, S., Elzein, I.M., Mbadjoun Wapet, D.E.,
Mahmoud, M.M. (2025). Optimizing control of single-
ended primary inductor converter integrated with
microinverter for PV systems: Imperialist competitive
algorithm. Energy Exploration & Exploitation, 44(1):
554-577. https://doi.org/10.1177/01445987251382002
Salih, B.M., Nadweh, S., Abdulbaqi, A.S., Pasila, F.,
Essa, R.O., Radhi, A.D. (2025). Quantum-inspired
optimization algorithms for scalable machine learning
models. International Journal of Intelligent Engineering
& Systems, 18(10): 275-290.
https://doi.org/10.22266/ijies2025.1130.18

Abdtawfeeq, T.H., Nadweh, S., Qudr, L.A.Z., Tawfeq,

2429

[19]

[21]

[22]

(23]

(24]

[25]

[26]

(27]

(28]

J.F., Radhi, A.D., Sekhar, R., Shah, P., Gheni, H.M.
(2025). Harnessing neutrosophic numerical measures for
unbiased quantitative analysis of oxidative stress
biomarkers. International Journal of Intelligent
Engineering & Systems, 18(8): 44-59.
https://doi.org/10.22266/ijies2025.0930.04
Abdtawfeeq, T.H., Nadweh, S., Qudr, L.A.Z., Gheni,
H.M., Radhi, A.D., Sekhar, R., Shah, P. (2025).
Optimizing analytical thresholds in serum proteomics
using neutrosophic logic systems. International Journal
of Intelligent Engineering & Systems, 18(7): 29-43.
https://doi.org/10.22266/ijies2025.0831.03

Nadweh, S., Mohammed, N., Mekhilef, S. (2024).
Techno-economical evaluation of photovoltaic-powered
street lighting systems. In 2024 4th International
Conference on Emerging Smart Technologies and
Applications (eSmarTA), Sana'a, Yemen, pp. 1-8.
https://doi.org/10.1109/eSmarTA62850.2024.10638949
Hadi, H.A., Kassem, A., Amoud, H., Nadweh, S.,
Ghazaly, N.M., Abdulhasan, M.J. (2024). Using
imperialist competitive algorithm powered optimization
of bifacial solar systems for enhanced energy production
and storage efficiency. Journal of Robotics and Control
(JRO), 5(4): 1166-1179.
https://doi.org/10.18196/jrc.v5i4.22100

Hadi, H.A., Kassem, A., Amoud, H., Nadweh, S.,
Ghazaly, N.M. (2024). Using grey wolf optimization
algorithm and whale optimization algorithm for optimal
sizing of grid-connected bifacial PV systems. Journal of
Robotics and Control (JRC), 5(3): 733-745.
https://doi.org/10.18196/jrc.v5i3.21777

Stocker, M., Daunhawer, 1., Van Herk, W., El Helou, S.,
et al. (2022). Machine learning used to compare the
diagnostic accuracy of risk factors, clinical signs and
biomarkers and to develop a new prediction model for
neonatal early-onset sepsis. The Pediatric Infectious
Disease Journal, 41(3): 248-254.
https://doi.org/10.1097/INF.0000000000003344
Karabulut, B., Alatas, S.0. (2021). Diagnostic value of
neutrophil to lymphocyte ratio and mean platelet volume
on early onset neonatal sepsis on term neonate. Journal
of Pediatric Intensive Care, 10(2): 143-147.
https://doi.org/10.1055/s-0040-1715104

Arcagok, B.C., Karabulut, B. (2019). Platelet to
lymphocyte ratio in neonates: A predictor of early onset
neonatal sepsis. Mediterranean Journal of Hematology
and  Infectious  Diseases, 11(1): €2019055.
https://doi.org/10.4084/MJHID.2019.055

Sahoo, D., Zaramela, L.S., Hernandez, G.E., Mai, U., et
al. (2020). Transcriptional profiling of lung macrophages
identifies a predictive signature for inflammatory lung
disease in preterm infants. Communications Biology,
3(1): 259. https://doi.org/10.1038/542003-020-0985-2
Berg, K.M., Bray, J.E., Ng, K.C., Liley, H.G., et al.

(2023). 2023 international consensus on
cardiopulmonary  resuscitation and  emergency
cardiovascular ~ care  science  with  treatment

recommendations: Summary from the basic life support;
advanced life support; pediatric life support; neonatal life
support; education, implementation, and teams; and first
aid task forces. Circulation, 148(24): el187-e280.
https://doi.org/10.1161/CIR.0000000000001179

Wendimu, D., Biredagn, K. (2023). Developing a
knowledge-based system for diagnosis and treatment



[29]

[30]

[31]

recommendation of neonatal diseases. Cogent
Engineering, 10(1): 2153567.
https://doi.org/10.1080/23311916.2022.2153567

Al Barazanchi, 1.I., Abdulrahman, M.M., Thabit, R.,
Hashim, W., Dalavi, A.M., Sekhar, R. (2024). Enhancing
accuracy in WBANSs through optimal sensor positioning
and signal processing: A systematic methodology. In
Proceedings of the International Conference on Electrical
Engineering, Computer Science and Informatics
(EECSI), Yogyakarta, Indonesia, pp. 768-774.
https://doi.org/10.1109/EECS163442.2024.10776392

Al Barazanchi, 1.I., Hashim, W., Thabit, R., Sekhar, R.,
Shah, P., Penubadi, H.R. (2024). Secure trust node
acquisition and access control for privacy-preserving
expertise trust in WBAN networks. In Forthcoming
Networks and Sustainability in the AloT Era, pp. 265-
275. https://doi.org/10.1007/978-3-031-62881-8 22

Ali, AM., Ngadi, M.A., Sham, R., Al Barazanchi, LI
(2023). Enhanced QoS routing protocol for an unmanned
ground vehicle, based on the ACO approach. Sensors,

2430

[32]

[34]

23(3): 1431. https://doi.org/10.3390/s23031431

Al Barazanchi, 1., Hashim, W., Alkahtani, A.A.,
Abdulshaheed, H.R., et al. (2022). Survey: The impact of
the corona pandemic on people, health care systems,
economic: Positive and negative outcomes. Journal of
Applied Social and Informatics Science, 1(1): 13-20.
https://e-
journal.ptti.info/index.php/jasis/article/view/89.
Nadweh, S., Mohammed, N., Konstantinou, C., Ahmed,
S. (2025). Operational performance assessment of PV-
powered street lighting: A comparative study of different
machine learning prediction models. IEEE Access, 13:
135232-135253.
https://doi.org/10.1109/ACCESS.2025.3594171

Jaffar, H.A., Ismacel, A.A., Shuraiji, A.L. (2025).
Optimizing and developing a new model for SVE
through simulation and experimentation to improve PV.
Renewable Energy, 247: 123010.
https://doi.org/10.1016/j.renene.2025.123010





