Yournal of Health Administration

Winter 2022, Vol 25, Issue 4 |

Orginal Arficle
 Orgina

A Neonatal jaundice prediction system based on the
support vector machine algorithm

Tahereh Jafari * , Hassan Emami 4", Saman

Mohammadpour 5

, Somayeh Nasiri 2%/, Mohammadjavad Sayadi 3

1M.Sc, School of Health Management and Information Sciences, Iran University of Medical Sciences, Tehran, Iran.

2 Assistant Professor, Department of Health Information Management, School of Health Management and Information
Sciences, Iran University of Medical Sciences, Tehran, Iran.

3Ph.D Student, School of Health Management and Information Sciences, Iran University of Medical Sciences, Tehran, Iran.
4 Assistant Professor, Department of Health Information Management and Technology, School of Paramedical Sciences,
Shahid Beheshti University of Medical Sciences, Tehran, Iran.

5 Assistant Professor, Department of Health Information Management and Technology, School of Paramedical Sciences,

Shahid Beheshti University of Medical Sciences, Tehran, Iran.

ARTICLE INFO

Corresponding Author:
Saman Mohammadpour
e-mail addresses:
Samanmohammadpour90
@gmail.com

Received: 21/Mar/2022
Modified: 14/Jun/2022
Accepted: 19/Jun/2022
Available online: 07/Dec/2022

Keywords:

Jaundice

Neonatal

Support Vector Machine

28

:ABSTRACT
1

‘Introduction: Jaundice is one of the most common problems in the neonatal
 period, affecting about 60% of full-term and 80% of premature infants in their
: first week of life. The present study aimed to develop a system for predicting
‘neonatal jaundice within the first 24 to 72 hours post-delivery by using the
i Support Vector Machine (SVM) algorithm.

i Methods: This applied-developmental study employed a quantitative method.
i First, based on a literature review, a questionnaire containing effective factors
ifor predicting jaundice in newborns was designed. Data analysis was
iperformed using descriptive statistics, and factors that were recognized as
*necessary by at least 50% of the experts were included in the model. Then, data
!from 1178 newborns delivered at Lolagar hospital in Tehran were extracted
!from birth records, and several machine learning algorithms were used to
! predict neonatal jaundice.

!Results: The findings of this research showed that the proposed model based
!on the SVM algorithm is the best output due to the distance between classes.
! Therefore, the final model of the SVM algorithm was created using the
!Gaussian kernel, with a sigma value of 1.2360605. Thirty percent of the
!samples (354 cases) were tested, and 321 cases were correctly predicted. In the
!proposed SVM model, parameters such as precision, the area under the
! Receiver Operating Characteristic (ROC), and F1 score were 92.7%, 93%, and
!88% respectively.

!Conclusion: Incorporating SVM into a system for predicting jaundice in
'newborns can aid doctors with timely prediction of jaundice in newborns and
! provide the possibility of taking preventive measures and preventing possible
!risks caused by jaundice in newborns.
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Extended Abstract

'Introduction

Jaundice is one of the most common
problems in infancy and one of the most
important causes of hospitalization in the
first week of life, affecting about 60% of
full-term (term) and 80% of premature (pre-
term) infants. The first main symptom of
this disease is the yellowing of the skin and
conjunctiva due to the accumulation of
bilirubin in the skin, and in most cases, it is
considered a benign condition. [1-4]
Untreated increases in blood bilirubin
levels cause serious damage to the brain. [5]
Jaundice must therefore be promptly treated
to prevent dangerous complications such as
encephalopathy and kernicterus, which can
result in lifelong disabilities [6,7] or even
be fatal and cause mental retardation and
neurological disorders in infants. [8,9] The
rapid prediction and treatment of neonatal
jaundice is crucial and helps doctors make
timely decisions regarding the appropriate
treatment. [7,10] In recent years, machine
learning algorithms have emerged as a
highly promising and reliable tool for the
accurate diagnosis and a wide range of
diseases. [11-13] Studies have shown that
machine learning algorithms can increase
the precision and speed of classification, as
compared to other existing methods.
Specifically, in the context of neonatal
jaundice, various algorithms, such as the k-
nearest neighbor, Bayesian network, neural
network, and decision tree, have been
employed for disease diagnosis and
prediction. [1,4,14] Meanwhile, Support
Vector Machines (SVM) is one of the
supervised machine learning algorithms
that is used as a classifier for linear and non-
linear problems, and using machine
learning theories increases the precision of
prediction. SVM is used for pattern
recognition and classification of objects in
certain classes, and it is important from the
point of view that by using this algorithm,
the type and severity of the disease can be
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recognized, and experts can be used to
predict and timely treatment of diseases
helped. [15-18] The present study was
conducted to develop a system for
predicting neonatal jaundice within the first
24 to 72 hours after birth.

'Methods

The current research was of an applied-
developmental type, which was carried out
with a descriptive-quantitative method in
two stages. The first stage was to determine
the factors affecting neonatal jaundice, and
the research population at this stage
included six neonatologists and 13
obstetricians and gynecologists at Lolagar
hospital in Tehran, and due to their small
number, sampling was not done and the
entire research population was examined.
The data collection tool at this stage was a
researcher-made questionnaire, which was
designed based on a literature review on a
two-choice scale (necessary or not). This
questionnaire included effective factors for
predicting neonatal jaundice (26 factors)
and effective factors suggested by experts.
The validity of the questionnaire was
confirmed by four neonatologists and seven
obstetricians. The questionnaire was
distributed to expert doctors through e-mail
so that they could specify their opinions
regarding the necessity or non-necessity of
each of the factors affecting neonatal
jaundice. The data were analyzed in the first
stage by descriptive statistics (frequency
and percentage) using Excel software. Only
the factors that at least 50% of the expert
doctors deemed necessary were included in
the next stage to create the model. [19] The
second stage of the research was carried out
in order to implement and evaluate the
proposed model for neonatal jaundice
prediction. First, newborn data were
extracted from mother and baby files at
Lolagar hospital, resulting in 1,328 records.
The analyzed data were collected in Excel
software and transferred to SQL Server
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software. Then, pre-processing and data
cleaning operations were performed in
order to remove outliers, redundant, and
noisy data. In doing so, records containing
noisy and missing samples were replaced
with real and correct data if possible, and
those that could not be corrected were
removed from the data set in order to ensure
data quality and subsequently model
reliability. Finally, 1,178 records were left
to run the algorithm, of which 516 were
positive (presence of jaundice) and 662
were negative (absence of jaundice),
creating a balanced data set for modeling.
The SVM algorithm, Visual Studio 2017
software, and Matlab programming
language were used for data modeling.
SVM is one of the classification methods
for linear and non-linear functions, in which
the hyperplane with the largest margin of
the samples on the border between the two
classes is used to separate the samples of the
two classification classes. If the samples are
non-linear and have a complex structure,
the separation of the data in the new space
is mapped through the mathematical
functions of the Kkernel with more
dimensions. [19,20] In the classification
method, one of the features of the data is the
class label or the target variable, which
should be considered as the output field,
and other features should be included in the
input field as predictor variables. In this
research, jaundice presence or absence in
the newborn was considered the output
field. Also, laboratory, clinical, and
demographic factors were considered
model inputs. SVM data were divided into
training and testing subsets for model
evaluation, with 70% of the data used for
training and 30% used for testing. Model
performance was evaluated by the
following parameters: precision, accuracy,
sensitivity, specificity, the area under the
Receiver Operating Characteristic (ROC)
curve, and the F1 score.

‘Results
Determination of effective factors for
predicting neonatal jaundice: To identify the
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effective features for predicting the presence
or absence of jaundice in newborns, we
calculated the correlation of independent
variables with the target column. Based on
expert evaluations in the field, a total of 25
factors were identified as being effective for
predicting neonatal jaundice. The list of
variables selected for the modeling process
is presented in Table 1.

Table 1. Effective factors for predicting
neonatal jaundice

Number | Feature

1 Neonatal sex

2 Vaginal bleeding

3 Maternal hypertension

4 Gestational diabetes

5 Premature  rupture of fetal

membranes

6 Maternal urinary tract infection

7 Vaginal delivery

8 ABO blood group incompatibility

9 Neonatal G6PD enzyme deficiency

10 A history of jaundice in the baby's
sibling(s)

11 Breastfeeding

12 Neonatal race

13 Maternal age > 25 years

14 Maternal epilepsy

15 Maternal addiction

16 Previous maternal fertility history
(miscarriage and premature birth)
17 Maternal hyperthyroidism

18 Neonatal weight >2500

19 Indirect bilirubin > 12 mg/dL

20 Rh incompatibility

21 Neonatal septicemia

22 Neonatal cephalohematoma

23 Maternal gestational age < 42 weeks
24 Pyloric stenosis

25 Infant Crigler-Najjar syndrome

Implementation and evaluation of the
proposed neonatal jaundice prediction
model: After effective factors for predicting
neonatal jaundice were determined, several
machine learning algorithms were used.
The results of comparing the evaluation
criteria showed that the SVM algorithm
was the best algorithm for this modeling.
Then, according to the results of the initial
evaluation and the selection of the SVM
algorithm, various settings were made for
the SVM kernel algorithm, and the
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proposed
model

neonatal

was created using

jaundice prediction
the SVM

algorithm in MATLAB software. The final
model was selected using this algorithm
and the Gaussian kernel with a sigma of
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1.2360605 as it achieved the best
performance. Table 2 shows the evaluation
metrics of the SVM algorithm with
different Gaussian, Laplace, and Curve
kernels.

Table 2. Precision, accuracy, and sensitivity evaluation metrics based on SVM algorithm parameters

Parameter ¢ el Alpha Sigma e Precision | Accuracy | Sensitivity
parameter Type

2.9665 1.1091 - - Gaussian 0.927 0.8323 0.880
2.8798 1.4833 - - Gaussian 0.879 0.8283 0.8675
2.4548 2.3891 - - Gaussian 0.8751 0.8184 0.8558
2.3873 2.6372 - - Gaussian 0.8707 0.8106 0.8549
2.3314 2.6409 - - Gaussian 0.8655 0.7865 0.8371
2.1873 2.6449 - - Gaussian 0.8492 0.7768 0.8355
2.1587 2.668 - - Gaussian 0.8477 0.7638 0.8249
2.0857 3.0443 - - Gaussian 0.8356 0.7502 0.7906
2.0702 3.1021 - - Gaussian 0.8039 0.7384 0.7724
1.9886 3.1818 - - Gaussian 0.7963 0.735 0.7603
1.8823 3.4731 - - Gaussian 0.7845 0.6927 0.7539
1.5621 - - 3.5919 Laplace 0.7816 0.6400 0.6041
1.5609 - - 3.7779 Laplace 0.7656 0.6575 0.6563
1.2109 - - 3.903 Laplace 0.7585 0.6551 0.5876
1.2106 - 32.7938 | -1.2791 Curve 0.757 0.757 0.6162

1.13 - 31.126 | -2.3442 Curve 0.7461 0.7513 0.6013
1.1255 - 30.8828 | -1.4961 Curve 0.7212 0.6861 0.5966
1.1119 - 30.711 | -2.5724 Curve 0.6958 0.6469 0.5763
1.1104 - 30.1216 | -2.0562 Curve 0.6928 0.6442 0.5613

In the final evaluation and testing of the
model, 354 samples (30% of the data) were
applied, resulting in 33 cases of
misdiagnosis. Table 3 displays the
confusion matrix of the final model.
Evaluation measures, including precision
(92.7%), sensitivity (88%), specificity
(92%), area under the ROC curve (93%),
and F1 score (88%), were calculated for the
test data set. The ROC curve is shown in
Figure 1.

Table 3. Confusion matrix of the final neonatal
jaundice prediction model

Predicted class
Actual Jaundice Jaundice
class presence absence
Jaundice 125 17
presence | (True positive) | (False negative)
Jaundice 16 196
absence | (False positive ) | (True negative)

The results of the model evaluation with
the training data set were also used to
check the presence of overfiting, and the
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results were not significantly different from
model evaluation with the test data set.

Roc Curve Plot
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Figure 1. ROC curve for the neonatal jaundice
Prediction model

After the proposed model was developed by
using the same data set and labeled features,
the data were run on other similar
algorithms to compare and evaluate the
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outputs. The comparison results of the
selected algorithm (the proposed model
based on the SVM algorithm) against the
implemented algorithms are shown in Table
4. According to the findings in Table 4, a
larger area under the ROC curve indicates a
higher precision of the prediction model.
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The research results showed that the
proposed SVM algorithm-based model
achieved a higher classification precision
than did other algorithms and was therefore
recognized as the best output due to the
distance between classes.

Table 4. Comparison of the selected algorithm with other machine learning algorithms

Algorithm Precision | The area under the ROC curve| F1 score
SVM (proposed model) 92.7% 93% 88%
SVM regression (SMO) 91.9% 91% 86%
Simple logistic regression 92.2% 92% 83%
Decision table 92.1% 90% 85%
JRip rule-based classifier 91.5% 89% 85%
J48 classification tree 91.6% 90% 84%
Multilayer Perceptron 92.5% 93% 85%
AdaBoost 90.6% 86% 81%
Baseline 90.6% 89% 80%
Naive Bayes 89.8% 85% 80%
Random Forest 46.0% 76% 54%

'Discussion

Pediatricians have always prioritized the
monitoring and treatment of jaundice in
infants. [2,4] This study focuses on early
prediction of jaundice in newborns, so that
doctors and families can be warned in time
and prepared to take appropriate measures
to eliminate the risk if jaundice is predicted
before or shortly after birth. Therefore, the
importance of understanding these factors
coupled with the need for low-cost and
reliable methods can encourage researchers
to employ more computational methods,
such as machine learning algorithms. In
most diseases, there are numerous risk
factors that not only interact with one
another but also have non-linear
relationships. [16] The SVM algorithm is
one of the machine learning algorithms that
offers great capability and flexibility for
solving high-dimensional problems and
modeling various data in the form of linear
and non-linear relationships, and therefore
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can be wused to predict jaundice in
newborns.  [21,22] Most of the
characteristics investigated in the present
study are in line with those studied by
Adebayo ldowu et al. [23] and Umer et al.
[24], which indicates the importance of
these characteristics in predicting neonatal
jaundice. However, other characteristics,
including religion, biliary tract
complications, hypothermia, sepsis,
asphyxia, hemolysis, being treated for
jaundice, place of delivery, multiple births,
anemia, prematurity, Serum Glutamic
Oxaloacetic Transaminase (SGOT), and
Serum Glutamic Pyruvic Transaminase
(SGPT), have been used in other neonatal
jaundice prediction systems, which is not
consistent with our study. A study by
Sussma et al. [25] showed bilirubin to be an
important predictor of neonatal jaundice.
Safdari et al. [14] used more features to
predict neonatal jaundice, including total
bilirubin levels (on the day of jaundice
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occurrence and 24 hours after the initial
onset of jaundice), direct bilirubin levels
(on the day of jaundice occurrence, 24
hours after the initial onset of jaundice, two
days after the initial onset of jaundice, and
before discharge), and maximum total
bilirubin levels. In another study by Ferreira
et al. [1], bilirubin levels measured through
skin testing (from birth to discharge, with a
time interval of up to eight hours) were also
considered one of the important features in
the prediction model. However, the current
research is not in line with the findings of
the aforementioned studies [1, 14],
indicating the strong effect of indirect
bilirubin on neonatal jaundice prediction.

The present study demonstrated that the
SVM algorithm is more efficient than other
machine learning algorithms. Notably, the
precision (92.7%), the area under the ROC
curve (93%), and F1 score (88%) obtained
in this study were higher than those
achieved by other classification methods.
Consistently with the present study, two
previous studies have used the SVM
algorithm to predict neonatal jaundice.
[23,25] Umer et al. [24], who collected data
from 550 medical records of 28-day-old
infants with jaundice, identified 19
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