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A model to predict low birth weight infants and affecting factors using data mining
techniques
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Abstract
Introduction: Birth weight is a reliable indication of intrauterine growth and determines the
child's future physical and intellectual development. The purpose of this study was to use data
mining technique in identifying accurate predictors of (low birth weight) LBW.
Materials and methods: This study used secondary data from 450 medical records of
newborns in the educational Hospitals affiliated to Ilam University of Medical Sciences. The
birth records were reviewed from April 2015 to April 2016. The checklist used to collect data
comprised of two parts: demographic and effective factors (13 factors of medical and neonatal,
4 factors of mother's lifestyle and 8 about mother factors). Data were analyzed by SPSS version
21 and WEKA software.
Results: Our findings showed that mean weight of infants was 2289 ± 864 gr. The mean
gestational age was 35.2 ± 4.63 weeks. 14.9% of mothers suffer from placenta previa and
14.4% suffer from preeclampsia. The results of ANOVA showed that neonatal weight was
significantly higher among mothers with weight range of 84-110 Kg. The random forest
algorithm showed that gestational age less than 36 weeks is main predictor and number of
fetuses, preeclampsia, and premature rupture of membrane, placenta previa, the number of
pregnancies and the degree of mother education were other predictors of low birth weight.
Conclusion: This study confirmed that low birth weight is a multifactorial condition requiring
a systematic and accurate program to reduce LBW. Individual and group education through
mass media, repeated monitoring of pregnant mothers, activation of the referral system and
pursuit of a family health care technician may reduce prevalence of LBW.
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Introduction
Birth weight is a valid sign of intrauterine
growth and determines the future physical
and mental development of children (1(.

According to the WHO definitions, normal
neonatal weight ranges from 2500g to
4000g and a birth weight less than 2500gr
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is considered as low birth weight")2(. It has
been shown that incidence of low birth
weight in developing countries (16.5%) is
almost twice more than developed countries
(1(. Despite the recent development in
medical sciences, prevalence of (low birth
weight) LBW showed an increasing trend
over the recent years(3). The prevalence of
LBW in Iran varied from5.2% to 7.3% (4,
5).
The cause of low birth weight is
multifactorial including chronic maternal
disease (blood pressure, kidney disease and
diabetes), maternal weight and height (less
than 145cm), bleeding during pregnancy,
gestational age and maternal age below 20
years old (6). Preterm birth and intrauterine
growth retardation are the two important
neonatal causes of low birth weight (7).
Birth weight is the most constant
determinant of neonatal mortality (8). Low
birth weight is closely associated with
restricted cognitive development, high rates
of neonatal morbidity and mortality as well
as chronic disease in the adulthood(2). Very
low birth weight (VLBW) which is defined
as weight less than 1500 gr is a strong
predictor for infant’s death and nervous
system disorders (9,10).
Besides, low birth weight has always been
an important public health issue. Low birth
weight infants are prone to cerebral palsy,
mental retardation, sensory and cognitive
impairment, neurological disabilities,
respiratory illnesses, injuries due to special
care, sudden death syndrome, mistreatment
of children, and inadequate maternal-child
attachment (6, 11). Additionally, coping
ability of such children in social,
psychological and physical adjustment to
environment is considerably diminished.
The mortality rate of children with low birth
weight during the first two years of life is
higher than their counterparts. There are
several other factors increasing morbidity
and mortality of such children comprising
of biological risks associated with
inadequate respiratory and cardiovascular
capacities due to prematurity and social risk
associated with poverty. The prevalence of
2
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congenital in low birth weight children was
reported between 3 to 7% (2,12).
Therefore, every child born with a low birth
weight encounters the community and
health system with a high-risk person for a
longtime life. On the other hand, the high
prevalence of low birth weight may
indirectly reflect maternal health status,
social and economic well-being of the
community. Hence, obtaining accurate
pattern and causes of low birth weight in the
community is a key factor in adopting
appropriate strategies for mitigating risk
factors and improving children’s health
status that eventually promote public health
status. Previous studies mainly focused on
identifying prevalence and risk factors of
low birth weight. While, we could not find
any evidence depicting a predicating model
of low birth weight using data mining
approach. Therefore, this study aimed to
determine factors affecting low birth weight
and to predict low birth weight using data
mining techniques.
Material and methods
This study used secondary data from
medical records of newborns in the
educational Hospitals affiliated to Ilam
University of Medical Sciences. The birth
records were reviewed from April 2015 to
April 2016. A checklist in three sections
was developed by researchers to measure
demographic, neonatal and maternal
characteristics. Face and Content validity of
the checklist was assessed using expert
opinions. The variables in the checklist
included age, height, and maternal weight,
body mass index, pregnancy rate, number
of fetuses, number of pregnancies, number
of births, history of abortion, pre-mature
rupture of membrane, preeclampsia,
placenta previa, mother's education,
Mother's place of residence, type of
delivery, marital marriage, infant's gender
and mother's occupation. In this study, the
weight less than 2500 grams was
considered as low-birth weight.
Low birth weight infants were selected
from the list of newborns and the checklist
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was filled by accessing their medical
records. At the same time, infants with
normal birth weight were also selected as
controls. Nine cases were excluded due to
missing information in their medical
record, which yielded into total sample size
of 261 infants with low birth weight. Some
of the variables intended to measure within
the checklist were removed from this study
because of missing information. For
example, there was no record on maternal
haemoglobin and hematocrit, alcohol and
tobacco use. At the same time, 189 subjects
were finally included from initially 270
listed normal-weight infants. Data were
collected during a period of three months
from March 2016 to May 2016. In total, this
study was conducted among 450 subjects
collected at maternity wards of Shahid
Mostafa Khomeini Hospital in Ilam
University of Medical Sciences.
Data were analyzed by SPSS version 21 and
WEKA software. Initially, data were
analyzed by SPSS using frequencies,
means, correlation, t-student and one-way
ANOVA.Data preparation for analysis with
WEKA was done as an important first step.
To ensure that the results of data mining
algorithms are as accurate as possible, the
hidden knowledge discovery process needs
to be done in the data. At this point, raw
data was first cleared, integrated, selected
and converted into data that could be used
by data mining algorithms. Then, data was
modeled
using
logistic
regression
algorithms, simple parsing, random forest,
decision tree, random tree, decision table
J48, and analyzed using WEKA software.
The efficiency of data mining algorithms
for accuracy, sensitivity, specificity, rocklevel curve (AUC), F value, precision and
recall were investigated. Data were
analyzed using Leave-one-out, crossvalidation, and randomly divided into k
sections of the same distinct. The k-1 is then
used to build the training and the residual
data was used to test the model. Then,
another section is rotated for testing, and
the rest is used to make the model, and as
long as this rotation continues, all parts are
3
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used at the model test stage. The accuracy
of the prediction at each stage is calculated
from the test data and the overall accuracy
percentage is calculated as the model's
validity. The random sampling and the test
on the evaluated data sequence are the
percentage of the test set that is properly
classified. Finally, the (AUC) technique
was used to evaluate and compare the
performance of prediction models. The
AUC from the Rock Curve can be measured
by the following equation, when
(characteristic -1) = t and ROC (t) are
sensitive:

As the area below the ROC curve is higher,
the accuracy of the prediction model will be
greater in the proper resolution of the
resultant values.
Results

According to the results of this study,
mean weight of 450 newborns was
2289±864 gr. In addition, the average
maternal BMI was overweight and the
highest frequency (31.1%) attributed to
mothers with BMI greater than 30 while,
the least frequency (0.2%) belonged to
underweight mothers with BMI less
than 20.
Mean gestational age (35.2 ± 4.63 years)
at which the birth was performed was
less than 37 weeks. 14.9% and 14.4% of
the mothers were suffering from
placenta previa and preeclampsia,
respectively.
Besides, the correlational analysis
showed that there was a significant and
negative correlation between weight of
the newborn and preeclampsia,
premature rupture of membrane,
placenta previa, multiple fetus, higher
pregnancy, childbirth, and history of
abortion. Conversely, neonatal weight
was significantly and directly correlated
with gestational age, maternal weight
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and BMI. On the other hand, there was
no significant correlation between
neonatal
weight
and
maternal
occupation, newborn gender, marital
marriage and delivery type.
ANOVA between subjects was conducted
to compare the effect of maternal birth
weight during pregnancy on neonatal
weight in maternal weight ranged from 5566 kg, 67-72 kg, 73-77 kg, 78-84 kg and 85110 kg. The results of ANOVA showed that
neonatal weight was significantly higher
among mothers with weight range of 84110 Kg. Furthermore, neonatal weight
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among mothers with weight 67-72 Kg was
significantly higher than that of mothers
with group weight 52-66, 73-77 and 7884kg. The random forest algorithm predicts
low birth within the diagnostic index, fmeasure and accuracy. While, j48
algorithm was effective in evaluating low
birth weight via sensitivity and recall
indices. Lastly, forest method algorithm
was effective in f-measure index and
accuracy. The area under ROC curve
analysis confirmed that random forest
algorithm is the best approach in predicting
low birth weight (Figure 1).

Figure 1. Comparison of the applied algorithms terms of specificity, sensitivity, precision, recall, accuracy, area
under ROC curve (AUC) and F-measure.

According to the AUC, simple Bayes
algorithm was placed in the second
effective model in predicting low birth
weight followed by logistic regression
algorithm. However, the least effective
method was decision tree algorithm.
The results of data mining revealed that
gestational age was the most important
predictor of low birth weight. It means, the
likelihood of a low birth weight would be
higher among pregnancies with gestational
age less than 36 weeks. Accordingly,
number of fetuses, preeclampsia and
premature rupture of membrane, placenta
previa, the number of pregnancies and the
degree of mother education were predictors
of low birth weight (Figure 1).
4

Discussion
The purpose of this study was to predict
neonatal low birth weight using data mining
techniques. The results showed that the
most important factor in predicting LBW
was gestational age. It means, the
likelihood of a low birth weight would be
higher among pregnancies with gestational
age less than 36 weeks. Accordingly,
number of fetuses, preeclampsia and
premature rupture of membrane, placenta
previa, the number of pregnancies and the
degree of mother education were predictors
of low birth weight.
One of the findings in this study was a
significant relationship between maternal
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weight and neonatal low birth weight.
Similarly, Eghbalian (1) and Eshraghian et
al(2)reported that higher maternal weight
during pregnancy was associated with
lower neonatal weight at birth. It has been
shown the likelihood of low birth weight is
considerably higher among mothers who
gained less than 7 kg during their pregnancy
(3). The amount of weight a woman gained
during pregnancy indicates nutritional
status which can affect neonatal weight at
birth. Firouzi Jahan-Tigh et al. (2016)
reported the last mother’s weight before
pregnancy along with age are the most
important factors in predicting neonatal low
birth weight (4). Similarly, Delaram (4)
found the importance of maternal weight at
the beginning of pregnancy and weight gain
during pregnancy as the risk factors for low
birth weight. There are explicit evidences
favoring the existence of a meaningful
relationship between maternal and infant
weight (5). One explanation for such an
association is the harmful effect of low
Body Mass Index (BMI) or malnutrition
which eventually leads to low birth
weight(4). In contrast, high maternal BMI
and gestational diabetes have protective
effect in low birth weight (6).
Another finding from this study was the
significant and inverse association between
low birth weight and mother’s education.
Similarly, previous studies (1, 2, 4, 7)
reported that the average weight of
newborns in educated women was
significantly higher than that in women
with lower education.In contrast, Nayak et
al (8), reported no relationship between
maternal education and infant’s weight at
birth.
The current study revealed a significant
relationship between preeclampsia and
neonatal
low
birth
weight.
Correspondingly, Namakin et al (9) showed
that the history of diseases such as diabetes,
hypertension and preeclampsia increase the
possibility of having a premature and low
birth weight. Previous evidence showed
that women with preeclampsia and
hypertension had 1.8 and 4.4 times higher
5
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chance of preterm and low birth weight,
respectively (10). This association could be
explained by placental insufficiency caused
due to hypertension which leads to preterm
labor with increased chance of LBW (11).
Likewise, Mosayebi et al(12) identified
preeclampsia as one of the most important
maternal factors that plays a role in LBW
up to 46%. Findings from a prospective
longitudinal
study
considered
the
pregnancy-related
hypertension
and
placenta disorders as the main risk factors
for LBW (4).
This study found a significant relationship
between placenta previa and PROM with
LBW. Previous findings(13)also revealed
higher incidence of low birth weight among
pregnancies with complications such as
placenta previa and PROM. Additionally,
Namakin et al(9) reported the chance of
preterm birth in mothers with PROM and
placenta previa were 11.9 time and 8.96
times higher than normal mothers,
respectively. PROM cause intrauterine
infection and oligohydramnios which
consequently result in low birth weight
(11).
We also found a significant relationship
between the number of fetuses and LBW.
The results of the Delaram (14) study
showed that 79% of the twins and 100% of
triplet pregnancies were categorized in low
birth weight, while this rate was about 7%
in monogamous pregnancies. On the other
hand, the odd ratio of low birth weight in
multi-fetal pregnancies was reported 16.5
times higher than single fetus.
Another highlight from this study is the
significant association between LBW and
history of abortion and stillbirth. The
chance of LBW infant in mothers with a
history of abortion has been reported 2.5
times higher than that among mothers with
no history of abortion. We also found a
significant relationship between gestational
age and low birth weight. This finding is in
line with the previous (15, 16) studies
reporting a 10 times higher LBW when
giving birth at gestational age less than 35
weeks.
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Our findings fail to prove any significant
relationship between maternal age and low
birth weight. Conversely, previous
evidences showed maternal (1, 12),
especially less than 19 years old (17), is a
risk factor for neonatal low birth weight. It
has been shown that women younger than
20 years old are more prone to have an
infant with low birth weight(18). This
phenomenon could be explained due to the
fact that women under 20 are still growing
and the mother herself needs to receive
higher amount of energy. On the other
hand, women older than 35 years old are
physical constrained which can affect
weight of their baby (3).
This study revealed no gender differences
in terms of having a low birth weight.
Evidences pertaining to this findings are
inconclusive since some are in favor of no
gender differences (8, 19, 20)while, the
others(7, 21, 22)showed that female infants
are 2.5 times (4) or 1.4 times (23)more
vulnerable to low birth weight compared to
their counterparts. Nevertheless, the World
Health Organization (WHO) reported
female gender is more prone to suffer from
underweight.
The limitation in this study was that we
only had access to data from public
hospitals and no information was available
from private sector.
Conclusion
The current study used different data
mining algorithms to predict infants having
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a LBW. Several algorithms that used in this
study (including logistic regression, simple
Bayes, random forest, decision tree,
random tree, decision table, and J-48)
indicated that the obtained results are
accurate and reliable. The area under curve
(AUC) confirmed that random forest
algorithm was the best approach in
predicting low birth weight. The area under
curve
provides
a
comprehensive
assessment about precision of the screening
range of threshold values for decision
making. This technique is used to compare
the performance of prediction models.
Higher area under the ROC curve shows
higher accuracy in the prediction model.
According to the results of this study, the
necessity of designing and implementing a
systematic and accurate program to reduce
LBW is essential. Several approaches could
be taken to reduce LBW including
individual and group education through
mass media, repeated monitoring of
pregnant mothers, activation of the referral
system and pursuit of a family health care
technician.
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