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Abstract

The rising incidence of type 1 diabetes (T1D) among children is an increasing concern
globally. A reliable estimate of the age at onset of T1D in children would facilitate interven-
tion plans for medical practitioners to reduce the problems with delayed diagnosis of T1D.
This paper has utilised Multiple Linear Regression (MLR), Artificial Neural Network (ANN)
and Random Forest (RF) to model and predict the age at onset of T1D in children in Saudi
Arabia (S.A.) which is ranked as the 7th for the highest number of T1D and 5th in the world
for the incidence rate of T1D. De-identified data between (2010-2020) from three cities

in S.A. were used to model and predict the age at onset of T1D. The best subset model
selection criteria, coefficient of determination, and diagnostic tests were deployed to select
the most significant variables. The efficacy of models for predicting the age at onset was
assessed using multi-prediction accuracy measures. The average age at onset of T1D is
6.2 years and the most common age group for onset is (5-9) years. Most of the children in
the sample (68%) are from urban areas of S.A., 75% were delivered after a full term preg-
nancy length and 31% were delivered through a cesarean section. The models of best fit
were the MLR and RF models with R? = (0.85 and 0.95), the root mean square error =
(0.25 and 0.15) and mean absolute error = (0.19 and 0.11) respectively for logarithm of
age at onset. This study for the first time has utilised MLR, ANN and RF models to predict
the age at onset of T1D in children in S.A. These models can effectively aid health care
providers to monitor and create intervention strategies to reduce the impact of T1D in chil-
drenin S.A.
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Introduction

Type 1 diabetes (T1D) is a metabolic disorder generally recognised as a result of an autoim-
mune response that affects insulin-producing J cells in the pancreas, which results in extreme
insulin deficiencies and associated hyperglycemia [1]. Poor glycemic control as a result of T1D
complications can result in diabetic ketoacidosis which may result in significant neurological
complications, hospitalization and death [2, 3]. T1D can cause long-term complications like
blindness from retinopathy [3] and can also cause kidney failure [4]. In addition, chronic dis-
eases such as diabetes can disturb physiology, impacting linear growth and pubertal develop-
ment [5]. T1D can cause severe dermatological complications [6]. The incidence rate of T1D
worldwide increases by about 3% to 4% per year [7]. Recently, the International Diabetes Fed-
eration (IDF) Atlas’ 9th edition (2019), estimated that the number of children and adolescents
under the age of 15 years worldwide who are living with T1D was 600,900 [8]. Moreover, it

is estimated that more than 98,000 children and adolescents under the age of 15 years are
diagnosed with T1D annually, and that number increases to 128,900 when the age range is
extended to 20 years [8]. According to the IDF (2019), Saudi Arabia has a high incidence rate
of new cases of T1D in children and adolescents (<15 years of age) at 31.4 cases/100,000 chil-
dren each year, which places it as the 5th highest worldwide [8]. The 9th IDF editions reported
the number of new cases of T1D among children under 15 years to be 2,800 [8].

This highlights the urgent need for an improved understanding of the development of T1D
in Saudi Arabian children to facilitate improved monitoring to reduce the complications of
delayed diagnosis. In addition, this may assist the practicality of early intervention trials, to
increase the chance of disease mitigation prior to the onset of dysglycemia to retain a greater
number of functional islet cells.

Literature survey

The onset of T1D is affected by multiple genetic and environmental risk factors [9-12]. The
roles of the environment and genetics on the development of T1D have been recognised for
more than 40 years [13], however, determining the environmental and perinatal risk factors of
T1D is ongoing [10, 11, 14]. Risk factors shown to be associated with T1D onset include child-
hood infections, diet, family history of diabetes [10, 11, 15] and perinatal factors [16] while the
relative contribution of each factor has not been clearly determined [10]. Published studies
related to modelling age at onset of T1D were reviewed and the issues in the context of the pro-
posed paper are summarised in S2 Table. It has been reported that preterm (<37 weeks) [17],
and birth weight [17, 18] were associated with earlier onset of T1D in children, however, were
not significant risk factors for developing T1D [19]. Early T1D onset in children was related to
family history of T1D [20, 21], in siblings [22], or in parents [19], but maternal diabetes was
significantly associated with an older age of onset [22]. Maternal age of 25-29 years, or the
father’s age of > 30 years were both identified as risk factors of early T1D in children in [19]
whereas they were not found to be significant risk factors where paternal age greater than 25
years was considered by [20] nor with maternal age at delivery (>35 years) [19]. A study con-
ducted in the UK [23], reported that in consanguineous pedigrees, Wolcott-Rallison syndrome
is the most common cause of chronic neonatal diabetes. Also, children who were younger at
the time of diagnosis tended to be heavier [24-26], and taller [24, 26]. Other risk factors such
as season of birth, year of birth, gestational age size [17], mixed feeding, children’s prior history
of infections [21], cesarean section, gestational diabetes, pre-eclampsia [19] and maternal
weight at childbirth [27] were linked to early onset of T1D in children. Gender, ethnicity, and
a history of autoimmune disease in the family [17, 21], higher birth order, multiple bacterial
infections, and residing in high population density areas were not associated with early onset
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of T1D [19]. In addition, studies from Saudi Arabia that have examined factors contributing to
T1D in children have indicated that the incidence of childhood T1D may be associated with
vitamin D deficiency [28, 29]. Therefore, the possibility to prevent, delay or reduce complica-
tions of T1D diabetes in children is an important area of research [3, 30, 31]. In the preventa-
tive studies [32, 33], it was shown that elimination of cow’s milk proteins in infant formula (in
the Finish TRIGR pilot research [32]) or the elimination of bovine insulin in infant formula
(in the FINDIA study [33]) both reduced the production of islet autoantibodies. However, the
existing T1D research such as those conducted in Sweden and Finland [34, 35] do not repre-
sent the ethnicity and diversity of the Saudi Arabia population. This study aims to fill the gap
by developing predictive models to estimate the age at onset of TID using data from Saudi
Arabia.

Further studies have investigated methods for prediction of age at onset of T1D. The early
exposure to respiratory infections was shown to have a higher risk for autoantibody serocon-
version in children with a family history of T1D [36]. This was identified through on going
monitoring islet autoantibodies during their first 3 years of life [36]. Longitudinal autoanti-
body measurements have also been used as a risk predictor in families that have a first-degree
relative with T1D [37], in the general populations [38] or in individuals identified as being at
risk [37, 39, 40]. Also, genetic factors and genetic risk scores were used to identify the presence
of islet autoantibodies in children with high-risk HLA genotypes [41-44]. Examining meta-
bolic changes indicates that post-challenge C-peptide levels start to drop significantly six
months before diagnosis [45]. A combined risk score model including clinical, genetic, and
immunological characteristics created for high-risk children (who were followed from birth
until 9 years) showed a significantly improved T1D prediction compared to autoantibodies
alone [46]. However, beyond the above research there is a lack of application of machine learn-
ing methods for developing models of age at onset of T1D. This is despite many studies utilis-
ing various methods of machine learning for type 2 diabetes [47-49]. Hence, the proposed
work differs from previous research in that it models the age at onset of T1D in children by
using statistical and machine learning models to identify the risk factors and create a predictive
model.

Motivation and the objective of the proposed research

Saudi Arabia has an increasing incidence rate of T1D in children and it is ranked as the 7th for
the highest number of T1D and 5th in the world for the incidence rate of T1D. Despite the
remarkable increase in the incidence of childhood T1D in Saudi Arabia, there is a lack of
meticulously carried out research on T1D in children in Saudi Arabia compared with devel-
oped countries [50, 51]. In addition, most of the published research of TID in children in
Saudi Arabia are cross-sectional with small sample sizes and involve a single center and a sin-
gle city/region of the country [50]. Consequently, prior studies do not accurately represent the
country’s large and diverse population. Hence, it is important to carry out research on model-
ing the age at onset of T1D, with the aim to reduce the problems with delayed diagnosis of
T1D in Saudi Arabia. This will both support the improvement of the health of the nation and
add to the current research of T1D in diverse populations, while recognising the lack of T1D
studies for Saudi Arabia children. The existing T1D research conducted in Saudi Arabia have
examined the different aspects of T1D in children but not have modelled the age at onset of
T1D in children. This study aims to fill the gap by utilising a secondary data source, curated
specifically for this study to develop the most suitable predictive model for predicting age at
onset of T1D in children. As to the best of our knowledge, no previous studies have modelled
the age at onset of T1D in children in Saudi Arabia and identified the risk factors. In addition,
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there is no study in the literature comparing the following chosen methods of multiple linear
regression (MLR), artificial neural network (ANN) and Random Forest (RF) for the age at
onset of T1D in children <15 years old using local data.

The results of this study indicate that MLR and RF models outperform the ANN model for
age group of <15. However, the RF model performs better than MLR and ANN models for the
most common age group (5-9) based on coefficient of determination R?, root-mean-square
error (RMSE) and mean absolute error (MAE).

Data and methods

This section outlines the data collection, the development and evaluation of the prediction
models using multiple linear regression (MLR), artificial neural network (ANN) and Random
Forest (RF) methodologies.

Data collection

De-identified data for 359 individuals were collected using medical files from three diabetes
clinics, located in three major cities of Saudi Arabia. Ethical approval was obtained from the
RMIT University Human Research Ethics committee in Australia and the Research Ethics
Committee of the Ministry of Health in Saudi Arabia. The need for informed consent was
waived by the ethics committee as this was a retrospective study of medical records. All data
were fully anonymized before analysis. An overview of the demographic breakdown of the
data are given in (Fig 1). Additional demographic data was collected based on gender, resi-
dency, consanguineous parents, birth weight, birth year, and birth order, pregnancy factors
such as gestational age in weeks and mode of delivery (normal delivery/caesarean section),
clinical history such as family history of diabetes, child’s weight and height and maternal char-
acteristics such as maternal age at child’s birth. Pregnancy length was grouped based on the
gestational weeks used by the World Health Organisation (WHO) and American College of
Obstetricians and Gynaecologists Committee on Obstetric Practice Society for Maternal-Foe-
tal Medicine [52, 53], <36 (preterm), 37-38 (early term), 39-40 (full term), 41 (late term) and
>42 (post term).

Total number of children with
T1D during 2010-2020

(n=359)
A A A
Al-Ahsa Jeddah Riyadh
(n=99) (n=159) (n=101)

!—l—\ !—‘—\

Female Male Female Male Female Male
(n=64) (n=35) (n=89) (n=70) (n=57) (n=44)

(0-4) (5-9) (10-14)
(n=44) (n=46) (n=11)

|

i

(0-4) (5-9) (10-14) (0-8) (5-9)
(n=36) | | (n=47) | | (n=16) (n=46) | | (n=77)

(10-14)
(n=36)

Fig 1. Demographic summary of the cohort of children with T1D collected from three diabetes clinics located in
three major cities in Saudi Arabia with diagnosis between 2010 and 2020.

https://doi.org/10.1371/journal.pone.0264118.9001
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Model development

This study compares the full cohort in addition to a focused study on the common age group
for T1D diagnosis of (5-9) years to model the age at onset of T1D.

As previously shown in the literature [17-26], the child’s gender, having a family history of
T1D, pregnancy length, birth year, birth weight, residency, mode of birth delivery, consan-
guineous parents, maternal age at birth, birth order, elevated weight at diagnosis and height at
diagnosis could influence the age at onset of T1D and were included in the analysis. The effi-
cacy of models were assessed using coefficient of determination R?, root-mean-square error
(RMSE) and mean absolute error (MAE).

MLR, ANN and RF models have been used in many studies to describe different systems
[54-61], and hence were chosen to model the age at onset of T1D in this cohort. The statistical
software R was used to perform the analysis [62].

Multiple linear regression (MLR). MLR [63] is used in this study as a prediction tech-
nique to model age at onset of T1D based on the independent variables suggested from the lit-
erature and additional variables collected in this study. The general MLR model is defined by
the following equation:

y =By + Bixy 4+ Boxy - Prx + &, (1)
where y is the dependent variable (age at onset), f, is the intercept, f, - - -, Bx are the regression
coefficients for the independent variables or interaction terms, x;, - - -, X are independent vari-

ables and ¢ is the residual term of the model.

Artificial Neural Network (ANN). Advances in machine learning in the medical area
have recently provided new opportunities in the field of disease prediction and prescription
treatment [64]. ANN is a branch of the wider field of machine learning. It is one of the well
known prediction approaches used for finding a solution when other statistical methods can
not be effectively utilized. The benefits of this method, including the ability to learn from
instances, fault tolerance and non-linear data forecasting, make it a suitable statistical method
[65]. One of the major benefits of ANN is its ability to distinguish hidden linear and nonlinear
relationships, often in high-dimensional and complex data sets [66]. ANN consists of input,
hidden and output layers known as neurons [67] (Fig 2). The number of input layer neurons

output layer

input layer

hidden layer 1 hidden layer 2

Fig 2. Artificial neural network with 3 inputs and two hidden layers having four hidden neurons and one output.

https://doi.org/10.1371/journal.pone.0264118.9002
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represents the number of variables which describe the features being evaluated, whereas the
output layer neuron is the dependant variable. The number of hidden layers and the number
of neurons depend on the quantity of data and the complexity of the relationship between the
input and output layers. Every neuron in the hidden and output layer are linked by a corre-
sponding numerical weight to all neurons in the proceeding layer [68].

Random Forest (RF). Decision trees have become a very common machine learning
tool in recent years due to its simplicity, ease of use and interpretability [69]. Various studies
have been performed to address the limitations of conventional decision trees such as lack of
robustness and suboptimal performance [70]. The development of an ensemble of trees fol-
lowed by a vote of the most common class, is one of the most useful techniques that resulted
from these studies [71]. Random forest (RF) is an ensemble learning approach and the out-
put of a number of weak learners which may be a single decision tree is improved through a
voting scheme similar to other ensemble learning methods [54]. Since RF has a built-in fea-
ture selection method, it can handle a large number of input variables without the need to
minimize dimensionality and the overfitting can be controlled by using out-of-bag validation
[72].

Results

Descriptive statistical analyses of cohort of T1D in Saudi Arabia

The trend of the reported cases of children with T1D between 2010 and 2020 is shown in (Fig
3). It can be seen that there has been an upward trend in the number of reported cases in these
centres during this period. As shown in Table 1, the mean age at onset of T1D in this cohort
was 6.2 years with standard deviation of 3.28. For males (n = 149), the mean age at onset was
6.1 years with standard deviation of 3.18 while for females (n = 210) the average is 6.3 years
with standard deviation of 3.35. The median and mode for the full cohort were 6 and 8.1 years,
respectively. The maximum age of diagnosis was 13.9 years while an age of 1 month was the
minimum age (Table 1). Females scored only slightly less than the males on the average

age at onset of T1D, but the difference was not large enough to be statistically significant
(t=10.56909, p = .569) (Table 2). In addition, there is a significant interaction between gender
and cities that shows a difference for males in Riyadh compared to males in Jeddah (Table 3).

80

70

Frequency
N w D w [«2)
o o o o o

=
o

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Fig 3. Cases of childhood T1D between 2010 and 2020 in the three diabetes centers of Saudi Arabia used in this
study.

https://doi.org/10.1371/journal.pone.0264118.9003
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Table 1. Descriptive statistics for age at onset of T1D.

All Female Male
N 359 210 149
Mean 6.2 6.3 6.1
Std.Deviation 3.29 3.35 3.13
Median 6.1 6.0 6.1
Mode 6.1,8.1 8.1 7.0
Maximum 13.9 13.9 13.9
Minimum 0.1 0.11 0.1
https://doi.org/10.1371/journal.pone.0264118.t001
Table 2. T-test results comparing age at onset of T1D between males and females.
Gender Level N Mean CI t df p-value
Male 149 6.1 (-0.487211, 0.883844) 0.56909 328.81 0.569
Female 210 6.3
https://doi.org/10.1371/journal.pone.0264118.t002
Table 3. ANOVA results comparing age of onset of T1D between gender and cities.
Mean Difference CI P-value
Gender Male-Female -0.198316 (-0.889906, 0.493273) 0.573
Cities Jeddah-Al-Ahsa 0.509462 (-0.473089, 1.492014) 0.441
Riyadh-Al-Ahsa -0.516384 (-1.601806, 0.569037) 0.502
Riyadh-Jeddah -1.025847 (-2.002385, -0.049308) 0.033*
Gender:City Male:Riyadh-Male:Jeddah -2.019123 (-3.818642, -0.219603) 0.017*

https://doi.org/10.1371/journal.pone.0264118.t1003

The full ANOVA Results of the interaction between gender and cities is provided in S2 Table.
Also, as shown in (Fig 4), the distribution of the age at onset of T1D was not normal (Shapiro-
Wilk test, p-value<0.001, Kurtosis = -0.808). The mean height of this group was (1.20 + 0.20)
metres, the mean weight was (22.6 + 11.02) kg and the mean birth weight was (2.90 + 0.64) kg.
The range of birth year for this cohort is from (2003 to 2020). The median birth year was 2010.
The number of females in this sample is higher than males with 210 females compared to 149
males. In addition, (Fig 5) illustrates that the females have higher incidence of T1D than males
over this period. We can also see an approximately even distribution across sites with 28% of

Histogram of Age

40

Frequency
20
L

] ]

r T T T T T T 1
0 2 4 6 8 10 12 14

Age

Fig 4. Distribution of age at onset of cohort collected from three cities in Saudi Arabia: Al-Ahsa, Jeddah and
Riyadh (2010-2020).

https://doi.org/10.1371/journal.pone.0264118.g004
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Fig 5. Trend of cases by gender of 359 data during the period 2010 and 2020.
https://doi.org/10.1371/journal.pone.0264118.g005

the cases from Al-Ahsa, 44% from Jeddah and 28% from Riyadh. The majority of the sample
(68%) are from urban areas of Saudi Arabia.

Almost half of the cases (47%) have parents that are consanguineous and 49% of all cases
have a family history of diabetes. The majority (75%) were delivered after a full term pregnancy
length and 31% were delivered through a caesarean section. 32% of cases were the firstborn
child. 57% of cases at birth were to mothers aged between 25 and 35 years old.

Across the three cities the distribution of age and gender is also different (Fig 6). In Al-Ahsa
and Riyadh, the majority of patients are females in all age groups whereas in Jeddah, the num-
ber of males were higher than females in the age group 5-9 years. The figure also shows that
the most common age group of children for onset of T1D in the three cities is 5-9 years.

Multiple linear regression modeling (MLR)

We have developed MLR models based on the dependent variable age at onset (y) and also
investigated transformations of the dependent variable; the square root of y and the logarithm

45
40
35
30
25

20
: I I I I
: I i ¥

Al-Ahsa Jeddah Riyadh Al-Ahsa Jeddah Riyadh Al-Ahsa Jeddah Riyadh

Frequency

[y
v O

0-4 Years 5-9 Years 10-14 Years

Female ® Male

Fig 6. Distribution of gender and age at onset of T1D by cities.
https://doi.org/10.1371/journal.pone.0264118.g006
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Table 4. Independent and interaction variables in selected MLR models.

MLR Variables
models
(a) M1y birth weight, birth year, birth order, city, C.P., height, P.L., residency, weight, P.L.:residency, birth

year:height, birth order:residency, C.P.:height, birth weight:C.P., height:weight, birth weight:height,
birth weight:weight, birth weight:birth year, residency:weight, C.P.:residency, C.P.:weight, birth

weight:height:weight.
(b) M2:sqrt || birth weight, birth year, birth order, city, C.P., B.D.M, height, M.Age, P.L., residency, weight, P.L.:
(y) residency, birth order:city, height:weight, birth weight:height, height:M.Age, birth weight:C.P., C.P.:

height, city:weight, B.D.M.:M.Age, birth weight:residency, birth order:B.D.M., B.D.M:residency,
birth year:B.D.M.

(c) M3:log birth weight, birth year, birth order, city, C.P., F.H., height, M.Age, P.L., residency, weight, height:

(y) weight, birth order:city, P.L.:residency, birth weight:height, birth weight:weight, height:M.Age, C.P.:
height, birth weight:C.P., birth year:city, city:F.H., birth weight:height:weight.

C.P.:Consanguineous Parents, F.H.: Having a family history of T1D, P.L.: pregnancy length, B.D.M.: Birth delivery

mode, M.Age: Maternal age at child’s birth, (:): interactions between variables.

https://doi.org/10.1371/journal.pone.0264118.t1004

of y. To improve the efficacy of the MLR models, interactions between independent variables
were considered. The MLR models with interactions were selected based on the step-wise
selection criteria of the smallest Akaike’s Information Criteria (AIC). Table 4 illustrates the
variables in each MLR model. Table 5 shows the results of MLR models together with their
corresponding R?, Adjusted R*>, RMSE and MAE. In Table 5, the best model was MLR model
(6), which contains independent variables in addition to interactions between variables shown
in Table 10. Comparison of the MLR models in Table 5 shows that the transformation of the
dependent variable decreases the values of RMSE and MAE.

(Fig 7) shows the observed values versus fitted values for the MLR models. The plot shows
that the MLR model (6) of the logarithm of age at onset of T1D with interactions between vari-
ables (c2) was the best model based on the value of R?, adjusted R? and the smallest values of
RMSE and MAE.

To further improve the MLR models and address potentially influencing outliers, the cases
that had age at onset of T1D less than one year were removed from further analysis. The results
in Table 6 and (Fig 8), indicated that the best model was still M6 the logarithm of age at onset
of T1D which achieves R? of 0.85 and the smallest values of RMSE and MAE (0.25 and 0.19).

(Fig 8) shows the observed values versus fitted values for the MLR models without and with
interactions after removing outliers.

Artificial Neural Network modeling (ANN)

Data were randomly divided into two subsets of 80% for training to build the ANN models
and 20% to use as a testing set to assess the validity of the ANN. For ANN, there is no general

Table 5. MLR models of age at onset of T1D.

Models without interactions R Adj R® RMSE MAE
Ml:m(y, x’s) 0.80 0.79 1.45 1.13
M2:1Im(sqrt(y), X’s) 0.80 0.80 0.32 0.25
M3:Im(log(y), X’s) 0.70 0.68 0.40 0.27
Models with interactions R? Adj R RMSE MAE
M4:m(y, X’s) 0.86 0.84 1.25 0.97
Mb5:Im(sqrt(y), x’s) 0.85 0.83 0.27 0.21
Mé6:Im(log(y), x’s) 0.89 0.86 0.24 0.18

https://doi.org/10.1371/journal.pone.0264118.t005
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Fig 7. MLR models. (al) M1:y without interactions and (a2) M4:y with interactions, (b1) M2:sqrt(y) without interactions and (b2) M5:sqrt(y) with
interactions and (c1) M3:log(y) without interactions and (c2) M6:log(y)with interactions.

https://doi.org/10.1371/journal.pone.0264118.9007

rule for determining the number of neurons in the hidden layers [73]. The number of hidden
layer neurons varies from problem to problem and it depends on the number and quality of
training patterns [74]. The chosen model has an input layer with 13 inputs, the two hidden lay-
ers have 13 neurons and the output layer has one output. All independent variables (X’s) were
used as input data for the ANN. To assess the effect of the hidden layers on neural network
output, the number of neurons in a hidden layer was varied. Higher number of neurons did
not make a significant difference in the performance of the ANN models, so 13 neurons have
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Table 6. MLR models of age at onset of T1D after removing outliers (N = 354).

Models without interactions R? Adj R? RMSE MAE
MI:m(y, Xs) 0.80 0.79 1.45 1.13
M2:Im(sqrt(y), Xs) 0.80 0.79 0.30 0.24
M3:Im(log(y), x’s) 0.77 0.76 0.29 0.23
Models with interactions R? Adj R? RMSE MAE
M4:m(y, Xs) 0.83 0.82 1.32 1.02
M5:Im(sqrt(y), X’s) 0.85 0.83 0.26 0.20
Mé6:Im(log(y), X’s) 0.85 0.83 0.25 0.19

https://doi.org/10.1371/journal.pone.0264118.t006

been chosen to reduce the complexity of network (Fig 9). Table 7 shows the results of ANN
models.

Comparing the results for the testing data, the ANN models for age at onset, square root of
age at onset and logarithm of age at onset have R?0f0.77,0.72 and 0.73, RMSE of (2.53, 0.59
and 0.52) and MAE (2.06, 0.51 and 0.44) respectively as shown in Table 7. Therefore, based on
R?, the ANN model A1 of age at onset of T1D outperformed the other ANN models.

(Fig 10) shows the plots of observed values versus predicted values of the ANN models for
the training and testing data.

Random Forest modeling (RF)

Data were randomly divided into two subsets consisting of 80% for training to build the RF
models and 20% to use as a testing set to assess the validity of models. In the RF models, the
number of trees was set at 500 and the number of variables in each node was set at 4. The
results of RF models are shown in Table 8. The RF models for age at onset, square root of age
at onset and logarithm of age at onset all have R*=0.95 for the training data while the testing
data had R* of (0.87, 0.89 and 0.89) respectively. As the square root of age at onset and loga-
rithm of age at onset models both have the higher R* of 0.89, the logarithm of age at onset was
therefore chosen as the best RF model (RF3) based on the smaller RMSE and MAE.

(Fig 11) shows the plots of observed values versus predicted values of the RF models for the
training and testing data.

Model validation

Validation of the best model of each MLR, ANN and RF was conducted based on their corre-
sponding, R>, RMSE and MAE when applied to the test data set. The results are summarized
in Table 9 and clearly show that MLR and RF outperform the ANN model with R* = 0.88 and
0.89, RMSE = (0.22 and 0.21) and MAE = (0.18 and 0.17) respectively. In addition, the selected
MLR and RF models both show a high accuracy of 0.99.

Age at onset of T1D, considering environmental factors and family
history of diabetes

To assess the impact of environmental factors on the age at onset of T1D the selected MLR,
ANN and RF models (M6, A1 and RF3) were utilized.

Risk factors of age at onset of T1D based on MLR

The analysis of the variables that influence the age at onset of T1D based on the best MLR
model with their corresponding P-value and 95% confidence interval is provided for the full
model in Table 10 (non significant interaction variables were excluded for brevity).
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Fig 8. MLR models after removing outliers. (al) M1:y without interactions and (a2) M4:y with interactions, (b1) M2:sqrt(y) without interactions and
(b2) M5:sqrt(y) with interactions and (c1) M3:log(y) without interactions and (c2) M6:log(y)with interactions.

https://doi.org/10.1371/journal.pone.0264118.9008

Selection of the significant variables based on ANN models

Olden’s algorithm [75] uses the product of raw link weights between the input and the output
neuron, and sums the product over all the hidden neurons. A benefit of this method is that the
relative contributions of each connection weight in terms of magnitude and sign are retained.
This algorithm was used for the ANN model to investigate the relative importance of each
variable and is shown in (Fig 12). The figure reveals that some variables have a positive, and
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Fig 9. ANN diagram. The weights between neurons is represented by the lines, the black lines show positive
relationships and grey lines show negative relationships. Line thickness represents weights’ values.

https://doi.org/10.1371/journal.pone.0264118.9g009

Table 7. ANN models of age at onset of T1D.

Models

Al:y
A2:sqrt(y)
A3:log(y)

Training data Testing data
R? RMSE MAE R? RMSE MAE
0.70 2.25 1.84 0.77 2.53 2.06
0.64 0.55 0.48 0.72 0.59 0.51
0.67 0.50 0.43 0.73 0.52 0.44

https://doi.org/10.1371/journal.pone.0264118.t007
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Fig 10. Plots of testing data of ANN models after removing outliers. (al,a2) y: age at onset, (b1,b2) y: the square root of age at onset, (c1,c2) y: the
logarithm of age at onset.

https://doi.org/10.1371/journal.pone.0264118.9010
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Table 8. Random forest models of age at onset of T1D.

Models Training data Testing data

R’ RMSE MAE R’ RMSE MAE
RF1:y 0.95 0.75 0.57 0.87 1.26 0.94
RF2:sqrt(y) 0.95 0.16 0.12 0.89 0.24 0.19
RF3:log(y) 0.95 0.15 0.11 0.89 0.21 0.17

https://doi.org/10.1371/journal.pone.0264118.t008
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Fig 11. Plots of training and testing data of RF models after removing outliers. (al,a2) y: age at onset, (b1,b2) y: the square root of age at onset, (cl,
c2) y: the logarithm of age at onset.

https://doi.org/10.1371/journal.pone.0264118.g011
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Table 9. Comparison between MLR,ANN and RF models of age at onset of T1D with test data N = 61.

Models R’ RMSE MAE Accuracy
Mé:(log(y), X’s) 0.88 0.22 0.18 0.99
Al:(y, X’s) 0.77 2.53 2.06 0.92
RF3:(log(y), X’s) 0.89 0.21 0.17 0.99

https://doi.org/10.1371/journal.pone.0264118.t009

some have a negative, relationship with the age at onset of T1D. The results suggest that birth
delivery mode has the strongest positive relationship and consanguineous parents has the
strongest negative relationship. Similarly, variables that have relative importance close to zero,
such as having a family history of T1D does not have any substantial importance for the
response variable age at onset.

Table 10. Variables of the MLR model.

Variables B CI P-value
Intercept 0.000000 (-0.146981, 0.146981) 0.000***
Birth weight -0.091424 (-0.138910, -0.043938) 0.020"
Birth year -0.286026 (-0.349947, -0.222104) 0.000**
Birth order:1st -0.037343 (-0.187205, 0.112517) 0.522
Birth order:2nd 0.034732 (-0.145992, 0.215457) 0.553
Birth order:3rd 0.066655 (-0.088805, 0.222116) 0.203
City(Jeddah) 0.137425 (-0.009907, 0.284757) 0.025*
City(Riyadh) -0.103959 (-0.271858, 0.063939) 0.102
C.P.(Yes) 0.040029 (-0.018338, 0.098397) 0.101
F.H.(Yes) -0.055112 (-0.172698, 0.062473) 0.262
Height 0.802640 (0.706539, 0.898741) 0.000"**
(25< M.Age <35) 0.035527 (-0.045286, 0.116341) 0.290
M.Age <45 0.047127 (-0.053005, 0.147260) 0.185
Pregnancy length (Moderately term) -0.035037 (-0.176260, 0.106185) 0.432
Pregnancy length (Preterm) 0.165481 (-0.159198, 0.490162) 0.013*
Residency(Urban) -0.042713 (-0.124909, 0.039483) 0.180
Weight 0.260196 (0.1882976, 0.332094) 0.000"**
Height:Weight -0.247623 (-0.281387, -0.213859) 0.000"**
Birth order:3rd:City(Jeddah) -0.109726 (-0.306868, 0.087414) 0.019*
birth weight:height 0.193901 (0.145237, 0.242564) 0.000%**
birth weight:weight -0.156067 (-0.211721, -0.100412) 0.001**
Pregnancy Length (Preterm):Residency(Urban) -0.162503 (-0.506012, 0.181006) 0.014
Height:(25< M.Age <35) -0.160606 (-0.237566, -0.083646) 0.001*
Birth weight:C.P.(Yes) -0.069193 (-0.130551, -0.007835) 0.064.
birth year:City(Jeddah) 0.107713 (0.031949, 0.183477) 0.014"
C.P.(Yes):height -0.067283 (-0.127698, -0.006868) 0.07.
Birth weight:Height:Weight 0.086841 (0.061864, 0.111818) 0.020"

***Significant at p-value <0.001,
**Significant at p-value <0.01,
*Significant at p-value <0.05,
‘Significant at p-value <0.1

https://doi.org/10.1371/journal.pone.0264118.t010
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a family history of T1D, B.D.M.: Birth delivery mode.

https://doi.org/10.1371/journal.pone.0264118.g013

Selection of the significant variables based on RF models

RF was used to identify the important variables that influence the age at onset of T1D (Fig 13).
The figure shows that the child’s weight and height at diagnosis, along with the birth year are
the most important variables for the response variable followed by birth weight.

Modeling age at onset of T1D for 5-9 years age group

It has previously been reported that the incidence rate of T1D cases in Saudi Arabia was higher
for the age group >5 years compared to the age group <5 years [76, 77]. A similar conclusion
was made in Italy [21]. This is also observed in our cohort as shown in Figs 1 and 6 where the
most common age for children with T1D is between 5 and 9 years. This section utilized MLR,
ANN, and RF to model age at onset for this specific age group. The sample size for this age
group is 170 children from three different cities of Saudi Arabia. The group has a mean of 6.9
years, standard deviation of 1.4 years, median of 6.9 and mode at 6.1 and 8.1 years. The mean
height of this group was (1.23 + 0.11) metres, the mean weight was (23.2 + 7.98) kg and the
mean birth weight was (2.96 + 0.68) kg. The median birth year in this group was 2010.

Table 11 shows the description of the data for this age group.

Multiple linear regression models for 5-9 years age group

MLR models of age at onset of childhood T1D has been developed for this age group. The
MLR modeling for the full cohort showed that interactions improved the performance of MLR
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Table 11. Descriptive statistics for age group of (5-9) years (47.4%).

Variable No. of cases(%)
City: Al-Ahsa 47(27.6)
Jeddah 77(45.3)
Riyadh 46(27.0)
Gender: Female 93(54.7)
Male 77(45.3)
Consanguineous parents (C.P.): Yes 80(47.1)
No 90(53.0)
Residency: Urban 117(68.8)
Rural 53(31.2)
Family history of type 1 diabetes (F.H.):Yes 74(43.5)
No 96(56.5)
Birth Delivery Mode(B.D.M.): Cesarean section(CS) 53(31.2)
Normal delivery 117(68.8)
Pregnancy Length (P.L.):Full Term 126(74.1)
Moderately Preterm 31(18.2)
Preterm 13(7.6)
Maternal age at child’s birth (M.Age): M.Age <25 31(18.2)
(25< M.Age <35) 95(55.9)
M.Age <45 44(25.9)
Birth order: 1st 55(32.4)
2nd 29(17.1)
3rd 38(22.3)
4th 48(28.2)

https://doi.org/10.1371/journal.pone.0264118.t011

models, and hence has been examined also in this section as shown in Table 12 with list of the
independent and interaction variables in each MLR model. Table 13 illustrates the results of
MLR models for this age group without and with interactions between variables. Based on R?,
adjusted R>, RMSE and MAE, the MLR model M12 using the logarithm of age at onset with
interactions between variables was the best model.

In Table 13, the MLR models without interactions have R* of (0.44) with RMSE (1.02, 0.19
and 0.15) and MAE (0.83, 0.16 and 0.12) for age at onset, square root and logarithm of age at

Table 12. Variables in selected MLR models in age group (5-9).

MLR models | Independent and Interaction Variables

(a) M 10:y birth Weight, birth year, city, C.P., B.D.M., gender, height, M.Age, P.L., residency, weight, B.D.M.:
M.Age, P.L.:residency height:weight, city:C.P., birth year:M.Age, birth weight:gender, P.L.:weight,
birth year:C.P., birth weight:city, gender:weight, gender:residency,birth weight:C.P., birth weight:

B.D.M.
(a) M 11:sqrt || birth Weight, birth year, city, C.P., B.D.M., gender, height, M.Age, P.L., weight, birth weight:B.D.
(y) M., birth year:M.Age, B.D.M.:M.Age, height:P.L,, city:C.P., birth year:C.P., birth weight:C.P., birth

weight:gender, gender:weight, birth weight:city, C.P.:B.D.M.

(a) M 12: log birth Weight, birth year, city, C.P., B.D.M., gender, height, M.Age, P.L., weight, height:weight, B.D.
(y) M.:M.Age, city:C.P., height:P.L., birth weight:B.D.M., birth year:M.Age, birth year:C.P., birth
weight:C.P., C.P.:B.D.M,, gender:weight, birth weight:gender, birth weight:city.

C.P.:Consanguineous Parents, P.L.: pregnancy length, B.D.M.: Birth delivery mode, M.Age: Maternal age at child’s
birth, (:): interactions between variables.

https://doi.org/10.1371/journal.pone.0264118.t1012
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Table 13. MLR models of age at onset of T1D of age group (5-9).

Models without interactions R? AdjR? RMSE MAE
M 7:m(y, X’s) 0.44 0.37 1.02 0.83
M 8:1m(sqrt(y), x’s) 0.44 0.37 0.19 0.16
M 9:Im(log(y), x’s) 0.44 0.37 0.15 0.12
Models with interactions R? AdjR? RMSE MAE
M 10:Im(y, X’s) 0.64 0.55 0.82 0.67
M 11:Im(sqrt(y), x’s) 0.63 0.55 0.16 0.13
M 12:Im(log(y), X’s) 0.64 0.56 0.12 0.10

https://doi.org/10.1371/journal.pone.0264118.1013

onset respectively. A small improvement in the MLR models was observed by adding interac-
tions. In the models with interactions, MLR models M10-M12, R* were (0.64, 0.63, and 0.64),
RMSE were (0.82, 0.16 and 0.12) and MAE were (0.67, 0.13 and 0.10) respectively.

(Fig 14) displays the plots of observed values versus fitted values for the MLR models with-
out and with interactions between variables for 5-9 years age group.

From Table 13, the best model of age at onset of T1D was the logarithm model with interac-
tions between variables (c2). However, the MLR for this age group has not performed as well
as the MLR for the full cohort.

Artificial neural network models for 5-9 years age group

ANN models were also utilized to model the age at onset of T1D in the age group (5-9). Data
in this age group were randomly divided into two subsets in a ratio of 80% for training to build
the ANN models and 20% to use as a testing set to validate the models. The input layer has 13
inputs, two hidden layers were used with 13 neurons and the output layer has one output as
with the full cohort. Table 14 shows the results of ANN models in the age group of 5-9 years.

The ANN models for age at onset of T1D have values of R?(0.16, 0.12 and 0.14) and RMSE
values of (2.19, 0.71 and 0.49) and MAE of (1.85, 0.67 and 0.45) respectively for models A4-A6.
The low values of R* of ANN models indicates a poor fit to the data for age at onset of T1D in
this age group.

(Fig 15) shows the results of the observed values versus predicted values for the ANN mod-
els of (5-9) age group.

Random Forest models for 5-9 years age group

RF models were also used to model the age at onset of T1D in this age group. Data divided
into two subsets in a ratio of 80% for training to build the RF models and 20% to use as a test-
ing set to validate the models. Table 15 shows the results of RF models in this age group.

In Table 15, the RF models for age at onset of T1D have values of R*(0.77,0.78 and 0.78)
and RMSE values of (0.59, 0.11 and 0.08) and MAE of (0.51, 0.09 and 0.07) respectively for
models RF4-RF6. Therefore, the best RF model RF6 was again using the logarithm of age at
onset. The RF models have the highest values of R* compared to MLR and ANN models in this
age group.

(Fig 16) shows the results of the observed values versus predicted values for the RF models
of (5-9) age group for both training and testing subgroups.

Validation of models for the 5-9 years age group

This section assesses the efficacy of the selected MLR, ANN and RF models. Data were divided
into two subsets of 80% for training and 20% for use as a testing set. The values of R*>, RMSE
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Fig 14. MLR models of age group (5-9). (al) M 7:y without interactions and (a2)M 10:y with interactions, (b1) M 8:sqrt(y) without interactions and
(b2) M 11:sqrt(y) with interactions and (c1) M 9:log(y) without interactions and (c2) M 12:log(y)with interactions.

https://doi.org/10.1371/journal.pone.0264118.9014

Table 14. ANN models of age at onset of T1D of age group (5-9).

Models Training data Testing data

R? RMSE MAE R RMSE MAE
Ad:y 0.23 2.07 1.72 0.16 2.19 1.85
A5:sqrt(y) 0.13 0.74 0.70 0.12 0.71 0.67
Aé6:log(y) 0.18 0.47 0.43 0.14 0.49 0.45

https://doi.org/10.1371/journal.pone.0264118.t014
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Fig 15. Plots of training and testing data of ANN models for the 5-9 years age group. (al,a2) y: age at onset, (b1,b2)
y: the square root of age at onset, (c1,c2) y: the logarithm of age at onset.

https://doi.org/10.1371/journal.pone.0264118.g015

and MAE were used to assess the efficacy of the models. The results presented in Table 16 indi-
cate that the RF model is the best fit for the data.

From Table 16, the RF model has a higher R* = 0.78 compared to MLR and ANN models.
Also, RMSE and MAE values for RF were 0.08 and 0.07 which are smaller than those of MLR
and ANN models. Both MLR and RF models have the highest accuracy of 0.99. These results
indicate that RF method outperforms MLR and ANN in describing the age at onset of T1D for
age between 5-9 years old by achieving lower RMSE and MAE with a higher R*.

Risk factors impacting the age at onset of T1D in (5-9) age group
based on MLR, ANN and RF models: Environmental factors and
family history of diabetes

Similar to the full cohort, we have used MLR, ANN and RF methods to assess the impact of
environmental factors on the age at onset of T1D for the (5-9) age group.

The analysis of the variables that influence the age at onset of T1D in this age group based
on the best MLR model together with their corresponding P-value and 95% confidence inter-
val is provided in Table 17 (non-significant interaction variables were excluded for brevity).

Olden’s algorithm is also used in this section to identify the relative importance of variables
in the age group (5-9) when utilizing the best performing ANN model (Fig 17). The figure
reveals that birth year and gender have the strongest positive and negative relationship respec-
tively with the response variable. Similarly, variables that have relative importance close to
zero, such as maternal age at child’s birth does not have any substantial importance for the
response variable.

Table 15. Random forest models of (5-9) age at onset of T1D.

Models

RZ
RF4: y 0.90
RF5:sqrt(y) 0.90
RF6:log(y) 0.90

https://doi.org/10.1371/journal.pone.0264118.t015

Training data Testing data
RMSE MAE R’ RMSE MAE
0.53 0.42 0.77 0.59 0.51
0.10 0.08 0.78 0.11 0.09
0.08 0.06 0.78 0.08 0.07
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Fig 16. Plots of training and testing data of RF models for the 5-9 years age group. (al,a2) y: age at onset, (b1,b2) y: the square root of age at onset,
(c1,¢2) y: the logarithm of age at onset.

https://doi.org/10.1371/journal.pone.0264118.9016

Table 16. Comparison between MLR, ANN ans RF models of age group(5-9).

Models R? RMSE MAE Accuracy
M 12:(log(y), X’s) 0.64 0.11 0.09 0.99
Adi(y, X’s) 0.16 2.19 1.85 0.76
RF6:(log(y), X’s) 0.78 0.08 0.07 0.99

https://doi.org/10.1371/journal.pone.0264118.1016
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Table 17. Variables of the MLR model of (5-9) age group.

Variables p CI P-value
Intercept 0.000000 (-0.082307, 0.082307) 0.000***
Birth weight 0.110212 (0.057909, 0.162515) 0.434
Birth year 0.167600 (0.098144, 0.237055) 0.256
City(Jeddah) -0.056171 (-0.130877, 0.018534) 0.551
City(Riyadh) -0.118340 (-0.198961, -0.037718) 0.194
C.P.(Yes) -0.340172 (-0.425942, -0.254402) 0.002**
B.D.M.(CS) -0.274467 (-0.412641, -0.136293) 0.092.
Gender(Male) -0.161451 (-0.208726, -0.114175) 0.007**
Height 0.477437 (0.410969, 0.543905) 0.000"**
(25< M.Age <35) -0.118504 (-0.185424, -0.051583) 0.161
M.Age(<45) -0.031857 (-0.111263, 0.0475478) 0.718
Pregnancy length (Moderately term) 0.020058 (-0.045571, 0.085689) 0.755
Pregnancy length (Preterm) 0.109521 (0.015196, 0.203846) 0.08.
Weight 0.521233 (0.453352, 0.589114) 0.000***
Height:Weight -0.238675 (-0.281045, -0.196304) 0.004*
B.D.M.(CS):(25< M.Age <35) 0.242348 (0.093814, 0.390882) 0.097.
Height:Pregnancy length (Preterm) -0.207138 (-0.322874, -0.091401) 0.003**
Birth Weight:.D.M.(CS) -0.164170 (-0.210277, -0.118063) 0.029"
Birth year:M.Age(<45) -0.238962 (-0.315280, -0.162643) 0.007**
City(Jeddah):C.P.(Yes) 0.377780 (0.272095, 0.483465) 0.000***
Birth year:C.P.(Yes) -0.246687 (-0.304930, -0.188444) 0.005**
Birth weight:C.P.(Yes) -0.172882 (-0.216202, -0.129561) 0.041*
Gender(Male):Weight -0.144286 (-0.206682, -0.081890) 0.057.
Birth weight:Gender(Male) 0.157184 (0.112516, 0.201851) 0.053.
Birth weight:City(Jeddah) -0.183440 (-0.234028, -0.132852) 0.042*

***Significant at p-value <0.001,
**Significant at p-value <0.0,
*Significant at p-value <0.05,
‘Significant at p-value <0.1

https://doi.org/10.1371/journal.pone.0264118.t017
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Fig 17. Relative importance of each variable using Olden’s algorithm in (5-9) age group.

https://doi.org/10.1371/journal.pone.0264118.9017
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Also, RF was used to identify the important variables in the age group (5-9) (Fig 18). The
figure indicates that weight and height at diagnosis are the most important variables for the
response variable followed by birth year and birth weight.

Discussion

De-identified data on 359 children with T1D collected from three cities, have been analysed
to obtain an insight into the distribution of the age at onset of T1D in Saudi Arabia. The anal-
ysis show that there is an overall upward trend in the incidence of T1D in children from
2010 to 2020 with a higher incidence in females. This was also reported for other populations
from the Middle East and North Africa (MENA) region [78, 79]. Analyses to identify the fac-
tors showing the strongest relationship to the age at onset compared models derived with
MLR, ANN and RF. Using the best subset model selection criteria, coefficient of determina-
tion, and diagnostic tests of residuals, the most significant independent variables were identi-
fied as: city, pregnancy length, consanguineous parents, birth weight, birth year, child’s
weight and height at diagnosis. The efficacy of models for predicting the age at onset was
assessed using multi-prediction accuracy measures, coefficient of determination (R), root
mean square error (RMSE) and mean absolute error (MAE). To improve the efficacy of the
MLR models, interactions between independent variables were considered. The MLR models
were selected based on the step-wise selection criteria of the smallest Akaike’s Information
Criteria (AIC).

Modeling age at onset of T1D

In all MLR, ANN and RF models, different transformations were considered for the age at
onset of T1D to find the best model for prediction. The study found the logarithm of age at
onset of T1D was the best choice for the dependent variable when using both the MLR and RF
methods. The analyses showed that MLR model M3 and RF model RF3 outperformed the
ANN model with a higher R*=10.88 and 0.89 and smaller RMSE = (0.22 and 0.21) and MAE =
(0.18 and 0.17) respectively.

The impact of environmental factors and family history of diabetes on the
age at onset of T1D
As shown in the analysis in this study, the results support previous findings that the age at

onset of T1D can be influenced by environmental factors [17, 21].The result of the MLR
model presented here agrees with previous studies conducted in Israel and Australia [17, 80].
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It is shown that the birth year (p-value = 0.001) [17] and preterm birth before 37 weeks [17,
80] can influence the age at onset of T1D. In our study, weight and height of child based on RF
and MLR results were founded to be associated with age at onset of T1D, in agreement with
[24, 25].

In this study, pre-term birth was identified as significant in the MLR model only, whereas
an Austrian study found that moderately preterm birth was significant for age at onset of T1D
[81]. The MLR model for this data did not show a significant contribution based on family his-
tory, in contrast with previous studies [20-22].

Modeling age at onset of T1D for the age group (5-9)

In this study, we have also focused on creating a model for the (5-9) age group because it was
the common age group for onset of T1D in the full data analysis (Fig 6) and as reported previ-
ously in the literature [21, 76, 77].

Similar to the full data, the best MLR was the model based on the logarithm of age at onset.
The interaction between the variables did not perform well on this subgroup. In the RF mod-
els, the logarithm of age at onset was also the best choice for the data. Comparison of the meth-
ods based on the values of the R>, RMSE and MAE achieved shows that RF outperforms the
MLR and ANN in describing age at onset of T1D in this cohort.

This study shows that consanguineous parents and gender can influence the age at onset of
T1D. Furthermore, it also indicates that birth weight, birth year, weight and height can influ-
ence the age at onset of T1D in (5-9) age group.

Utilisation of both traditional statistical multiple linear regression and machine learning
approaches should not be regarded as in conflict when the aim is prediction [82]. Although
MLR relies on strong assumptions, including the type of error distribution and the additivity
of the parameters [82], it has the advantage of being simple to understand the underlying bio-
logical relationship. Whereas the results of ANN and RF are often difficult to interpret [82,
83]. ANN and RF analysis provides feature importance, but does not provide complete visibil-
ity of the coefficients as linear regression does. However, they may help in understanding the
intricate relationships between inputs and determining their impact on the main outcome.
They have the flexibility and are free from a priori assumptions. RF has the advantage of a
built-in feature selection method, handling many input variables without the need to minimize
dimensionality and controls the overfitting by using out-of-bag validation. The other potential
disadvantage of machine learning methods revolves around computation complexity. The
ANN computation is complex and time-consuming, depending on the type of features used,
the number of nodes and layers of the neural network and the number of training data [84].
For large datasets, RF can be computationally intensive as it may require a large number of
trees [83]. However, computational time was not an issue in this research due to the fact that
the sample size of the data set was not large.

Conclusions

This study has utilised MLR, ANN and RF to model the age at onset of T1D. The results indi-
cate that the models developed for this data with MLR and RF outperform models using ANN
and the best choice for the dependent variable (age at on set) is the the logarithm of age at
onset. Results indicated that the selected MLR and RF models can predict the age at onset with
a high values of R?(0.88 and 0.89) and reasonably small values of RMSE (0.22 and 0.21) and
MAE (0.18 and 0.17) for age group of <15 years old. The results also show that the selected RF
model with a value of R* (0.78) and RMSE and MAE of (0.08 and 0.07) respectively outper-
forms the other models for age group of (5-9). The low performance for the ANN models is
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likely a result of the number of observations which subsequent may improve with a larger sam-
ple size. As the incidence rate of T1D in children in Saudi Arabia is increasing, it is important
for studies to capture the diversity and the culture of the population in Saudi Arabia which is
not currently found in the key studies of T1D in children which are from European popula-
tions. Hence this study, aimed to address the age at onset of T1D in children in Saudi Arabia
utilizing local data and current statistical techniques. The outcomes of this study can effectively
aid authorities to identify the risk factors influencing the age at onset of T1D in children to
take the appropriate intervention to reduce the impact of delayed T1D diagnosis and poten-
tially slow the incidence rate of T1D in children. This study highlights the need for a national
database to further evaluate and improve the model for predictions. To further address the
limitations of this study other risk variables, such as maternal weight at childbirth, which has
been suggested as a risk factor by Swedish research [27], should also be collected. This is of
importance given obesity among females in Saudi Arabia has increased over the past decade
[85]. Furthermore, including a larger number of cities in the research would improve both the
diversity and increase the sample size, which would consequently provide a more robust
model for prediction. In addition, a unified electronic health record between all hospitals in
the country will facilitate obtaining pregnancy variables and birth characteristics when a moth-
er’s pregnancy is followed up at hospitals other than the one where gives birth.

Supporting information

S1 Table. Summarise of the literature review.
(PDF)

S2 Table. ANOVA results comparing age of onset of T1D between gender and cities.
(PDF)

Author Contributions

Conceptualization: Ahood Alazwari, Mali Abdollahian, Laleh Tafakori, Alice Johnstone.
Data curation: Ahood Alazwari.

Formal analysis: Ahood Alazwari.

Investigation: Ahood Alazwari, Rahma A. Alshumrani, Manal T. Alhelal, Abdulhameed Y.
Alsaheel, Eman S. Almoosa, Aseel R. Alkhaldi.

Methodology: Ahood Alazwari, Mali Abdollahian, Laleh Tafakori, Alice Johnstone.
Project administration: Ahood Alazwari, Mali Abdollahian, Laleh Tafakori, Alice Johnstone.

Resources: Rahma A. Alshumrani, Manal T. Alhelal, Abdulhameed Y. Alsaheel, Eman S.
Almoosa, Aseel R. Alkhaldi.

Software: Ahood Alazwari.

Supervision: Mali Abdollahian, Laleh Tafakori, Alice Johnstone.

Validation: Ahood Alazwari.

Visualization: Ahood Alazwari.

Writing - original draft: Ahood Alazwari.

Writing - review & editing: Mali Abdollahian, Laleh Tafakori, Alice Johnstone.

PLOS ONE | https://doi.org/10.1371/journal.pone.0264118  February 28, 2022 25/30


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0264118.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0264118.s002
https://doi.org/10.1371/journal.pone.0264118

PLOS ONE

Predicting age at onset of T1D in children using regression, artificial neural network and Random Forest

References

1.

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

Xia'Y, Xie Z, Huang G, Zhou Z. Incidence and trend of type 1 diabetes and the underlying environmen-
tal determinants. Diabetes Metab Res Rev. 2019; 35(1):e€3075. https://doi.org/10.1002/dmrr.3075
PMID: 30207035

Laing SP, Swerdlow AJ, Slater SD, Botha JL, Burden AC, Waugh NR et al. The British Diabetic
Association Cohort Study, II: cause-specific mortality in patients with insulin-treated diabetes mellitus.
Diabetic Medicine. 1999; 16(6):466—71. https://doi.org/10.1046/j.1464-5491.1999.00075.x PMID:
10391393

Dayan CM, Besser RE, Oram RA, Hagopian W, Vatish M, Bendor-Samuel O et al. Preventing type 1
diabetes in childhood. Science. 2021; 373(6554):506—10. https://doi.org/10.1126/science.abi4742
PMID: 34326231

Carel JC, Levy-Marchal C. Renal complications of childhood type 1 diabetes. BMJ. 2008; 336
(7646):677-8. https://doi.org/10.1136/bm|.39517.508241.80 PMID: 18349043

Chowdhury S. Puberty and type 1 diabetes. Indian J Endocrinol Metab. 2015; 19(Suppl 1):S51-4.C
https://doi.org/10.4103/2230-8210.155402 PMID: 25941652

Lombardo F, Passanisi S, Tinti D, Messina MF, Salzano G, Rabbone I. High Frequency of Dermatologi-
cal Complications in Children and Adolescents with Type 1 Diabetes: A Web-Based Survey. J Diabetes
Sci Technol. 2021; 15(6):1377-81. https://doi.org/10.1177/1932296820947072 PMID: 32757778

Tuomilehto J. The emerging global epidemic of type 1 diabetes. Curr Diab Rep. 2013; 13(6):795-804.
https://doi.org/10.1007/s11892-013-0433-5 PMID: 24072479

International diabetes federation. International diabetes federation. IDF Diabetes Atlas, 9th edn. Brus-
sels, Belgium. 2019.

Robertson CC, Rich SS. Genetics of type 1 diabetes. Curr Opin Genet Dev. 2018; 50:7-16. https://doi.
org/10.1016/j.gde.2018.01.006 PMID: 29453110

Egro FM. Why is type 1 diabetes increasing?. J Mol Endocrinol. 2013; 51(1):R1-13. https://doi.org/10.
1530/JME-13-0067 PMID: 23733895

Butalia S, Kaplan GG, Khokhar B, Rabi DM. Environmental Risk Factors and Type 1 Diabetes: Past,
Present, and Future. Can J Diabetes. 2016; 40(6):586—93. https://doi.org/10.1016/j.jcjd.2016.05.002
PMID: 27545597

Grulich-Henn J, Klose D. Understanding childhood diabetes mellitus: new pathophysiological
aspects. J Inherit Metab Dis. 2018; 41(1):19-27. https://doi.org/10.1007/s10545-017-0120-9 PMID:
29247329

Wasserfall C, Nead K, Mathews C, Atkinson MA. The threshold hypothesis: solving the equation of nur-
ture vs nature in type 1 diabetes. Diabetologia. 2011; 54(9):2232—-6. https://doi.org/10.1007/s00125-
011-2244-z PMID: 21773685

Steck AK, Johnson K, Barriga KJ, Miao D, Yu L, Hutton JC et al. Age of islet autoantibody appearance
and mean levels of insulin, but not GAD or |A-2 autoantibodies, predict age of diagnosis of type 1 diabe-
tes: diabetes autoimmunity study in the young. Diabetes care. 2011; 34(6):1397-9. https://doi.org/10.
2337/dc10-2088 PMID: 21562325

Altobelli E, Chiarelli F, Valenti M, Verrotti A, Blasetti A, Di Orio F. Family history and risk of insulin-
dependent diabetes mellitus: a population-based case-control study. Acta diabetologica. 1998; 35
(1):57-60. https://doi.org/10.1007/s005920050102 PMID: 9625291

de Goffau MC, Fuentes S, van den Bogert B, Honkanen H, de Vos WM, Welling GW et al. Aberrant gut
microbiota composition at the onset of type 1 diabetes in young children. Diabetologia. 2014; 57
(8):1569-77. https://doi.org/10.1007/s00125-014-3274-0 PMID: 24930037

Adar A, Shalitin S, Eyal O, Loewenthal N, Pinhas-Hamiel O, Zuckerman Levin N et al. Birth during the
moderate weather seasons is associated with early onset of type 1 diabetes in the Mediterranean area.
Diabetes Metab Res Rev. 2020; 36(7):e3318. https://doi.org/10.1002/dmrr.3318 PMID: 32270907

Kuchlbauer V, Vogel M, Gausche R, Kapellen T, Rothe U, Vogel C et al. High birth weights but not
excessive weight gain prior to manifestation are related to earlier onset of diabetes in childhood:‘acce-
lerator hypothesis’ revisited. Pediatr Diabetes. 2014; 15(6):428-35. https://doi.org/10.1111/pedi.12107
PMID: 24350794

Lee HY, Lu CL, Chen HF, Su HF, Li CY. Perinatal and childhood risk factors for early-onset type 1 dia-
betes: a population-based case-control study in Taiwan. Eur J Public Health. 2015; 25(6):1024-9.
https://doi.org/10.1093/eurpub/ckv059 PMID: 25841034

Wadsworth EJ, Shield JP, Hunt LP, Baum JD. A case-control study of environmental factors associated
with diabetes in the under 5s. Diabet Med. 1997; 14(5):390-6. https://doi.org/10.1002/(SICI)1096-9136
(199705)14:5%3C390::AlID-DIA364%3E3.0.CO;2-E PMID: 9171256

PLOS ONE | https://doi.org/10.1371/journal.pone.0264118  February 28, 2022 26/30


https://doi.org/10.1002/dmrr.3075
http://www.ncbi.nlm.nih.gov/pubmed/30207035
https://doi.org/10.1046/j.1464-5491.1999.00075.x
http://www.ncbi.nlm.nih.gov/pubmed/10391393
https://doi.org/10.1126/science.abi4742
http://www.ncbi.nlm.nih.gov/pubmed/34326231
https://doi.org/10.1136/bmj.39517.508241.80
http://www.ncbi.nlm.nih.gov/pubmed/18349043
https://doi.org/10.4103/2230-8210.155402
http://www.ncbi.nlm.nih.gov/pubmed/25941652
https://doi.org/10.1177/1932296820947072
http://www.ncbi.nlm.nih.gov/pubmed/32757778
https://doi.org/10.1007/s11892-013-0433-5
http://www.ncbi.nlm.nih.gov/pubmed/24072479
https://doi.org/10.1016/j.gde.2018.01.006
https://doi.org/10.1016/j.gde.2018.01.006
http://www.ncbi.nlm.nih.gov/pubmed/29453110
https://doi.org/10.1530/JME-13-0067
https://doi.org/10.1530/JME-13-0067
http://www.ncbi.nlm.nih.gov/pubmed/23733895
https://doi.org/10.1016/j.jcjd.2016.05.002
http://www.ncbi.nlm.nih.gov/pubmed/27545597
https://doi.org/10.1007/s10545-017-0120-9
http://www.ncbi.nlm.nih.gov/pubmed/29247329
https://doi.org/10.1007/s00125-011-2244-z
https://doi.org/10.1007/s00125-011-2244-z
http://www.ncbi.nlm.nih.gov/pubmed/21773685
https://doi.org/10.2337/dc10-2088
https://doi.org/10.2337/dc10-2088
http://www.ncbi.nlm.nih.gov/pubmed/21562325
https://doi.org/10.1007/s005920050102
http://www.ncbi.nlm.nih.gov/pubmed/9625291
https://doi.org/10.1007/s00125-014-3274-0
http://www.ncbi.nlm.nih.gov/pubmed/24930037
https://doi.org/10.1002/dmrr.3318
http://www.ncbi.nlm.nih.gov/pubmed/32270907
https://doi.org/10.1111/pedi.12107
http://www.ncbi.nlm.nih.gov/pubmed/24350794
https://doi.org/10.1093/eurpub/ckv059
http://www.ncbi.nlm.nih.gov/pubmed/25841034
https://doi.org/10.1002/(SICI)1096-9136(199705)14:5%3C390::AID-DIA364%3E3.0.CO;2-E
https://doi.org/10.1002/(SICI)1096-9136(199705)14:5%3C390::AID-DIA364%3E3.0.CO;2-E
http://www.ncbi.nlm.nih.gov/pubmed/9171256
https://doi.org/10.1371/journal.pone.0264118

PLOS ONE

Predicting age at onset of T1D in children using regression, artificial neural network and Random Forest

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Altobelli E, Petrocelli R, Verrotti A, Chiarelli F, Marziliano C. Genetic and environmental factors affect
the onset of type 1 diabetes mellitus. Pediatr Diabetes. 2016; 17(8):559—66. https://doi.org/10.1111/
pedi.12345 PMID: 26697762

Matachowska B, Baranowska-Jazwiecka A, Hogendorf A, Szadkowska A, Fendler W, Mtynarski W.
Unequal contribution of familial factors to autoimmunity and clinical course of childhood diabetes.
Pediatr Endocrinol Diabetes Metab. 2012; 18(4):130-6. PMID: 23739616

Rubio-Cabezas O, Patch AM, Minton JA, Flanagan SE, Edghill EL, Hussain K et al. Wolcott-Rallison
syndrome is the most common genetic cause of permanent neonatal diabetes in consanguineous fami-
lies. J Clin Endocrinol Metab. 2009; 94(11):4162-70. https://doi.org/10.1210/jc.2009-1137 PMID:
19837917

Betts P, Mulligan J, Ward P, Smith B, Wilkin T. Increasing body weight predicts the earlier onset of insu-
lin-dependant diabetes in childhood: testing the ‘accelerator hypothesis’(2). Diabet Med. 2005; 22
(2):144-51. https://doi.org/10.1111/j.1464-5491.2004.01368.x PMID: 15660730

Knerr |, Wolf J, Reinehr T, Stachow R, Grabert M, Schober E et al. The ‘accelerator hypothesis’: rela-
tionship between weight, height, body mass index and age at diagnosis in a large cohort of 9,248 Ger-
man and Austrian children with type 1 diabetes mellitus. Diabetologia. 2005; 48(12):2501—4. https://doi.
org/10.1007/s00125-005-0033-2 PMID: 16283240

Evertsen J, Alemzadeh R, Wang X. Increasing incidence of pediatric type 1 diabetes mellitus in South-
eastern Wisconsin: relationship with body weight at diagnosis. PLoS One. 2009; 4(9):e6873 https://doi.
org/10.1371/journal.pone.0006873 PMID: 19727402

Lindell N, Carlsson A, Josefsson A, Samuelsson U. Maternal obesity as a risk factor for early childhood
type 1 diabetes: a nationwide, prospective, population-based case—control study. Diabetologia. 2018;
61(1):130-7. https://doi.org/10.1007/s00125-017-4481-2 PMID: 29098322

Al-Ghamdi AH, Fureeh AA, Alghamdi JA, Alkuraimi WA, Alomar FF, Alzahrani FA et al. High prevalence
of vitamin D deficiency among Saudi children and adolescents with type 1 diabetes in Albaha Region,
Saudi Arabia. IOSR J. Pharm. Biol. Sci. 2017; 12:5-10.

Al-Daghri NM, Al-Attas OS, Alokail MS, Alkharfy KM, Yakout SM, Aljohani NJ et al. Lower vitamin D sta-
tus is more common among Saudi adults with diabetes mellitus type 1 than in non-diabetics. BMC public
health. 2014; 14:153. https://doi.org/10.1186/1471-2458-14-153 PMID: 24517121

Eisenbarth GS. Banting Lecture 2009. An unfinished journey: molecular pathogenesis to prevention of
type 1A diabetes. Diabetes 2010; 59:759-74. https://doi.org/10.2337/db09-1855 PMID: 20350969

Bluestone JA, Herold K, Eisenbarth G. Genetics, pathogenesis and clinical interventions in type 1 dia-
betes. Nature 2010; 464:1293—-1300. https://doi.org/10.1038/nature08933 PMID: 20432533

Knip M, Virtanen SM, Seppa K, llonen J, Savilahti E, Vaarala O et al. Finnish TRIGR Study Group. Die-
tary intervention in infancy and later signs of beta-cell autoimmunity. N Engl J Med 2010; 363(20):
1900-8. https://doi.org/10.1056/NEJMoa1004809 PMID: 21067382

Vaarala O, llonen J, Ruohtula T, Pesola J, Virtanen SM, Harkénen T et al Removal of bovine insulin
from cow’s milk formula and early initiation of beta-cell autoimmunity in the FINDIA pilot study. Arch
Pediatr Adolesc Med 2012; 166: 608—14. https://doi.org/10.1001/archpediatrics.2011.1559 PMID:
22393174

Parviainen A, But A, Siliander H, Knip M. Finnish Pediatric Diabetes Register Decreased Incidence of
Type 1 Diabetes in Young Finnish Children. Diabetes care. 2020; 43(12):2953-8. https://doi.org/10.
2337/dc20-0604 PMID: 32998988

Liu X, Vehik K, Huang Y, Larsson HE, Toppari J, Ziegler AG et al. Distinct Growth Phases in Early Life
Associated With the Risk of Type 1 Diabetes: The TEDDY Study. Diabetes care. 2020; 43(3):556-562.
https://doi.org/10.2337/dc19-1670 PMID: 31896601

Beyerlein A, Wehweck F, Ziegler AG, Pflueger M. Respiratory infections in early life and the develop-
ment of islet autoimmunity in children at increased type 1 diabetes risk: evidence from the BABYDIET
study. JAMA Pediatr. 2013; 167(9):800-7. https://doi.org/10.1001/jamapediatrics.2013.158 PMID:
23818010

Verge CF, Gianani R, Kawasaki E, Yu L, Pietropaolo M, Chase HP et al. Prediction of type | diabetes in
first-degree relatives using a combination of insulin, GAD, and ICA512bdc/IA-2 autoantibodies. Diabe-
tes. 1996; 45(7):926-33. https://doi.org/10.2337/diabetes.45.7.926 PMID: 8666144

LaGasse JM, Brantley MS, Leech NJ, Rowe RE, Monks S, Palmer JP et al. Successful prospective pre-
diction of type 1 diabetes in schoolchildren through multiple defined autoantibodies: an 8-year follow-up
of the Washington State Diabetes Prediction Study. Diabetes care. 2002; 25(3):505—11. https://doi.org/
10.2337/diacare.25.3.505 PMID: 11874938

Ziegler AG, Danne T, Dunger DB, Berner R, Puff R, Kiess W et al. Primary prevention of beta-cell auto-
immunity and type 1 diabetes—The Global Platform for the Prevention of Autoimmune Diabetes

PLOS ONE | https://doi.org/10.1371/journal.pone.0264118  February 28, 2022 27/30


https://doi.org/10.1111/pedi.12345
https://doi.org/10.1111/pedi.12345
http://www.ncbi.nlm.nih.gov/pubmed/26697762
http://www.ncbi.nlm.nih.gov/pubmed/23739616
https://doi.org/10.1210/jc.2009-1137
http://www.ncbi.nlm.nih.gov/pubmed/19837917
https://doi.org/10.1111/j.1464-5491.2004.01368.x
http://www.ncbi.nlm.nih.gov/pubmed/15660730
https://doi.org/10.1007/s00125-005-0033-2
https://doi.org/10.1007/s00125-005-0033-2
http://www.ncbi.nlm.nih.gov/pubmed/16283240
https://doi.org/10.1371/journal.pone.0006873
https://doi.org/10.1371/journal.pone.0006873
http://www.ncbi.nlm.nih.gov/pubmed/19727402
https://doi.org/10.1007/s00125-017-4481-2
http://www.ncbi.nlm.nih.gov/pubmed/29098322
https://doi.org/10.1186/1471-2458-14-153
http://www.ncbi.nlm.nih.gov/pubmed/24517121
https://doi.org/10.2337/db09-1855
http://www.ncbi.nlm.nih.gov/pubmed/20350969
https://doi.org/10.1038/nature08933
http://www.ncbi.nlm.nih.gov/pubmed/20432533
https://doi.org/10.1056/NEJMoa1004809
http://www.ncbi.nlm.nih.gov/pubmed/21067382
https://doi.org/10.1001/archpediatrics.2011.1559
http://www.ncbi.nlm.nih.gov/pubmed/22393174
https://doi.org/10.2337/dc20-0604
https://doi.org/10.2337/dc20-0604
http://www.ncbi.nlm.nih.gov/pubmed/32998988
https://doi.org/10.2337/dc19-1670
http://www.ncbi.nlm.nih.gov/pubmed/31896601
https://doi.org/10.1001/jamapediatrics.2013.158
http://www.ncbi.nlm.nih.gov/pubmed/23818010
https://doi.org/10.2337/diabetes.45.7.926
http://www.ncbi.nlm.nih.gov/pubmed/8666144
https://doi.org/10.2337/diacare.25.3.505
https://doi.org/10.2337/diacare.25.3.505
http://www.ncbi.nlm.nih.gov/pubmed/11874938
https://doi.org/10.1371/journal.pone.0264118

PLOS ONE

Predicting age at onset of T1D in children using regression, artificial neural network and Random Forest

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52,

53.

54.

55.

56.

57.

58.

59.

(GPPAD) perspectives. Mol Metab. 2016; 5(4):255-62. https://doi.org/10.1016/j.molmet.2016.02.003
PMID: 27069865

Ziegler AG, Rewers M, Simell O, Simell T, Lempainen J, Steck A et al. Seroconversion to multiple islet
autoantibodies and risk of progression to diabetes in children. Jama. 2013; 309(23):2473-9. https://doi.
org/10.1001/jama.2013.6285 PMID: 23780460

Redondo MJ, Geyer S, Steck AK, Sharp S, Wentworth JM, Weedon MN et al. A type 1 diabetes genetic
risk score predicts progression of islet autoimmunity and development of type 1 diabetes in individuals
at risk. Diabetes care. 2018; 41(9):1887—-94. https://doi.org/10.2337/dc18-0087 PMID: 30002199

Beyerlein A, Bonifacio E, Vehik K, Hippich M, Winkler C, Frohnert Bl et al. Progression from islet auto-
immunity to clinical type 1 diabetes is influenced by genetic factors: results from the prospective
TEDDY study. J Med Genet. 2019; 56(9):602-5. https://doi.org/10.1136/jmedgenet-2018-105532
PMID: 30287597

Bonifacio E, Beyerlein A, Hippich M, Winkler C, Vehik K, Weedon MN et al. Genetic scores to stratify risk
of developing multiple islet autoantibodies and type 1 diabetes: a prospective study in children. PLoS
medicine. 2018; 15(4):e1002548. https://doi.org/10.1371/journal.pmed.1002548 PMID: 29614081

Hippich M, Beyerlein A, Hagopian WA, Krischer JP, Vehik K, Knoop J et al. Genetic contribution to the
divergence in type 1 diabetes risk between children from the general population and children from
affected families. Diabetes. 2019; 68(4):847-57. https://doi.org/10.2337/db18-0882 PMID: 30655385

Sosenko JM, Palmer JP, Rafkin-Mervis L, Krischer JP, Cuthbertson D, Matheson D et al. Glucose and
C-peptide changes in the perionset period of type 1 diabetes in the Diabetes Prevention Trial-Type 1.
Diabetes Care. 2008; 31(11):2188-92. https://doi.org/10.2337/dc08-0935 PMID: 18650369

Ferrat LA, Vehik K, Sharp SA, Lernmark A, Rewers MJ, She JX et al. A combined risk score enhances
prediction of type 1 diabetes among susceptible children. Nat Med. 2020; 26(8):1247-55. https://doi.
org/10.1038/s41591-020-0930-4 PMID: 32770166

Kopitar L, Kocbek P, Cilar L, Sheikh A, Stiglic G. Early detection of type 2 diabetes mellitus using
machine learning-based prediction models. Sci Rep. 2020; 10(1):1-2. https://doi.org/10.1038/s41598-
020-68771-z PMID: 32686721

Adua E, Kolog EA, Afrifa-Yamoah E, Amankwah B, Obirikorang C, Anto EO et al. Predictive model and
feature importance for early detection of type Il diabetes mellitus. transl med commun. 2021; 6(17).

Sisodia D, Sisodia DS. Prediction of diabetes using classification algorithms. Procedia Comput. Sci.
2018; 132:1578-85. https://doi.org/10.1016/j.procs.2018.05.122

Robert AA, Al-Dawish A, Mujammami M, Dawish MA. Type 1 diabetes mellitus in Saudi Arabia: a soar-
ing epidemic. Int J Pediatr. 2018. https://doi.org/10.1155/2018/9408370 PMID: 29853923

Alotaibi M, Alibrahim L, Alharbi N. Challenges associated with treating children with diabetes in saudi
arabia. Diabetes Res Clin Pract. 2016; 120:235—40. https://doi.org/10.1016/j.diabres.2016.08.015
PMID: 27620810

American College of Obstetricians and Gynecologists. ACOG Committee Opinion No 579: definition of
term pregnancy. Obstet Gynecol. 2013; 122(5):1139—40. https://doi.org/10.1097/01.AO0G.0000437385.
88715.4a

World Health Organization. WHO fact sheet: Preterm birth. World Health Organization. https://www.
who.int/news-room/fact-sheets/detail/preterm-birth. Accessed 2020;26.

Jiang R, Tang W, Wu X, Fu W. A random forest approach to the detection of epistatic interactions in
case-control studies. BMC Bioinformatics. 2009; 10(Suppl 1):S65. https://doi.org/10.1186/1471-2105-
10-S1-S65 PMID: 19208169

Parveen N, Zaidi S, Danish M. Development of SVR-based model and comparative analysis with MLR
and ANN models for predicting the sorption capacity of Cr (VI). Process Saf Environ. 2017; 107:428—
37. https://doi.org/10.1016/j.psep.2017.03.007

Antonopoulos VZ, Papamichail DM, Aschonitis VG, Antonopoulos AV. Solar radiation estimation meth-
ods using ANN and empirical models. Comput. Electron. Agric. 2019; 160:160-7. https://doi.org/10.
1016/j.compag.2019.03.022

Fissa MR, Lahiouel Y, Khaouane L, Hanini S. QSPR estimation models of normal boiling point and rela-
tive liquid density of pure hydrocarbons using MLR and MLP-ANN methods. J Mol Graph Model. 2019;
87:109-20. https://doi.org/10.1016/j.jmgm.2018.11.013

Cerci KN, Hirdogan E. Comparative study of multiple linear regression (MLR) and artificial neural net-
work (ANN) techniques to model a solid desiccant wheel. Int. Commun. Heat Mass Transf. 2020;
116:104713. https://doi.org/10.1016/j.icheatmasstransfer.2020.104713

Weng SF, Reps J, Kai J, Garibaldi JM, Qureshi N. Can machine-learning improve cardiovascular risk
prediction using routine clinical data?. PloS One. 2017; 12(4):e0174944. https://doi.org/10.1371/
journal.pone.0174944 PMID: 28376093

PLOS ONE | https://doi.org/10.1371/journal.pone.0264118  February 28, 2022 28/30


https://doi.org/10.1016/j.molmet.2016.02.003
http://www.ncbi.nlm.nih.gov/pubmed/27069865
https://doi.org/10.1001/jama.2013.6285
https://doi.org/10.1001/jama.2013.6285
http://www.ncbi.nlm.nih.gov/pubmed/23780460
https://doi.org/10.2337/dc18-0087
http://www.ncbi.nlm.nih.gov/pubmed/30002199
https://doi.org/10.1136/jmedgenet-2018-105532
http://www.ncbi.nlm.nih.gov/pubmed/30287597
https://doi.org/10.1371/journal.pmed.1002548
http://www.ncbi.nlm.nih.gov/pubmed/29614081
https://doi.org/10.2337/db18-0882
http://www.ncbi.nlm.nih.gov/pubmed/30655385
https://doi.org/10.2337/dc08-0935
http://www.ncbi.nlm.nih.gov/pubmed/18650369
https://doi.org/10.1038/s41591-020-0930-4
https://doi.org/10.1038/s41591-020-0930-4
http://www.ncbi.nlm.nih.gov/pubmed/32770166
https://doi.org/10.1038/s41598-020-68771-z
https://doi.org/10.1038/s41598-020-68771-z
http://www.ncbi.nlm.nih.gov/pubmed/32686721
https://doi.org/10.1016/j.procs.2018.05.122
https://doi.org/10.1155/2018/9408370
http://www.ncbi.nlm.nih.gov/pubmed/29853923
https://doi.org/10.1016/j.diabres.2016.08.015
http://www.ncbi.nlm.nih.gov/pubmed/27620810
https://doi.org/10.1097/01.AOG.0000437385.88715.4a
https://doi.org/10.1097/01.AOG.0000437385.88715.4a
https://www.who.int/news-room/fact-sheets/detail/preterm-birth
https://www.who.int/news-room/fact-sheets/detail/preterm-birth
https://doi.org/10.1186/1471-2105-10-S1-S65
https://doi.org/10.1186/1471-2105-10-S1-S65
http://www.ncbi.nlm.nih.gov/pubmed/19208169
https://doi.org/10.1016/j.psep.2017.03.007
https://doi.org/10.1016/j.compag.2019.03.022
https://doi.org/10.1016/j.compag.2019.03.022
https://doi.org/10.1016/j.jmgm.2018.11.013
https://doi.org/10.1016/j.icheatmasstransfer.2020.104713
https://doi.org/10.1371/journal.pone.0174944
https://doi.org/10.1371/journal.pone.0174944
http://www.ncbi.nlm.nih.gov/pubmed/28376093
https://doi.org/10.1371/journal.pone.0264118

PLOS ONE

Predicting age at onset of T1D in children using regression, artificial neural network and Random Forest

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.
72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

Moore PJ, Lyons TJ, Gallacher J, Alzheimer’s Disease Neuroimaging Initiative. Random forest predic-
tion of Alzheimer’s disease using pairwise selection from time series data. PloS One. 2019; 14(2):
€0211558. https://doi.org/10.1371/journal.pone.0211558 PMID: 30763336

Jhee JH, Lee S, Park Y, Lee SE, Kim YA, Kang SW et al. Prediction model development of late-onset
preeclampsia using machine learning-based methods. PloS One. 2019; 14(8):0221202. https://doi.
org/10.1371/journal.pone.0221202 PMID: 31442238

R Core Team. R: A Language and Environment for Statistical Computing. R Foundation for Statistical
Computing. Vienna, Austria. 2019. https://www.R-project.org/

Abrougui K, Gabsi K, Mercatoris B, Khemis C, Amami R, Chehaibi S. Prediction of organic potato yield
using tillage systems and soil properties by artificial neural network (ANN) and multiple linear regres-
sions (MLR). Soil Tillage Res. 2019; 190:202—8 https://doi.org/10.1016/j.still.2019.01.011

Garske T. Using Deep Learning on EHR Data to Predict Diabetes (Doctoral dissertation. Ph. D. Thesis.
University of Colorado, Denver, CO, USA. 2018

Carvalho NB, Minim VP, Silva RD, Della Lucia SM, Minim LA. Artificial neural networks (ANN): predic-
tion of sensory measurements from instrumental data. Food Sci Technol Int. 2013; 33(4):722-9. https://
doi.org/10.1590/S0101-20612013000400018

Zhang X, Pan F, Wang W. Finding high-order correlations in high-dimensional biological data. In: Philip
SY, Han J, Faloutsos C, editors. Link Mining: Models, Algorithms, and Applications. Springer, New
York, NY.2010.505-534.

Fojnica A, Osmanovic A, Badnjevi¢ A. Dynamical model of tuberculosis-multiple strain prediction based
on artificial neural network. In:2016 5th Mediterranean Conference on Embedded Computing
(MECO);2016.290-293.

Kaushik AC, Sahi S. HOGPred: artificial neural network-based model for orphan GPCRs. Neural. Com-
put. Appl. 2018; 29(4):985-92. https://doi.org/10.1007/s00521-016-2502-6

Duda RO, Hart PE. Pattern classification and scene analysis. Neural Computing and Applications. New
York: Wiley; 1973.

Lariviere B, Van den Poel D. Predicting customer retention and profitability by using random forests and
regression forests techniques. Expert Syst. Appl. 2005; 29(2):472—-84. https://doi.org/10.1016/j.eswa.
2005.04.043

Breiman L. Random forests. Mach Learn. 2001; 45(1):5-32. https://doi.org/10.1023/A:1010933404324

Shaikhina T, Lowe D, Daga S, Briggs D, Higgins R, Khovanova N. Decision tree and random forest
models for outcome prediction in antibody incompatible kidney transplantation. Biomed Signal Process
Control. 2019; 52:456—-62. https://doi.org/10.1016/j.bspc.2017.01.012

Ahmad MW, Mourshed M, Rezgui Y. Trees vs Neurons: Comparison between random forest and ANN
for high-resolution prediction of building energy consumption. Energy Build. 2017; 147:77-89. https://
doi.org/10.1016/j.enbuild.2017.04.038

Li Q, Meng Q, Cai J, Yoshino H, Mochida A. Predicting hourly cooling load in the building: A comparison
of support vector machine and different artificial neural networks. Energy Convers. Manag. 2009; 50
(1):90-6. https://doi.org/10.1016/j.enconman.2008.08.033

Olden JD, Joy MK, Death RG. An accurate comparison of methods for quantifying variable importance
in artificial neural networks using simulated data. Ecol Modell. 2004; 178(3-4):389-97. https://doi.org/
10.1016/j.ecolmodel.2004.03.013

Al-Rubeaan K. National surveillance for type 1, type 2 diabetes and prediabetes among children and
adolescents: a population-based study (SAUDI-DM). J Epidemiol Community Health. 2015; 69
(11):1045-51. https://doi.org/10.1136/jech-2015-205710 PMID: 26085648

Abduljabbar MA, Aljubeh JM, Amalraj A, Cherian MP. Incidence trends of childhood type 1 diabetes in
eastern Saudi Arabia. Saudi Med J. 2010; 31(4):413-8. PMID: 20383419

El-Ziny MA, Salem NA, El-Hawary AK, Chalaby NM, Elsharkawy AA. Epidemiology of childhood type 1
diabetes mellitus in Nile Delta, northern Egypt-a retrospective study. J Clin Res Pediatr Endocrinol.
2014; 6(1):9-15. https://doi.org/10.4274/Jcrpe. 1171 PMID: 24637304

Demirbilek H, Ozbek MN, Baran RT. Incidence of type 1 diabetes mellitus in Turkish children from the
southeastern region of the country: a regional report. J Clin Res Pediatr Endocrinol. 2013; 5(2):98—-103.
https://doi.org/10.4274/Jcrpe.954 PMID: 23748062

Algert CS, McElduff A, Morris JM, Roberts CL. Perinatal risk factors for early onset of Type 1 diabetes in
a 2000-2005birth cohort. Diabet Med. 2009; 26(12):1193-7. https://doi.org/10.1111/j.1464-5491.2009.
02878.x PMID: 20002469

Waldhoer T, Rami B, Schober EL. Austrian Diabetes Incidence Study Group. Perinatal risk factors for
early childhood onset type 1 diabetes in Austria-a population-based study (1989-2005). Pediatr Diabe-
tes 2008; 9(3 pt 1):178-81. https://doi.org/10.1111/j.1399-5448.2008.00378.x PMID: 18331411

PLOS ONE | https://doi.org/10.1371/journal.pone.0264118  February 28, 2022 29/30


https://doi.org/10.1371/journal.pone.0211558
http://www.ncbi.nlm.nih.gov/pubmed/30763336
https://doi.org/10.1371/journal.pone.0221202
https://doi.org/10.1371/journal.pone.0221202
http://www.ncbi.nlm.nih.gov/pubmed/31442238
https://www.R-project.org/
https://doi.org/10.1016/j.still.2019.01.011
https://doi.org/10.1590/S0101-20612013000400018
https://doi.org/10.1590/S0101-20612013000400018
https://doi.org/10.1007/s00521-016-2502-6
https://doi.org/10.1016/j.eswa.2005.04.043
https://doi.org/10.1016/j.eswa.2005.04.043
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1016/j.bspc.2017.01.012
https://doi.org/10.1016/j.enbuild.2017.04.038
https://doi.org/10.1016/j.enbuild.2017.04.038
https://doi.org/10.1016/j.enconman.2008.08.033
https://doi.org/10.1016/j.ecolmodel.2004.03.013
https://doi.org/10.1016/j.ecolmodel.2004.03.013
https://doi.org/10.1136/jech-2015-205710
http://www.ncbi.nlm.nih.gov/pubmed/26085648
http://www.ncbi.nlm.nih.gov/pubmed/20383419
https://doi.org/10.4274/Jcrpe.1171
http://www.ncbi.nlm.nih.gov/pubmed/24637304
https://doi.org/10.4274/Jcrpe.954
http://www.ncbi.nlm.nih.gov/pubmed/23748062
https://doi.org/10.1111/j.1464-5491.2009.02878.x
https://doi.org/10.1111/j.1464-5491.2009.02878.x
http://www.ncbi.nlm.nih.gov/pubmed/20002469
https://doi.org/10.1111/j.1399-5448.2008.00378.x
http://www.ncbi.nlm.nih.gov/pubmed/18331411
https://doi.org/10.1371/journal.pone.0264118

PLOS ONE Predicting age at onset of T1D in children using regression, artificial neural network and Random Forest

82. Rajula HS, Verlato G, Manchia M, Antonucci N, Fanos V. Comparison of conventional statistical meth-
ods with machine learning in medicine: diagnosis, drug development, and treatment. Medicina. 2020;
56(9):455. https://doi.org/10.3390/medicina56090455

83. Goodfellow |, Bengio Y, Courville A. Deep learning. MIT press; 2016.

84. LiuY. Random forest algorithm in big data environment. Comput. Model. New Technol. 2014; 18
(12A):147-51.

85. Fallatah AM, AINoury A, Fallatah EM, Nassibi KM, Babatin H, Alghamdi OA et al. Obesity Among Preg-
nant Women in Saudi Arabia: A Retrospective Single-Center Medical Record Review. Cureus. 2021; 13
(2):613454. https://doi.org/10.7759/cureus.13454 PMID: 33728225

PLOS ONE | https://doi.org/10.1371/journal.pone.0264118  February 28, 2022 30/30


https://doi.org/10.3390/medicina56090455
https://doi.org/10.7759/cureus.13454
http://www.ncbi.nlm.nih.gov/pubmed/33728225
https://doi.org/10.1371/journal.pone.0264118

