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Aim: The study aimed to determine the mid-palatal suture (MPS) maturation
stages and to develop a binary logistic regression model to predict the
possibility of surgical or non-surgical rapid maxillary expansion (RME) in
children with unilateral cleft lip and palate (UCLP).

Methods: A retrospective case control study was conducted. A total of 100
subjects were included. Data was gathered from the databases of Hospital
Universiti Sains Malaysia and Hospital Raja Perempuan Zainab Il, respectively.
Cone beam computed tomography scans of both cleft and non-cleft
individuals were utilized to determine the MPS maturation stages. Romexis
software version 3.8.2 was used to analyze the images.

Results: The results of the binary logistic regression model were utilized to
establish the relationship between the probability (P) of a specific event of
interest (P(Y = 1)) and a linear combination of independent variables (Xs) using
the logit link function. Potential factors such as age, gender, cleft, category of
malocclusion, and MPS were chosen which could play a role in predicting the
technique of RME in children with UCLP and non-UCLP. A subset of these
variables was validated via multilayer feed forward neural network (MLFFNN).
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Conclusions: The effectiveness of the hybrid biometric model created in this
work, which combines bootstrap and BLR with R-syntax was evaluated in terms
of how accurately it predicted a binary response variable. A validation method
based on an MLFFNN was used to evaluate the precision of the generated
model. This leads to a good outcome.
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and palate

Introduction

Rapid maxillary expansion (RME) is a commonly employed
technique for individuals with cleft lip and palate (CLP) (1-3).
Maxillary expansion is essential due to restricted transverse
development of the maxillary arch (3-5). Thus, RME is a routine
procedure in CLP patients to correct the maxillary and mandibular
width discrepancies (1, 6, 7). RME can be achieved successfully
without the need for surgery in children in the pre-adolescent to
adolescent age group due to the non-fusion of the mid-palatal
suture (MPS). The resistance to expansion increases in adulthood
due to the ossification of the circummaxillary and MPS (8).

The MPS is abnormally lateral to the midline in complete
unilateral cleft lip and palate (UCLP), and the cleft side segment
has no sutural relationship with the non-cleft side maxilla. Few
studies were conducted to examine if it was feasible to expand
the maxilla before surgery or after alveolar bone grafting (ABG)
(9, 10). The findings of these studies relied on the fact that a
diastema between maxillary central incisors causes splitting of
maxillary processes in premaxillary region of the MPS resulting
in clinically significant maxillary opening.

It has been proposed that an alveolar cleft encompasses the area
corresponding to the tooth bud of the maxillary lateral incisor,
inhibiting the formation of an intermaxillary suture in the
premaxilla region. Thus, individuals with complete alveolar clefts
may have an MPS in the premaxilla. Although there is no
consensus on whether the premaxillary suture occurs in cleft
patients, investigations confirming the absence of a completely
distinct premaxillary suture have been recognized as the “incisive
fissure” (11-13). A thin suture called the incisive suture is located
in the anterior region of the premaxilla and embryologically
originated from the primitive palate. However, in children with
CLP, the palatal suture system is disrupted. Only a limited number
of studies have discussed expansion in complete UCLP patients,
and the presence or absence of MPS in cleft patients still remains
controversial (13). The resistance to expansion increases in
adulthood due to the ossification of the circummaxillary and MPS.

The prevalence rate of Cleft lip (CL) with or without Cleft palate
(CP) in Malaysia was 1 in 1,000, with 1 in 3,000 children having CL
(14, 15). CLP affects about one out of every 611 newborns in
Malaysia (16). As per the previous study it was found that about
77.8% of the CLP instances in Malaysia were unilateral (17).

In routine clinical practice, chronological age is a typical
predictor used to identify whether traditional non-surgical rapid
maxillary expansion (NSRME) or surgically assisted rapid
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maxillary expansion (SARME) is more appropriate (8). However,
there is no strong agreement between the authors in the
literature on the age at which SARME should be performed (18).

In previous studies a deep learning models were developed to
diagnose CLP before birth and also for precise diagnosis (19, 20).
There is a lack of evidence-based literature on machine learning
models in predicting the appropriate RME technique.

In our study a hybrid method was developed by combining
binary logistic regression (BLR) model with bootstrap and
multilayer feed forward neural network (MLFENN) using
R-syntax. The importance of statistical techniques has grown as a
result of the demand for precise clinical results and its expanding
necessity. Hybrid biometry techniques can manage unstructured
and missing data while producing relevant results despite small
sample sizes, making them a viable alternative to traditional
diagnosis in children with CLP. It increases analytical skills and
makes it easier to provide accurate information (21). Hence, the
aim of this study was to determine the MPS maturation stages
and to develop a logistic regression model to predict the
possibility of NSRME or SARME.

Materials and methods
Study design and data collection

This was a retrospective case control study that included 50
patients with complete UCLP from Kelantan region, Malaysia and
50 individuals as controls who visited specialized orthodontic
clinics at Hospital Universiti Sains Malaysia (HUSM) and Hospital
Raja Perempuan Zainab IT (HRPZ-II), Kota Bharu, Kelantan.

The cone beam computed tomography (CBCT) images of both
cleft and non-cleft individuals were used to detemine the MPS
maturation stages.

Subjects with the following criteria were included: (1) Non-
syndromic complete UCLP children, (2) Patients in which
cheiloplasty and palatoplasty have been performed, (3) Patients
with class I, II and III malocclusions prior to orthodontic
treatment, (4) Patients whose required data is completely
available in the database.

Subjects with the following criteria were excluded from the
study: (1) Subjects with bilateral CLP and partial clefts, (2) Any
patients with associated syndromes or health issues due to
cerebral palsy, anxiety disorders, epilepsy and musculoskeletal
disorders, (3) Patients who already underwent any orthodontic
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treatment, (4) Patients who have been treated with secondary ABG,
(5) Distorted, unclear CBCT images.

Purposive sampling was carried out. CLP patients’ data logs, and
CBCT images were acquired from the HRPZ-II hospital database.
A convenience sampling was done for non-cleft individuals, and
data were gathered from HUSM’s specialized orthodontic clinic
database. The records of the patients who visited the HUSM and
HRPZ-II from July 2011-May 2021 have been selected.

Data acquisition and measurement
calibration

The CBCT images that were collected using a standardized
protocol were chosen. The image analysis was carried out using
Romexis software version 3.8.2. The categorization provided was
used to determine the radiographic phases of the MPS as per the
classification described by Angelieri et al. (22). The MPS was
divided into five stages based on the presence of intermaxillary
bony lines. Cross-sectional images of standardized CBCT in axial
slice were utilized to evaluate the different stages of MPS development.

Stage A: A straight, dense MPS line with minimal or
no interdigitation.

Stage B: A high-density suture line that is shaped irregularly
and has scallops.

10.3389/fdmed.2025.1530372

Stage C: Two closely spaced parallel scalloped high-density
suture lines.

Stage D: Maturation has advanced from the posterior to the
anterior in the palatine bone, and there will be fusion of MPS.

Stage E: The MPS has fused within the maxilla. The real suture
is concealed in at least part of the maxilla.

An orthodontist with extensive knowledge and expertise
performed the calibration and training procedures. A total of 10
CBCT slices from patients with UCLP aged 8 to 16 years of both
genders were randomly selected. The observers were given a detailed
explanation of the morphological characteristics of each MPS
maturation stage in a high-resolution presentation of the image using
Microsoft PowerPoint which included 10 CBCT axial and sagittal slices.

Figures 1, 2 illustrate the different MPS maturation stages,
respectively. A dataset was created for artificial intelligence (AI)
modelling using R-syntax based on raw data obtained for MPS
density measurements. The hybrid model developed utilizing
R-syntax has been described below.

Methodology building using R syntax —
binary logistic regression (BLR)

#/STEP 1-Dataset for Biometry Modelling Study/#
Input =(“

FIGURE 1

of the palatine bone.

Represents the following stages of MPS in axial view of CBCT images: (a) A thick, visible, straight MPS line with minimal interdigitation; (b) A dense MPS
line is seen that is irregular in shape; (c) Two scalloped, high-density MPS lines are seen; (d) The fusion of MPS is seen from posterior to anterior region

Frontiers in Dental Medicine

03

frontiersin.org


https://doi.org/10.3389/fdmed.2025.1530372
https://www.frontiersin.org/journals/dental-medicine
https://www.frontiersin.org/

Zahoor Ul Hugh et al.

FIGURE 2
Represents the following stage of MPS in axial view of CBCT images:
(e) Complete fusion of MPS is seen within the intermaxillary region.

Age Gender cleft category mps interc
1501341
1411351
1611341
1511330
1501341
1501341

1411351

1401341

15113307

datal = read.table(textConnection(Input),header = TRUE)
#/Performing Bootstrap for 1000/#

mydata < - rbind.data.frame(datal, stringsAsFactors = FALSE)
iboot < - sample(1:nrow(mydata),size = 1000, replace = TRUE)
data < - mydata[iboot,]

#/Performing Multiple Logistics/#

#/Model Fitting/#

model = glm(interc ~ Age + Gender + cleft + category + mps,
data = data,family = binomial(link="logit”))

#/Performing Summary of the Model/#

summary(model)

exp(model$coefficients)

#/Overall p-value For Model/#

anova(model, update(model, ~1), test = “Chisq”)
#/MultiLayer Perceptron Model/#

#/STEP 2 - Install the Neuralnet Package/#
if('require(neuralnet)){install. packages(“neuralnet”)}
library(“neuralnet”)

#/STEP 3 - Checking For the Missing Values/#
apply(data, 2, function(x) sum(is.na(x)))

#/STEP 4 - Max-Min Data Normalization/#

normalize < - function(x) {return ((x — min(x))/(max(x) — min

(x)))}

maxmindf < - as.data.frame(lapply(data, normalize))
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#/STEP 5-Determine the Training and Testing of the Dataset/#

#/70% for Training and 30% For Testing/#

index = sample(1:nrow(data),round(0.70*nrow(data)))

Training < - as.data.frame(data[index,])

Testing < - as.data.frame(data[-index,])

#/STEP 6-Plotting the Architecture of MLP Neural Network/#

nn < - neuralnet(interc~Age + Gender + cleft + category + mps,
data = Training,

hidden = c(3),act.fct = “logistic”,

linear.output = FALSE, stepmax = 1000000)

plot(nn) options(warn = —1)

nn$result.matrix

#/Testing The Accuracy of The Model- Predicted Result/#

#/STEP 7-Predicted Results Are Compared To The Actual
Results/#

Temp_test < - subset(Testing, select = c(“Age”,“Gender”,
“cleft”,“category”,“mps”))

head(Temp_test)

nn.results < - compute(nn, Temp_test)

#/STEP 8-Results

results < - data.frame(actual = Testing$interc,

prediction = nn.results$net.result)

#/STEP 9-Use The Predicted Mean Squared Error NN (MSE-
forecasts the Network)

#/As a Measure of How Far the Predictions Are From The Real
Data/#

predicted < - compute(nn,Testing],1:5])

MSE.net < - predicted$net.result)A2)/
nrow(Testing)

#/STEP 10-Printing the Predicted Mean Square Error/#

sum((Testing$interc

#Hp#ppp#pR# R 1##4# Neural

output#########HHHHHHHHHHHHBHAY
#/STEP 11-Neural Network Parameter Output/#
library(neuralnet)

Network Parameter

nn < - neuralnet(interc~Age + Gender + cleft + category + mps,
data = Training, hidden = 4,act.fct = “logistic”,
=FALSE, stepmax = 1000000)

nn$result.matrix

ppaa#####Model

#/STEP 12- Model Validate/#

results<-  data.
= nn.results$net.result) results

summary(results)

“““““““ t#######Model

linear.output

Validation  Calculation

frame(actual = Testing$interc,prediction

Calculation

Accuracy

#/STEP 13- Model Accuracy/#
predicted] = results$prediction*abs(diff(range(data$interc)))
+min(data$interc)
#/Print (Predicted)/#
actuall = results$actual*abs(diff(range(data$interc)))
(data$interc)
#/Print(Actuall)/#
deviation = ((actuall-predictedl))
#/Print(deviation)/#

+min
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#/Mean Absolute Deviance/#

value = abs(mean(deviation))

print(value)

accuracy_in_percent=(1 — ((value)/100))*100
accuracy_in_percent

Modelling of computational biometry with
binary logistic regression

The construction of R syntax for the biometry hybrid approach
consists of data bootstrapping, MLFFNN, and the binary logistic
regression method, as well as the execution of the advanced
strategy in three sections.

A statistical technique called binary logistic regression (BLR)
examines the association between two binary response variables, such
as the presence or absence of a disease in epidemiological studies or
application of surgical or non- surgical method. It is typically used to
investigate a current problem by assessing associated variables and
projecting the likelihood that future cases may respond (23, 24).

Here the dependent variable used in logistic regression is a
binary response variable, denoted as Y, which can take on values
of 1 or 0. Examples of such variables include Yes or No (24).

The logistic regression model to predict the possibility of
SARME or NSRME via MPS morphology is presented here. The
outcome of the variable is the binary response variable whether
surgery or no surgery is required for RME and the explanatory
variables are age (X1), gender (X2), cleft (X3), category of
malocclusion (X4) and MPS stages (X5). The models are shown
below based on RME treatment method. The flowchart for the
proposed BLR model is displayed in Figure 3.

RME;jj = 0 is non-surgical, if RMEij=1 is surgical

The following model is defined as follows (25):

n n
Z Yi = Z (Xi)

i=1 i=1

) ) eBO+Bl(age)+82(gender)+ﬁ3(cleft)+B4(category)+/35(mps)
W(Xl) = 1+ e/30+,81(age)+52(gender)+BS(cleft)+B4(category)+/35(mps)

Statistical analysis

R-Studio software version 4.2.2 was used to analyze the
linked to UCLP
the integrated defined syntax. Charts were utilized to present the

collected data for associations using
analyzed data in addition to descriptive statistics like frequencies
and means. Data analysis was done using a sophisticated
technique, such as logistics regression with the MLFFNN which
is a type of artificial neural network. The MLFFNN architecture

consists of an input layer, hidden layer, and the output layer.

Bootstrap
Bootstrap first computes sample statistics from a random
sample taken from the population. The bootstrap then draws a
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Variable selection, Data collection and
preparation

s

Part 1: Implementation of
I. Screening data for any outlier
II. Bootstrap data (zz = 1000)
III. Data is being divided into

a. Training dataset

b. Testing dataset

1

Part 2: Implementation of

I. Activation function: Multi-layer Feed
Forward Neural Network (MLFNN)

a. Training dataset for modelling - 70%
b. Testing dataset for validation - 30%

3

Modelling usingBinary logistic regression
Accessing PMSE, and
Accuracy in percent (%)

FIGURE 3
A flowchart of the suggested binary logistic regression modelling is
provided to demonstrate the technique

number of replacement samples after creating a pseudo-
population by repeatedly copying the initial samples. The ability
of the bootstrap to create a sample with the same size as the first
sample, certain results repeated several times, and other results
discarded. Samples produced by random sampling with
substitution differ from the original sample. As the bootstrap
draws the data with replacement, it produces statistics for each

sample (26).

MLFFNN

The MLFFNN approach, a most popular artificial neural
network design, was applied. MLFENN is composed of the input,
hidden, and output layers. Since there is just one dependent
variable in the study sample, the output node of this analysis is
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Input layer

FIGURE 4

Hidden layer

The general architecture of the MLFFNN with two hidden layers, N input nodes, H hidden nodes, and one output node.

Output Layer

j
an MLFENN with N input nodes, H hidden nodes, and a single

output node. (

A 2
singular. As seen in Figure 4, equation Y = g; < nj + E3> creates
=1

2
n; + E3
=1
g is an activation function and E3 is the bias fo "the output’node.
Where vj; is the output weight from input node i to hidden

The value Y is expressed as follows ¥ = g; , where

node j, and j=1, 2 and x; are the independent variables. The
variable chosen from the MLFFNN was used as input for the
multiple logistic regression (27, 28).

Results

The findings of binary logistic regression model were used to
establish the relationship between the probability (P) of a certain
event of interest [P(Y=1)] and a linear combination of independent
variables (Xj), utilizing the logit link function. The logistic regression
for binary response variable is defined in an equation (24):

Model:

Logit
g(Xz) = BO + Blage + Bdender + B3cleft + B4category + BSmps
8 (Xi)
PV =10 = e
eBotBi(age)+B, (gender)+ B (cleft)+B, (category)+B5 (mps)
P(Y =1]) =

1+ eﬂo+/31 (age)+PB, (gender)+ B (cleft)+B, (category)+Bs (mps)

“Y” is a binary response variable (Y=1 or 0), e.g., Yes or No.

Potential variables such as age, gender, cleft, category of
malocclusion, and MPS were chosen in the section which could
play a role in predicting the technique of RME (whether SARME
or NSRME) in children with UCLP and non-UCLP. Selected
variables were validated by MLFNN in which age, gender, cleft,
category of malocclusion, and MPS stages were used as input
variables, and the binary response variable “Y” was used as the
output variable as displayed in Figure 5.

A bootstrap method was employed by the hybrid approach to
validate the factor. Table 1 provides a summary of the
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comprehensive findings. In this case, five factors were taken into
account for the model’s input based on their clinical importance.
Age (—0.15268; p<0.25), gender (0.48769; p<0.25), cleft
(1.17100; p <0.25), category of malocclusion (—0.01592; p > 0.25)
and MPS (6.08926; p <0.25) are the variables.

In Table 1, where the binary response variable “Y” is the
dependent variable and the model’s output. To predict the
outcome, BLR was utilised. A Predicted Mean Square Error (PMSE)
of 0.011% demonstrates the excellent performance of the proposed
method. The analysis was successful if the PMSE value was low.
The data used in this study was divided 70:30, meaning that 70% of
the data was used for modelling and 30% for testing. The syntax for
the proposed hybrid method in R is completely given under the
subheading “The syntax in R for the proposed Hybrid Method” for
BLR. The resulting model was created using R syntax. The
variables, age, gender, cleft and MPS were statistically significant
(p<0.25) and have shown a strong correlation. However, the
category of malocclusion was not statistically significant (p > 0.25).

The model assessment in this case was generated from the
anticipated value. The forecast’s accuracy may be assessed by
comparing the expected and actual values. The test dataset was
used to evaluate the model created from the training data set. The
distance prediction method was applied to compare the real and
predicted data. The model assessment method, which is available
as R-syntax, allowed one to assess the effectiveness of the
developed technique. The values between “actual” and “predicted”
aren’t significantly different. The “actual” and “predicted” values of
the suggested model are shown in Table 2. The results showed
that there was no statistically significant difference between
“actual” and “predicted”. It implies that the most effective model
is the proposed model. It has been demonstrated that equations
Table 3
distribution according to morphological development phases.

may produce variables. summarizes the sample

Discussion

The distinctive feature of individuals with CLP is the Midface
deficiency. It was estimated that between 25 and 60 percent of
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Gender

Surgical Status

> #/STEP 10-Printing the Predicted Mean Square Error/#
> MSE.net

(1] 0.01166706

>

> #/Mean Absolute Deviance/#

> value=abs (mean(deviation))

> print(value)
[1] 0.01166557

> accuracy_in_percent=(1-((value)/100))*100
> accuracy_in_percent
1] 99.98%33

FIGURE 5
The architecture of the MLFFNN model with five input variables, one hidden layer and one output layer.

TABLE 1 Results of binary logistic regression by combining the TABLE 2 Summary of “actual” and “predicted” value of the proposed

bootstrap method. binary model.

Variable Estimate Std. Actual Predicted
Error 0 0.535764

Age —0.15268 0.03702 —4.124 | 3.73x 10750 1 0.977713

Gender 0.48769 0.12918 3.775 0.00016*** 0 0.476126

Cleft 1.17100 0.13874 8.440 <2 x 107100 1 0.999858

Category of —0.01592 0.09721 —0.164 0.86991 1 0.999985

malocclusion )

MPS 6.08926 0.15784 38580 | <2x 107160 Indicator: 0 = non-cleft, 1 = cleft.

Binary logistic Regression was applied.
***Significant at the level of 0.25.

TABLE 3 Percentage distribution of study sample based on age, gender,
. . X . X and maturational stages.
children born with UCLP will require advancement of the maxilla

to correct maxillary hypoplasia and to enhance the facial aesthetics Age(years) 8-10 11-13 14-16  Total
(29). One of the most significant considerations in deciding how to Maturation M F M F M F

treat a transverse maxillary constriction is determining whether the S ARNARNARNARRARNCA!

MPS is open or closed, which greatly influences the type of Stage A 2 1 4 1 0 0 3
treatment that will be provided to the patient. This can be Stage B 1 0 2 5 0 0 8
especially challenging in late-adolescent and early adult patients Stage C 3 2 2 1 7 5 20
since there is no agreement in the literature on the minimum age | 518D 0 0 0 0 L I

Stage E 0 0 0 0 14 | 23 37

required for effective palatal expansion (30-32). Despite the RME

Frontiers in Dental Medicine 07 frontiersin.org


https://doi.org/10.3389/fdmed.2025.1530372
https://www.frontiersin.org/journals/dental-medicine
https://www.frontiersin.org/

Zahoor Ul Hugh et al.

protocol’s tremendous success in everyday clinical practise, there is no
consensus guideline on the age restriction for MPS disjunction. This is
mostly owing to the high potential of individuals of the same
chronological age having varying maturational phases of the MPS
(34). Numerous studies have demonstrated that chronologic age is
not an important indicator in determining the difference in
developmental stages of MPS fusion, especially in young adults (33,
35-38). Fishman found a limited association between chronological
and skeletal age, highlighting the necessity for patient-specific
indications of skeletal and facial maturation stages (39). The
methodology described by Angieleri et al. (22) has been found to be
a reliable method in assessing the MPS maturation stages.

The purpose of this research was to develop BLR model by
incorporating advanced statistical tools such as bootstrap and
MLFENN using R-syntax based on input variables (age, gender,
cleft, category of malocclusion and MPS stages) and RME
technique as output variable.

The model's performance was then assessed using an
additional dataset, and it performed excellently, with a Predicted
Mean Square Error (PMSE) of 0.011%. The PMSE is a measure
of the variance between our predictions and the actual outcomes.
The PMSE value found in our investigation indicates a low
probability of error.

The integration of hybrid biometry technology with logistic
regression analysis played a crucial role in the advancement of
this work. In these particular cases, a sophisticated statistical
methodology that combines bootstrap and BLR employing
R-syntax has demonstrated a high level of effectiveness in
modelling, resulting in more precise outputs.

Furthermore, the model exhibited a high level of accuracy,
precisely predicting the technique of RME in 99.98% of the instances.

Despite the fact that RME therapy is a commonly employed
technique, only a few studies have examined treatment related
alterations in children with CLP (40-43). The results of these
studies have revealed differential anatomy in cleft individuals
compared to non-cleft individuals may cause altered behavior of the
maxilla in sagittal and vertical directions. From our investigation
based on the maturational stages examined, the palatal fusion was
more frequently observed in stages D and E suggesting the SARME
for children aged between 14 and 16 years. The open sutures were
noted in the remaining stages A, B and C respectively, indicating
the NSRME for the children’s age range 8-13 years.

Deep learning has made remarkable progress in medical
imaging as artificial intelligence has advanced. In medical image
classification, the convolutional neural network (CNN) has
demonstrated great accuracy in numerous prior CBCT image
classification tasks and is capable of extracting local features
(44-46). The CNN’s ability to recognize patterns and capture
global information is limited by the local characteristics of the
convolutional layer. Although the theoretical receptive field of
deep pixels can cover the entire image, the actual receptive field
is much smaller and also raises CNN’s computational cost (47).

The advantage of this hybrid technique, when combined with
the R syntax algorithm, have produced excellent research and the
best outcomes with low computational cost particularly for the
decision-maker.
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For the clinical implementation of the model, instructional
materials, and appropriate training must be provided to the
clinical staff members. The product label should be created
which will aid
properly utilize the model outputs in their clinical decisions.

clinicians to understand when and how to

Conclusion

The hybrid biometric model developed in this study that include
bootstrap and BLR utilizing R-syntax was used to test the model’s
efficacy in determining the prediction accuracy of a binary response
variable. The accuracy of the resulting model was assessed using a
validation technique that utilized a MLFFNN. This leads to a good
outcome. In female children the highest percentage of MPS
maturation stages D (27%) and E (37%) was found. The greater
number of ossification was seen in stage D and E, respectively.

Limitations of the study

The current study cannot identify whether similar effects were
seen in individuals with different kinds of clefts. The data utilized
in this study were gathered retrospectively from secondary sources.
Furthermore, our study sample consisted exclusively of Malay and
Chinese children of Malaysian descent. There were no participants
of Indian origin. It is crucial to note that the study’s findings and
conclusions might not apply to other racial or ethnic groups.
Further longitudinal studies incorporating several cleft care
centers involving other ethnicities are required with a multicentre
effort that could indicate a generalization of UCLP status in
Malaysia when compared to children with other ethnic
background. Additionally, collaboration with clinical facilities is
needed to test and develop the model in real-world scenarios.
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