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ABSTRACT

Various studies have considered a logistic regression model for investigating stunting and
its determinants. However, some models above fall short of the researcher's expectations, such
as the fact that there is no significant variable, making them very challenging to interpret. In
this paper, we are interested in handling the problem above by applying data reduction
strategies using rough set theory in the preprocessing phase and implementing them for
stunting data sets in Solok Regency, West Sumatra Province, Indonesia. There are three types
of data reduction: removing inconsistent samples, irrelevant attributes, or both, so three kinds
of modified models will be used in this paper, namely Logistic Regression Reduction Rough
Set (LR3S) type I, II, and III. The classic and modified models were compared using
performance model criteria, which include precision, recall, F1-score, accuracy, ROC curves,
and AUC values. It was determined that the stunting data set was unsuitable for the classical
logistic model, and the best model was built by removing inconsistent observations (LR3S
type I). At a 5% significance level, the best model indicates the factors significantly influencing
stunting incidence: exclusive breastfeeding, birth weight, smoking family, immunization, and
gender. Stunting classes are not considerably differentiated by factors such as worms, clean
water, comorbidities, hygienic latrines, and health assurance in Solok Regency. A priority
program and policies for stunting prevention in this regency can be developed by
considering the extent of these factors' major influence.

Keywords: logistic regression; the risk factor of stunting; rough set theory; data reduction;
inconsistent samples; irrelevant attributes
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1. INTRODUCTION

Stunting is a chronic malnutrition issue caused by insufficient nutritional intake over
a prolonged period due to the availability of food that does not satisfy dietary needs.
Stunting can occur from the fetal stage and only becomes apparent when the child is two
years old. This condition is presented with a height-for-age z-score less than -2 standard
deviations (SD) based on the WHO growth standards (WHO, 2010). According to the WHO
guidelines, stunting prevalence in each area must be reduced to less than 20% (Kemenkes,
2022). Reducing stunting prevalence became the objective of the Sustainable Development
Goal's key indicator number 2.2 (United Nations, 2022) and the Global Nutrition Target for
2025 (WHO, 2024). According to Presidential Decree No. 72/2021 on the acceleration of
stunting reduction, the Indonesian government pledged to cut the prevalence of stunting
by 14% by 2024. Meanwhile, the Ministry of Health of the Republic of Indonesia
performed the Indonesian Nutrition Status Survey (SSGI) and discovered that 21.6% of
children in Indonesia suffered from stunting in 2022 (Kemenkes, 2024). Thus, the acceleration
of reducing stunting prevalence has become the Indonesian government's priority program as
outlined in the 2000-2024 development.

One strategy to reduce the stunting prevalence is to investigate the risk factors. Some
previous studies in Indonesia reported that stunting incidence in toddlers was associated with
factors such as birth weight (Katoch, 2022; Wijayanti & Nurseskasatkmata, 2022; Podungge et
al., 2021; Putri et al., 2021); gender (Supadmi et al., 2024; Sihotang et al., 2023); exclusive
breastfeeding (Andika et al., 2024; Sihotang et al., 2023; Podungge et al., 2021; Resiyanthi &
Yanti, 2021); sanitation and hygiene environmental factors (Ernawati et al., 2024; Adi et al.,
2023; Badriyah & Syafiq, 2017); worms (Adrizain et al., 2024; Benvenuto et al., 2022; Paun et
al., 2021); immunization (Permatasari et al., 2023; Brahima et al., 2020), and smoke exposure
(Saenong et al., 2024; Muchlis et al., 2023; Panggabean et al., 2023). Research on stunting risk
factors, particularly in toddlers, can help the government create policies and programs to
accelerate the decrease in stunting.

One way to analyze the factors affecting the occurrence of stunting is through machine
learning modeling. Any model represents a few characteristics of a real issue in a simplified
manner (Aziz, 2010). However, using ML models sometimes does not yield the expected
results, making them difficult to interpret. One of the common issues in ML modeling is that
the model has a reasonably high accuracy, but only a few or none of the variables are
significant. Some research studies in ML models found that the original dataset problems
cause issues in various models. Thus, a preprocessing stage is required before performing the
ML model (Osisanwo et al., 2017). It has been proven that preprocessing the data can improve
the ML model's performance (Rahhali et al., 2024; Sami et al., 2021; Iliou et al., 2015). Many
approaches can be used in the data preprocessing process, one of which is by using rough set
theories (RST) strategies to perform data reduction before further modeling. RST data
reduction in ML modeling has been demonstrated in several prior research studies to enhance
model performance through the variable selection process (Bhukya & Manchala, 2023; Kaka-
Khan et al., 2022) and observation selection (Efendi et al., 2019, 2024; Rahmi et al., 2024a,
2024b; Rasyidah et al., 2023).

Literature studies reveal that some researchers applied RST data reduction before
constructing the logistic regression (LR) model. Most of the previous research related to the
integration of RST and logistic regression focused on applying attribute selection to reduce data
because it is assumed that some factors are irrelevant or not important to the dependent (Li,
2014; Liu et al., 2014; Kim et al., 2008). However, some studies in LR use variables that have
been supervised. In other words, they have followed the existing mechanisms in the system, so
there is no reason to eliminate these variables in the model. As a result, alternatives are required
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for data reduction, such as removing inconsistent observations (Rahmi et al., 2024a, 2024b).

According to some research about the examination of stunting risk factors, the LR model
is one of the machine learning methods that researchers have utilized extensively (Permatasari
et al., 2023; Bhowmik & Das, 2019; Rakhmahayu et al., 2019; Ohyfer et al., 2017). The extent
to which the observed variables impact the risk of stunting can be ascertained by LR
modeling. This paper applied the RST approach in data preprocessing before building the
LR model for the stunting data. Three types of data reduction were used. The first type is
reducing data by eliminating inconsistent samples initiated by Efendi et al. (2019; 2024) and
modified by Rahmi et al. (2024a, 2024b). The second one is the reduction variable, which is
a common RST strategy in reduction data. The last type is data reduction, which removes
irrelevant variables and inconsistent samples. The LR model results for three data reduction
types were compared to the ordinary LR. The primary objective of this study is to apply the
new RST strategy for data reduction in preprocessing data to enhance the LR model's
performance in analyzing the stunting risk factor. The best model was then analyzed to
recommend a policy to lower the prevalence of stunting.

2. MATERIALS AND METHODS
2.1. Data

Solok Regency is one of the districts in West Sumatra Province with a high stunting
prevalence rate of 24.2% in 2023. The secondary data was collected from the Solok Regency
Health Service in 2023. In this study, there are 10 conditional attributes (independent variables)
as presented in Table 1.

Table 1. List of conditional attributes (independent variables) in stunting data

Conditional Attribute (Independent Variable) Categories

Sex (X1) Female (0); Male (1)
Birth Weight (X>) Low (0); Normal (1)
Exclusive Breastfeeding (X3) No (0); Yes (1)
Healthy Latrines (X4) No (0); Yes (1)
Clean Water (Xs) No (0); Yes (1)
Health Insurance (Xe) No (0); Yes (1)
Worms (X7) No (0); Yes (1)
Immunization (X3) No (0); Yes (1)
Smoking Family (Xo) No (0); Yes (1)
Comorbidities (Xio) No (0); Yes (1)

A decision attribute (dependent variable) is the stunting status of children under five with
two categories, namely " stunting" and "severe stunting". This category refers to the WHO
growth standard deviation table. A child is considered stunted if the (-3 < z-score <-2) and
severely stunted if (z-score <-3).

2.2. The Proposed Modified Data Reduction Using RST
In this study, three types of modified data reduction are proposed using RST before

modelling the LR model. Overall, the procedure of data reduction using RST is provided in
Figure 1.
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Figure 1. Three types of data reduction: type I (removing inconsistent samples), type Il (removing
irrelevant attributes), and type III (removing inconsistent samples and irrelevant attributes)

The RST Procedure for Data Reduction Type I - As initiated by Rahmi et al. (2024a,
2024b), the proposed algorithm is detailed step by step in this paper. This procedure has been
modified based on the previous works by Efendi et al. (2024; 2019) and Rasyidah et al. (2023)
by adding the probability approach. The following is the detailed procedure of this
algorithm.

Suppose D is a binary decision attribute, C;, C, ..., Cy are k condition attributes, and n
samples are P;, P>, ..., P, the decision system (DS) can be written as:
DS = (U,F)=(U,F=CuD/{VIf € F}I;|f €F) Eq. 1

From Eq. (1), U= (P, P>, ... P»), C=(C}..., Cx), D = binary dependent attribute (Yes/No), Vis
a set of values f € F, and Ir: U — V} is a function that maps samples from U to a single value
inV,

f.

The proposed algorithm related to sample reduction is as follows:

a. Verify the decision table is inconsistent.
To verify the decision table is inconsistent, for i # j, show that:

3(P, P;) € UxU [Ve € C|I.(P) = 1. () A 14(P) # 14(P;)] Eq.2
b. Define the equivalence class (EC) of DS based on condition attributes.
EC={(P,P;) €UxU|VceCIl(P)=1.(P) Eq. 3

c. For every equivalence class, according to condition attributes, define the approximation
of a set using the discernibility relation.
Let DS be a decision system, X € U. The estimate of a set X is verifiable with the available
information in the set of condition attributes C by forming the C-lower and C-upper

approximations of X, which are signified by CX and CX, respectively, in which:

CX={xeU| [x]JcEX]}, Eq. 4
CX={xeUl|[xJc NXF¢). Eq.5
C-boundary region of X: BRc (X) = CX— CX Eq. 6

d. Divide DS into the following subsets:
DS = (Sc, Sica), Sicezs -, Sic);
where Sc= U {{xe ECi} | BRec@(X) = ¢}, and
Sicg= {{x € EC;} | BRecg) (X) # ¢}
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n(y) n(y’)

n (Sicep) n (Sicep)
where Y= {x € Sicj | I;(x) = Yes} and YV’ = {x € Sic | I;(x)= No}.

f. Based on step (e):
If P;; = P, then remove Vx € Sicg).
If P;j < P, remove Vx € Y.
If P;; > P, remove Vx € Y.

g. Based on step (f), a consistent decision system is produced after removing specific

objects.

e. Forevery x € Sicg), count Py ; = dan P,; =

The Proposed Data Reduction Type II - In this study, attribute reduction was carried
out by applying the concepts of reduce and core, as explained in some literature (Cao, 2021;
Pessoa & Stephany, 2014; Pawlak, 1998). Many researchers have applied this procedure (Li,
2014; Liu et al., 2014; Kim et al., 2008; Yaile et al., 2007). After the reductions are obtained
in the RST procedure, the proposed algorithm related to attribute reduction is outlined as
follows:
a. Determine the core for each class equivalent based on the reduction values obtained.
b. Variables that appear as core are important in the model and are maintained.
c. Remove variables that are not the core of the data set.
d. Data that has been reduced will become a new data set, hereinafter referred to as type

IT reduced data.

The RST Procedure for Data Reduction Type III - Data reduction type III is obtained
by combining the process of sample reduction and attribute reduction. In the first step, the data
reduction type I procedure is applied to detect and remove inconsistent samples. After that, the
data reduction type Il procedure is used to select the relevant attributes.

2.3. Research Method

This paper proposes a novel integrated classification method combining RST and binary
logistic regression analysis. It emphasizes how crucial it is for researchers to think about data
quality before conducting any additional analysis. The first step is preprocessing data by
reducing the data using the RST technique. As mentioned in Section 2.2, data reduction can
be divided into three types. The first type of data reduction is obtained by removing samples
that are detected as inconsistent. The second one is obtained through attribute selection, where
the rough set eliminates irrelevant attributes for the decision variable. Furthermore, removing
inconsistent samples and unnecessary attributes yields the third form of data reduction. The
next stage is to build several LR models on the original data (without reduction) and the reduced
data. The models tested in this study are presented in Table 2.

Table 2. Various model proposed and their characteristics of data reduction

Model Logistic Regression (LR) Data Reduction
Original LR (OLR) No data reduction
LR3S type 1 Data reduction type I
LR3S type I Data reduction type I1
LR3S type III Data reduction type 111

These models are used on the stunting data set and contrasted with several performance
models, including precision, recall, F1-score, accuracy, ROC curves, and AUC values. The
overall work in this research is presented as a framework, as seen in Figure 2.
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Figure 2. Proposed Research Framework

3.  RESULTS AND DISCUSSION

This study implements the classic model LR and three modified models to determine
the risk factor of stunting in Solok District, Province of West Sumatra, Indonesia. The first
step in the data analysis method is to convert the original data into a decision system with ten
condition attributes. The stunting class, which is further subdivided into stunting and severe
stunting, is the decision attribute. This study observed 362 toddlers: 256 experienced stunting,
and 106 experienced severe stunting. As shown in Table 3, the decision system for the
stunting data set has 362 rows and 11 columns.

Table 3. Decision system of data stunting

Toddler X] Xz X3 X4 Xs X6 X7 Xs X9 X]o Y
Ti 0 1 1 1 1 0 0 1 1 1 0
T, 1 1 1 1 1 0 0 1 1 0 0
T3 0 1 1 1 1 0 0 1 0 0 0
Ts62 1 1 1 0 1 0 0 1 0 0 1
Another way to write the decision system in Table 6 is as follows:
DS=(U,F)=(UF=CcuY{ViIf eFLIIf €F), Eq.7

U= (T, To, ..., T362)
C= (X1, X, ..., Xi0)
Y = Stunting class

Based on a preliminary diagnostic analysis, it is informed that the decision table of the
stunting data set is inconsistent, so all three types of data reduction using RST are applicable.

3.1. OLR Model

Initially, the OLR model, which uses original data (before the reduction process), was
employed. There are ten independent variables and 362 observations in the modeled data. Table
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4 displays the estimated findings of the OLR model coefficients. It is evident from Table 4
that absolutely none of the ten independent variables in the model are significant. In addition,
as illustrated in Figure 3(A), the performance model values, including precision, recall, F1-
score, and accuracy, are reasonably good. Figure 3(B) shows the ROC curve with an AUC
value of 0.58, which falls into the fail category according to the AUC value criteria
(Corbacioglu, 2023). Therefore, it is not appropriate to apply this model.

Table 4. The estimated parameter of the OLR model

Variable Coefficient (B) Significance Exp(B)
Gender (X)) 0.195 0.418 1.215
Birth Weight (X») -0.505 0.169 0.604
Exclusive Breastfeeding (X3) -0.307 0.231 0.735
Healthy Latrines (X4) -0.103 0.690 0.902
Clean Water (X5s) 0.342 0.346 1.408
Health Insurance (Xs) -0.393 0.164 0.675
Worms (X7) 1.161 0.423 3.192
Immunization (X3) -0.059 0.828 0.943
Smoking Family (Xo) -0.213 0.553 0.808
Comorbidities (Xio) 0.232 0.716 1.261
Constant -0.095 0.953 0.910
(A) (B)
100 99.22 OLR: ROC Curve
82.7 -
80 70.75 70.44 N
60 s
{-f 0.6
40 ;
20 e
0
M Precision Recall F1-Score m Accuracy - 05 5 o o5 ;;L — ;0

False Positive Rate

Figure 3. The performance of the OLR model. (A) precision, recall, F1-score, and accuracy, (B)
ROC Curve and AUC

3.2. LR3S Model Type 1

The LR3S model type I is constructed for data reduction type 1. Firstly, 144 observations
were detected as inconsistent samples. Next, by applying the algorithm of data reduction type
I, 89 observations were discarded from the data set. Thus, out of the 273 observations in the
LR3S type I model, 231 had stunting, and 42 had severe stunting. The results of the LR3S
type I model are presented in Table 5. Unlike the OLR model, most of the variables in
the LR3S type I model have a significant effect at the 5% test level. As illustrated in
Figure 4(A), the precision, recall, F1-score, and accuracy values are also reasonably good.
Additionally, the resulting model's AUC value of 0.82 indicates that it is appropriate for
use, as shown in Figure 4(B).
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Table 5. The estimation of the LR3S type I model coefficients
Variable Coefficient (B) Significance Exp(B)
Gender (Xi) 0.844 0.041 2.328
Birth Weight (X») -1.357 0.005 0.257
Exclusive Breastfeeding (X3) -1.564 0.000 0.209
Healthy Latrines (X4) -0.747 0.067 0.474
Clean Water (Xs) 0.832 0.175 2.299
Health Insurance (X) 0.100 0.816 1.105
Worms (X7) 2.558 0.089 12.908
Immunization (Xs) -1.061 0.009 0.346
Smoking Family (Xo) -1.355 0.006 0.258
Comorbidities (Xio) 1.277 0.087 3.588
Constant 1.214 0.662 3.367
(A) (B)
100 88.28 /.84 92.81 87.18 LR3S type I: ROC Curve
80 1.0
60 0.8
40 é 0.6
20 i
O 0.2
M Precision Recall F1-Score Accuracy 2

0.0 0.2 04 0.6 08 1.0
False Positive Rate

Figure 4. The performance of the LR3S type I model. (A) precision, recall, F1-score, and accuracy,
(B) ROC Curve and AUC

3.3. LR3S Model Type 11

The LR3S type Il model was developed using a type II reduction technique. Based on the
procedure for data reduction type II, it is concluded that two variables have to be removed
because they are not included in the decision rule. Consequently, the outcomes of the LR3S
Type II consist of 362 observations and eight variables. The results of the LR3S type II
model are presented in Table 6. None of the eight independent variables in the model is
significant at all, as Table 6 makes clear. Furthermore, as shown in Figure 5(A), the
performance model values, including precision, recall, Fl-score, and accuracy, are
comparatively reasonable, just like the OLR model. However, with an AUC value of 0.58, the
ROC curve in Figure 5(B) is classified as failing based on the AUC value criteria.
Consequently, this model is not appropriate for applying to Stunting Data.

Table 6. The estimation of the LR3S type I model coefficients

Variable Coefficient (B) Significance Exp(B)
Gender (Xi) -0.186 0.438 0.830
Birth Weight (X>) 0.499 0.172 1.648
Exclusive Breastfeeding (X3) 0.293 0.252 1.341
Healthy Latrines (X4) 0.123 0.632 1.130
Clean Water (X5s) -0.328 0.364 0.720
Health Insurance (Xs) 0.372 0.185 1.451
Immunization (X3) 0.054 0.842 1.055
Smoking Family (Xo) 0.242 0.497 1.273
Constant -1.276 0.000 0.279
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Figure 5. The performance of the LR3S type II model. (A) precision, recall, F1-score, and accuracy,
(B) ROC Curve and AUC

3.4. LR3S Type III Model

The LR3S type III model is a logistic regression model developed using data already
obtained through inconsistent sample reduction followed by variable selection. These
elimination procedures yield 273 observations with eight independent variables for the LR3S
type 3 model. Therefore, two variables, X7 (worms) and Xjo (comorbidities), seem useless
because they are not involved in the RST decision-making process. The results of the
estimation and test of the model's coefficients are shown in Table 7. Table 7 indicates that
several variables significantly impact the modeling of the stunting class. Furthermore, as
shown in Figure 6(A), the model performs well based on precision, recall, F1-score, and
accuracy metrics. Likewise, the final model's usability is shown by its AUC value of 0.81,
as presented in Figure 6(B).

Table 7. The estimation of the LR3S type III model coefficients

Variable Coefficient (B) Significance Exp(B)
Gender (X)) 0.752 0.060 2.121
Birth Weight (X») -1.333 0.005 0.264
Exclusive Breastfeeding (X3) -1.451 0.000 0.234
Healthy Latrines (X4) -0.799 0.045 0.450
Clean Water (Xs) 0.785 0.192 2.192
Health Insurance (Xs) 0.203 0.627 1.226
Immunization (Xs) -1.069 0.007 0.344
Smoking Family (Xo) -1.419 0.003 0.242
Constant 1.404 0.000 4.073
(A) (B) LR3S type Ill: ROC Curve
100 g731 827 9247 . . o
80 0.8
60 2
40 :
20 g
0 0.2
M Precision MRecall ®F1-Score M Accuracy ) Soc cune ren = 0200

0.0 0.2 0.4 0.6 0.8 1.0
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Figure 6. The performance of the LR3S type III model. (A) precision, recall, F1-score, and accuracy.
(B) ROC Curve and AUC
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3.5. The Determination of the Best LR Model

This study employs classical and modified logistic regression models to identify the
variables impacting the incidence of stunting and severe stunting in toddlers. Four models
are used in this study, namely OLR and LR3S types I, 11, and III. Modifying the LR model
can be a consideration for future researchers, especially in cases where the resulting model
is unsatisfactory. This model may be poor due to issues in the data, such as inconsistent
samples, irrelevant variables, or a combination of both. Therefore, researchers may perform
data preprocessing by eliminating problematic data sections. The modified model is
invaluable for studies that collect data through surveys, as it allows researchers to improve
the model by preprocessing the data whenever they find a less satisfactory model, saving the
need to conduct the survey again.

The performances of the four models used are compared in this section to identify
the best model, which will serve as the foundation for investigating stunting risk in the
Solok district. Table 8 and Figure 7 compare how well the four LR models performed.
Figure 7(A) shows that all four models perform reasonably well regarding precision, recall,
F1-score, and accuracy. Nevertheless, none of the OLR and LR3S type II model variables are
significant. Furthermore, the ROC curve and the AUC values generated for the OLR and
LR3S type II indicate that these models are unsuitable for application, as seen in Figure
7(B). Thus, the plausible candidate models are the LR3S type I and LR3S type III models.
Except for the recall value, which is marginally lower than that of the LR3S model, the
LR3S type I model outperforms the LR3S type III model according to all performance
metrics. As a result, the LR3S type I model is the best of the four models used and will
be employed to examine stunting risk in Solok Regency.

Table 8. Performances of LR Models on Stunting Data
Number of Sig. Var

Model Obs. (@ =5%) Recall Precision Fl-score Accuracy
- (1]
OLR 362 0 70.75 99.22 82.70 70.44
LR3S type I 273 5 88.28 97.84 92.81 87.18
LR3S type II 362 0 70.83 99.60 92.31 70.70
LR3S type III 273 5 87.31 98.27 92.47 86.45
(A) (B)
100 Comparison of ROC Curves (Cleaned Data)
80 1.0
60 08
40 5 0.6
20 ;
0 A
Precision Recall F1-Score Accuracy 02
OLR M LR3S type | mLR3S type Il m LR3S type lll 0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 7. Comparison of LR models' performances. (A) precision, recall, F1-size, and accuracy. (B)
ROC Curve and AUC

This result is also pertinent to the data used, as the variables used are those that Solok
Regency policymakers have determined as important in reducing stunting. As a result, all
variables remain in the model (no variable reduction), and the variables' degree of significance
and impact will be considered when creating priority stunting prevention programs. Based on
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the LR3S type I model, the variables' positions according to their significance levels are
displayed in Table 8. Variables with the smallest p-value are considered the most crucial
factor in modeling, and vice versa. Table 8 shows that at a 5% significance level, five variables
significantly differentiate stunting classes, namely exclusive breastfeeding (X3), birth weight
(X2), smoking family (Xo), immunization (Xs), and gender (X;). Meanwhile, the variables
healthy latrines (X4), comorbidities (Xi0), worms (X7), clean water (Xs), and healthy assurance
(X6) do not significantly differentiate stunting classes in Solok Regency.

Next, the significant risk factors differentiating the occurrence of stunting and severe
stunting will be interpreted. The findings found that the risk of toddlers experiencing severe
stunting is lower in those who are exclusively breastfed (OR = 0.2), those who are born with
normal birth weight (OR = 0.3), and those who receive complete immunization (OR = 0.4).
Interestingly, toddlers with family members who smoke also have a lower risk of experiencing
severe stunting (OR = 0.3). Additionally, the findings indicate that boys are more likely than
girls to suffer from severe stunting based on gender.

Table 8. List of independent variables based on significance level in the LR model

Order Variable Significance Odd Ratio (OR)
1.  Exclusive Breastfeeding (X3) 0.000 0.2
2. Birth Weight (X») 0.005 0.3
3. Smoking Family (Xo) 0.006 0.3
4.  Immunization (Xs) 0.009 0.4
5. Gender (X)) 0.041 2.3
6. Healthy Latrines (Xa4) 0.067 0.5
7. Comorbidities (Xio) 0.087 3.6
8. Worms (Xy) 0.089 12.9
9. Clean Water (Xs) 0.175 2.3
10. Healthy Assurance (Xe) 0.816 1.1

Considering the study results, breastfeeding is the primary factor that differentiates
between the incidence of stunting and severe stunting among the risk variables affecting
these conditions. According to the findings, toddlers who are exclusively breastfed have a
decreased chance of experiencing severe stunting. This result is in line with earlier studies
that demonstrate that one of the primary risk factors for the development of stunting or
severe stunting in babies is not receiving exclusive breastfeeding (Agussalim et al., 2024;
Andika et al., 2024; Panggabean et al., 2023; Sihotang et al., 2023; Podungge et al., 2021;
Resiyanthi & Yanti, 2021). With exclusive breastfeeding, the immune system is well developed
and shielded from infectious illnesses that could compromise nutritional conditions (Fatimah et
al., 2021). However, Badriyah's research (2017) found that toddlers who were not exclusively
breastfed were less prone to experience stunting. This condition suggests that numerous other
factors influence the likelihood of children having stunting or severe stunting and that exclusive
breastfeeding is not the only factor determining the occurrence of stunting or severe stunting.
For example, even if toddlers receive exclusive breastfeeding for 6 months but are not
supported by sufficient nutritious food intake, it will undoubtedly increase the chances of the
children experiencing stunting or severe stunting. Thus, in addition to ensuring that the baby
receives exclusive breastfeeding, it is also important to consider other variables that may affect
the occurrence of stunting or severe stunting.

Furthermore, studies indicate that infants with normal birth weight are less likely to
suffer from severe stunting. The results align with research results (Agussalim et al., 2024;
Suwarni et al., 2023; Siswati, 2019). Babies with low birth weight have skinny bodies and
look very small, which is different from babies with normal birth weight. If the baby fails
to grow at an early age, within 2 months, the risk of failure to grow in the following
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period will be even greater. Therefore, birth weight is an essential measurement of newborn
babies and is the best indicator for measuring nutritional status, child growth, and
development.

The next significant variable in the Solok Regency stunting model is smoking families.
Some previous studies have demonstrated that smoking in a family can increase the risk
of stunting. It can happen due to second-hand exposure to cigarette smoke and reduced access
to nutritional food (Muchlis et al., 2023; Cao et al., 2022; Shinsugi & Mizumoto, 2022).
Interestingly, it is found in this research that smoking family members is one of the
significant factors of stunting risk. Still, contrary to the previous studies, the result indicates
that the risk of severe stunting is lower for children with smoking families. It could have
occurred because a family member was smoking outside the house to protect the kids from
cigarette exposure.

The other significant factor associated with stunting in this study is immunization records.
This study found that the under-fives who received complete basic immunization were at 0.4
times lower risk of experiencing stunting than the under-fives who did not receive complete
basic immunization. This result supports the findings of earlier studies (Permatasari et al., 2023;
Shinsugi & Mizumoto, 2022). One particular objective of childhood immunization is to reduce
the risk of morbidity and mortality in children from diseases that vaccines can prevent. Children
who receive vaccinations are more likely to experience lower rates of morbidity and mortality
from diseases that can be avoided by vaccination. Toddlers who do not receive all of their
recommended essential vaccinations will develop infections and lose their appetite, resulting in
inadequate nutritional intake and stunting (Arsyad et al., 2023).

Moreover, the findings reveal that a child's gender is a significant predictor of stunting
and severe stunting, with boys being more likely than girls to have severe stunting. The
findings align with previous research by Jiang et al. (2014), Thurstans et al. (2020), and
Supadmi et al. (2024). Boys are more susceptible to infection and malnutrition due to sex
differences in growth trajectories and immune function that start during pregnancy. However,
parents and the home environment are shaped by social and cultural norms, which interpret
these biological differences and affect feeding and care practices (Thompson, 2021).

Considering the results of this investigation, the importance of exclusive breastfeeding,
normal birth weight, and complete immunization to prevent accidents of stunting or
severe stunting must be campaigned intensively. Furthermore, initiatives to discourage
family members from smoking at home can greatly lower the amount of second-hand smoke
indoors, improving air quality and creating a healthier living space. A healthier living
environment and better air quality can result from initiatives to reduce family smoking at
home, drastically lowering the amount of second-hand smoke indoors. Of course, it is better
if all of the smoking family members can stop their habit. This decision may significantly
impact pregnant women, small children, and other vulnerable groups. A healthier living
environment and better air quality can result from campaigns to reduce family smoking at
home, drastically lowering the amount of second-hand smoke indoors.

Furthermore, as evident in the results, boys may be more susceptible to stunting
because of sex differences in immune function and growth trajectories that begin in utero.
Social and cultural norms around inappropriate newborn care methods within the family
may contribute to this situation by increasing the likelthood of disease. Infants' and
children's growth and immune development can be affected by stunting, which can be
influenced by how they are fed and cared for. However, stunting or severe stunting can be
influenced by a wide range of factors, each of which has varying degrees of importance.
Therefore, policies and programs aimed at lowering the prevalence of stunting must be
implemented comprehensively while also considering program priorities for the factors that
have the most significant impact on stunting incidence.
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4. CONCLUSION

This study examines the risk factors of severe stunting in high-risk areas of stunting
in Solok Regency, West Sumatra Province, Indonesia, by using ordinary logistic regression
(LR) and some modified LR models by applying rough set theory (RST) in data reduction. Data
can be reduced in three ways: by removing inconsistent samples, irrelevant attributes, or both.
Three types of modified models, Logistic Regression Reduction Rough Set (LR3S) type 1, II,
and III, have been employed in this study according to each type of data reduction. Based on
some criteria, this research finds the classical model (OLR) inappropriate for this stunting data
set. Applying the data reduction procedure in data processing using RST found that the
modified model, which removed inconsistent samples (LR3S type I), is the best model among
the four models used. Based on the best model, it is found that at a 5% significance level, five
variables significantly differentiate stunting classes, namely exclusive breastfeeding, birth
weight, smoking family, immunization, and gender. Meanwhile, the variables healthy latrines,
comorbidities, worms, clean water, and healthy assurance do not significantly differentiate
stunting classes in Solok Regency. Priority programs and strategies for preventing stunting
in Solok Regency can be developed by considering the degree of significance of these
factors' influence.

The proposed model is expected to be useful for researchers in various fields,
especially in the field of study that uses surveys in data collection. It is challenging to
prevent human and material errors that cause problems in the dataset. The existence of
inconsistent samples or irrelevant variables can impact the performance of the logistic
regression model. Researchers have alternative models that can be used when there are
inconsistent samples or irrelevant variables in the survey data. If they find the model
unsatisfactory, they can avoid conducting new surveys or collecting more data, which would
require a significant investment of time, money, and energy.
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