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Abstract— Stunting is one of the nutritional problems that can hinder the growth and development process 
in toddlers. Untreated stunting can lead to fatal outcomes. Previous research on the factors that exist in the 
incidence of stunting mostly used multivariate analysis. Previous research on stunting factors has primarily 
used multivariate or correlation analyses. However, this study uniquely focuses on establishing causal 
relationships between these factors, a crucial step in improving early diagnosis for stunting prevention and 
treatment. The data used in this research was 83 data on stunting incidents and consisted of eight parameters. 
The purpose of this study is to model the causal relationship between factors that represent the incidence of 
stunting. This study uses two simple causal approaches, namely the Peter-Clark (PC) algorithm to obtain the 
initial concept of a graph model of the relationship between variables and the Greedy Equivalence Search (GES) 
algorithm to refine the model by obtaining the direction of the causal relationship. There are six bi-directed 
relationships that have been found, namely from food variables to support; maternal knowledge with 
sanitation; Height/Age and Weight/Age with Child Nutrition; height/age with weight/age and stunting. In 
addition, both algorithms in this study have successfully obtained a causal model, by comparing performance 
using directional and causal densities that the GES algorithm was able to identify a relationship of 0.66 
compared to the PC algorithm. 

 
Keywords:  causality, greedy equivalence search, peter-clark, stunting. 

 
Intisari— Stunting merupakan salah satu masalah gizi yang dapat menghambat proses tumbuh kembang 
balita. Stunting yang tidak ditangani dapat berakibat fatal. Penelitian terdahulu mengenai faktor-faktor yang 
ada pada kejadian stunting sebagian besar menggunakan analisis multivariat. Penelitian sebelumnya 
mengenai faktor-faktor stunting lebih banyak menggunakan analisis multivariat atau korelasi. Namun, 
penelitian ini secara unik berfokus pada pembentukan hubungan sebab akibat antara faktor-faktor tersebut, 
yang merupakan langkah penting dalam meningkatkan diagnosis dini untuk pencegahan dan penanganan 
stunting. Data yang digunakan dalam penelitian ini sebanyak 83 data kejadian stunting dan terdiri dari 
delapan parameter. Tujuan dari penelitian ini adalah untuk memodelkan hubungan sebab akibat antara 
faktor-faktor yang mewakili kejadian stunting. Penelitian ini menggunakan dua pendekatan kausal 
sederhana, yaitu algoritma Peter-Clark (PC) untuk mendapatkan konsep awal model grafik hubungan antar 
variabel dan algoritma Greedy Equivalence Search (GES) untuk menyempurnakan model dengan 
mendapatkan arah hubungan kausal. Hasil model pada penelitian ini mendapatkan enam arah hubungan 
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secara dua arah yang telah ditemukan, yaitu dari variabel pangan dengan dukungan; pengetahuan ibu 
dengan sanitasi; Tinggi Badan/Umur dan Berat Badan/Umur dengan Gizi Anak; tinggi badan/umur dengan 
berat badan/umur dan stunting. Kedua algoritma dalam penelitian ini telah berhasil mendapatkan model 
kausal, dengan melakukan perbandingan kinerja menggunakan densitas terarah dan kausal bahwa algoritma 
GES mampu mengidentifikasi hubungan sebesar 0.66 dibandingkan dengan algoritma PC. 
 
Kata Kunci: kausal, greedy equivalence search, peter-clark, stunting. 
 

INTRODUCTION 
 

Stunting is a condition of failure to grow and 
develop in children. Stunting in babies and toddlers 
is brought on by either a persistent lack of nutrients 
or food consumption that falls short of 
recommended daily allowances [1]. In toddlers or 
children under five, stunting can lead to decreased 
growth and development, poor learning outcomes, 
and an increased risk of infection [2]. The 
consequences that stunting sufferers have are 
direct and can even have a long-term impact, and if 
not treated, will result in death. Zero Hunger has a 
goal in sustainable development with key indicators 
and is included in the 17 main targets of Global 
Nutrition in reducing stunting rates, especially for 
2030 [2]. The incidence of stunting in Indonesia has 
a high prevalence rate. The prevalence of stunting 
incidence in 2018, was 31.91%, with a population 
vulnerable to stunting of 17,591,715 people [3]. The 
cases are distributed in Sumatra, Kalimantan, 
Sulawesi, Java, and Papua. This incidence over time 
decreased in 2020 compared to 2019 by 22% [4].  
However, the decline did not provide a significant 
change. The occurrence of stunting in toddlers is 
often not realized, and after two years, it is seen that 
the toddler is short. Chronic nutritional problems in 
toddlers are caused by insufficient nutritional 
intake for a long time due to parents/families not 
knowing or not being aware of providing food that 
is in accordance with their child's nutritional needs 
[5], [6]. 

Applications in artificial intelligence 
technologies such as machine learning [7], [8]; 
Expert System [9], and so on, which is a very useful 
innovation in helping in the health sector. Stunting 
data can be processed using a variety of 
computational techniques, but there are still some 
drawbacks. For example, typical machine learning 
algorithms may need lengthy training times and 
comprehensive computing, which makes them 
ineffective when utilized in resource-constrained 
environments. However, leveraging ML and DL 
models cannot achieve this goal directly. This 
approach largely or fundamentally does not look 
deeper into the causal relationship between the 
input and output variables P(Y|X) [10], [11]. In 
contrast, to address the above generative models, a 

technique known as causal modeling or causal 
discovery can be used. Basically, the causal model 
studies how the variable Y (causation) can only 
change its value depending on the variable X 
(causation) [12]. A primary objective across many 
sciences, particularly those in the therapeutic 
domain, is to find generative models. Such a model 
makes clear how the values of the variables in the 
data are obtained [10]. 

A novel approach to cause and effect research 
of a variable is called causation [13]. The aim of 
causal discovery is to find the causal structure, or 
the method under which one predictor variable 
causes another predictor variable and/or the 
desired result [13]. Causal relationships are 
generally divided into four types of edges, namely 
1.) directed edges to represent the causal 
relationship of the parent/causal variable to the 
inheritance of the effect, 2.) undirected edges where 
between each connected variable cannot be defined 
the causal relationship, 3.) bidirectional edges 
represent whether the variables can be the cause or 
effect of each other, and finally 4.) edges that 
represent whether there are latent variables. In the 
case of cancer, we are embarking on a study that 
delves into the (probable) cause-and-effect 
relationship between quality of life in the sufferer 
[11].  For example, in the case of cancer patients 
with low quality of life status, they are very sensitive 
to their emotions and the emotions that arise cause 
poor sleep quality (insomnia). Thus, unstable 
emotional impacts have an impact on other 
cognitive functions. Thus, in order to address risks 
and develop solutions, it is essential to understand 
these cause-and-effect relationships.  

Previous research has been conducted on 
stunting, such as determining the correlation 
between symptom factors and the incidence of 
stunting [7], identifying causal to the incidence 
factor of stunting disease [14], prediction on 
stunting prevalence with linear model [15], 
understanding determinants of childhood stunting 
reduction applied using the standardized mixed-
methods framework [16], and diagnostic predictive 
model for determining child stunting [17]. Some 
studies perform identified causality, such as quality 
of life factors in cancer [11], in three clinical 
datasets [18].  However, the study only looks at the 
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results of the correlation relationship and needs to 
understand and look more deeply at the 
relationship between cause and effect. The causal 
method is technically divided into two: the 
constraint-based approach and the score-based 
approach [11].  There are several approaches or 
algorithms in identifying causality, namely, Peter-
Clark (PC), Greedy Equivalence Search (GES), Fast 
Causal Inference (FCI), Stable Specification Search 
(S3C)- Latent [11]. 

Based on the explanation above, there have 
been many studies related to the incidence of 
stunting, both with correlation, deep learning, and 
machine learning approaches. However, the 
statement by Spirtes et al. cited in studies [11] that 
do not answer fundamental questions about causal 
relationships. Therefore, understanding a causal 
relationship will help in understanding the problem 
and thus designing intervention models to help 
treatments and therapies that can reduce the 
incidence of stunting.  Another research conducted 
in [18] has implemented simple causal algorithms 
namely Peter-Clark (PC) and Greedy Equivalence 
Search (GES), but used 3 clinical datasets namely 
“heart disease, diabetes, and hepatitis”. However, 
the study only implemented one algorithm for one 
clinical dataset case. This research aims to designing 
interventions such as treatment and therapy that 
can reduce the incidence of stunting. Other research 
that has been conducted in [18] has applied simple 
causal algorithms, namely Peter-Clark (PC) and 
Greedy Equivalence Search (GES), but using 3 
clinical datasets such as "heart disease, diabetes and 
hepatitis". However, the study only implemented 
one algorithm for one clinical dataset case. So, in this 
study, the two algorithms will be re-implemented 
with the clinical dataset "incidence in stunting" to 
obtain a model of causal relationships. Based on the 
explanation above, this study will identify the causal 
relationship in the stunting incidence dataset using 
two approaches, namely Peter-Clark (PC) and 
Greedy Equivalence Search (GES), and also to 
determine the performance of each method in 
obtaining a causal relationship model.  Hopefully,  
this  research  can provide an overview and 
recommendations to broaden our understanding of 
this clinical problem. 

 
MATERIALS AND METHODS 

 
The data set used in this study is sourced 

from Kaggle [19] contains 9 parameters and 83 
respondents. Figure 1  shows the dataset details. 
These parameters are related to the recording of 
respondent data, age, weight (BB), height (TB), 
height/age (TB/U), weight/age (BB/U), child 

nutrition, support, maternal knowledge, sanitation, 
culture, and stunting. 

 

 
Source : (Research Results, 2024) 

Figure 1. Dataset Details 
 
To see the relationship between each of these 

parameters, this study will use the Peter-Clark 
Algorithm and the GES algorithm to produce a 
model with visualization using a causal graph 
simulated with related datasets. The present study 
is conducted with following stages, i.e., literature 
study, data pre-processing, causal modeling, 
evaluation, and dissemination. For brief 
methodology, see Figure 2. 
 

 
Source : (Research Results, 2024) 

Figure 2. Research Stages 
 

The research phase begins by conducting a 
literature study to review relevant previous 
research findings [7], [8], [9], [20] with the 
incidence of stunting in children. The second stage 
is data pre-processing; this stage aims to check the 
details of the data set if there are any missing values, 
as well as check the distribution of the data. At that 
stage, the missing value problem can be solved by 
cleaning up using code NewData  
Data[complete.cases(Data),]. The third step is to 
apply the Peter-Clark (PC) and Greedy Equivalence 
Search (GES) algorithms to the prepared dataset. 
Model computation is done using an R package 
named “pcalg” and “GaussL0penObsScore” [18]. The 
output of this stage is a causal model between 
stunting incidence factors. 

In the science of examining cause-and-
effect correlations between variables, causation is a 
novel model [18]. Finding the causal structure, or 
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the pattern of impact between one predictor 
variable and another predictor variable or the 
intended response, is the aim of causal discovery 
[21]. A number of methods or algorithms are 
employed to determine causality, such as S3C 
(Stable Specification Search) Latent [11], PC (Peter-
Clark), GES (greedy equivalency search, FCI (rapid 
causal inference) 

One of the widely used techniques in causal 
structure identification for determining cause-and-
effect linkages between variables is the PC (Peter-
Clark) algorithm. It generates a graph or network 
structure that illustrates the causal linkages 
between variables using conditional independence 
(CI) tests to find causal relationships. in the data and 
generating a graph or network structure that shows 
the causal relationship between variables. There are 
two primary steps in the PC algorithm method [22]. 
The procedure begins by assuming that all variables 
are related to one another, which is followed by an 
edge removal step. The algorithm then eliminates 
edges that do not represent causal linkages and 
methodically runs conditional independence checks 
on every pair of variables. The algorithm then 
moves on to the edge orientation stage, which uses 
causality rules (such as the d-separation rule) to 
determine the direction of the relationship until 
only pertinent edges are left. A directed graph 
illustrating the pattern of causal interaction 
between the variables is the final product. 
 

 
Source: (Afrianto, 2021) [18] 

Figure 3. Peter-Clark Algorithm 
 

According to the aforementioned technique 
on Figure 3 above, the edge between two variables, 
X and Y, is eliminated if they are shown to be 
independent of one another without taking other 

variables into account. The variables that set them 
apart are then saved as a distinct set at each 
iteration. This is accomplished by increasing the 
depth d and looking at a bigger selection of 
variables. A graph showing the causal structure 
between the variables is produced once the 
procedure is complete, at which point no more pairs 
of variables may be separated [23]. A causal model 
with directional and non-directional edges in each 
graph is concluded by the PC algorithm's ultimate 
output, which is partially represented by a 
completed directed acyclic graph (CPDAG) with 
complete side criteria [12]. These rules mainly rely 
on the notion of axilality and the fact that selection 
variables produce unique independent structures 
that allow for the recovery of some v-structures. 

This is different from the greedy 
equivalence search (GES) algorithm. Chickering has 
developed a method for studying a graph structure 
known as greedy equivalence search (GES). The 
learning structure is by studying a relationship 
between variables by looking at cause and effect. 
The GES algorithm is a score-based causal method 
that compares models based on the size of the 
match of a model produced [24], [25]. The GES 
(Greedy Equivalence Search) algorithm for causality 
is used to discover the causal structure between 
variables in the data by mapping the causal 
relationships in the form of a directed graph. At each 
iteration, the algorithm selects changes that 
improve the quality of the causality model based on 
certain statistical criteria, such as Bayesian scores. 
The concept of the GES algorithm can be seen in 
Figure 4. 
 

 
Source: (Chakraborti, 2023) [25] 

Figure 4. The Concept of the Greedy Equivalence 
Search Algorithm 

 
Based on the above concept, the GES 

algorithm uses Bayesian Information Criterion 
(BIC) scores calculated from Gaussian or 
multinomial data for data with larger match sizes. 
GES has two phases, namely forward equivalence 
search (FES; can be seen in Algorithm 2) and 
backward equivalence search (BES; can be seen in 
Algorithm 3). This algorithm originally started as a 
zero-side graph model. Furthermore, any possible 
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single side of the progressive way will be added to 
the DAG until the algorithm reaches the local 
maximum. The addition phase is called forward 
equivalence search (FES) or maximum local FES. 
After the FES phase has reached the local maximum 
or has not experienced an increase in score, the FES 
technique is improving using the BIC. This BIC 
mechanism will repeatedly maximize the increase 
in scores and consider the elimination or addition of 
the addition of the causal relationship side in the 
temporary DAG model . The GES algorithm works in 
two main stages. The first stage is Search. In this 
stage, the algorithm starts with an empty or very 
simple graph. Then, gradually, the algorithm adds 
operation (forward phase) or delete operation 
(backward phase) the relationships between 
variables to build a more complex graph with the 
aim to find the causal structure that best fits the data 
(Can see Figure 5 and Figure 6). The second stage is 
the Greedy Step. In this stage, the algorithm 
selectively chooses increasing changes to build a 
more complex graph (can see Figure 7). 
 

 
Source: (Nur, 2024) [14] 

Figure 5. Forward Phase 
 

In the algorithm pseudocode above, the 
CPDAG (Completed Partially Directed Acyclic 
Graph) structure will be improved by adding one 
edge. First starting with a graph G, the algorithm 
searches for a new graph set M by adding one edge 
to G. From the set M, the graph K with the highest 
score is selected, called S(D,K), which measures the 
graph's match with the dataset D. If graph K has a 
higher score than G, then H is updated to K, and if 
not, then H remains G. The algorithm's goal is to 
improve the graph by adding edges that improve the 
match with the data. The algorithm of the backward 
phase can be seen in Figure 6. 
 

 
Source: (Nur, 2024) [14] 

Figure 6. Forward Phase 
 

This pseudocode shows how to remove one 
edge from a CPDAG (Completed Partially Directed 
Acyclic Graph) to enhance its structure. After 
eliminating one edge from graph G, the method 
creates a collection of graphs M. The graph K with 
the greatest score S (D, K), which measures how 
effectively the model fits dataset D, is then selected. 
If the edge removal produces a higher score than G, 
the graph H is modified to K. The graph H stays G 
else. By eliminating edges that do not make a 
substantial contribution to the model, this approach 
seeks to enhance the causal structure. When the 
forward phase is finished and there are no more 
edges that might raise the scoring criteria, the 
algorithm can at anytime go to the backward phase. 
Technically, the overall algorithm structure of GES 
can be seen in Figure 7. 
 

 
Source: (Nur, 2024) [14] 

Figure 7. Forward Phase 
 

RESULTS AND DISCUSSION 
 

Results 
The results of this study are described to 

obtain a causal model from the application of the 
Peter-Clark (PC) and Greedy Equivalence Search 
(GES) algorithms and to see the direction of the 
relationship between the variables in the data used. 
The demographic characteristics of the research 
subjects were described based on gender, age 
(months), Height (TB), Body Weight (BB), 
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Height/Age (TB/U), Weight/Age (BB/U), 
Weight/Height (BB/TB), Child Nutrition, Maternal 
Knowledge, Food, Culture, Support, Stunting.  

 
Table 1. Demographics Of Respondents (N = 83) 

Parameter 
Indicato
r 

Frequenc
y (N) 

Percen
t (%) 

Genders Male 49 59 
 Female 34 40.9 
Ages (month) 0-30 41 49.4 
 31-59 42 50.6 

Hight for Age (Z score) 
< -2 to ≥ 
-3  

8 9.6 

 ≥ - 2 65 78.3 
 < -3 8 9.6 
Weight for Age (Z 
score) 

< -2 to ≥ 
-3  

73 87.9 

 ≥ - 2 8 9.6 
 < -3 2 2.4 
Stunting Yes 18 21.7 
 No 65 78.3 

Source : (Research Results, 2024) 
 

Table 1 shows that most of the respondents 
in this study are men (59%), most are 31-59 years 
old (42%), the Z-score of TB/Age is mostly ≥ - 2 
(78.3%) while BB/Age < -2 to ≥ -3 (87.9%), and the 
incidence of stunting is mostly in the status of No 
(78.3%). Technically, the research process conducts 
pre-processing by checking the missing value first, 
before then the calculation is carried out. Checking 
for missing datasets using the 
NewDataData[complete.cases(keeps),] code, 
setting the variables to be computed and Gaussian 
conditional independence test for the PC algorithm 
using 0.05.  It then performs identification based on 
the resulting correlation of each variable (can be 
seen in Figure 8). 

 

 
Source: (Research Results, 2024) 

Figure 8. Variable’s Identification Based on 
Correlation 

Based on Figure 8, there are results with 
positive correlation variables >0.30 and negative 
correlation variables <-0.30, i.e., TB.U and Child 
Nutrition, BB.U, Stunting; Maternal Knowledge and 
Sanitation, Food Needs and Support. In this case 
these parameters will be the main reference for 
producing a causal model. After identification and 
performing the above process, the results of the 
causal model with the PC algorithm can be seen in 
Figure 9: (a) True DAG, which is the initial result of 
the causal model framework; and (b) PC Model 
Estimation which is the final model with CPDAG 
graph visualization. In addition, the model results of 
the GES algorithm can be seen in Figure 10. 
 

 

 
(a) 

 
 

 
(b) 

 

Source: (Research Results, 2024) 
Figure 9. Visualization of causal models of stunting 
incidence based on algorithm PC: (a) True DAG; (b) 

Estimated by PC 
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Source: (Research Results, 2024) 
Figure 10. Visualization of causal model of stunting 

incidence based on GES algorithm 
 
The causal model visualization of the two 

algorithms, namely PC and GES above, shows that 
the eight variables produce six relationships that 
are interconnected with each other. Technically, the 
initial results of the PC algorithm will produce a 
causal model framework called the "True DAG", 
which represents the results of the identification of 
causal relationships between variables but not their 
direction. The results of the true DAG produced do 
not differ from the final estimation results with the 
visualization of the CPDAG graph, which is referred 
to as "Estimation by PC". True DAG is the result of a 
model that has repeatedly omitted directions on 
nodes that are not needed to get the estimation 
model framework. Node 1 is the Height/Age 
variable (TB. U); node 2 is the Weight/Age variable 
(BB. U); node 3 is a variable of Child Nutrition; node 
4 is Mother Knowledge; node 5 is Sanitation; node 6 
is Food; node 7 is Support; node 8 is the status of 
stunting events.  

Furthermore, because the results of the PC 
algorithm only produce relationships between 
variables in other words, it does not show the 
direction of the causal relationship. So, the GES 
algorithm produces a causal model that has a 
relationship and shows the direction of cause and 
effect. Based on Figure 9 above, there are six bi-
directional relationships, namely, food variables 
and support; maternal knowledge with sanitation; 
TB. U, BB.U with child nutrition; TB. U with BB. U; 
and TB. U with stunting. The assessment metrics of 
the two algorithms are carried out using Directed 
Density and Causal Density identification, which are 
based on the model estimate outcomes of the PC and 
GES algorithms. Whereas causal density (CD) is a 
directed edge, directed density (DD) represents 
directed edges with the total number of edges in the 

model. For example for DD metric in DAG with three 
known links, of which two are directed and one is 
not. becomes 2/3 = 0.67 [26]. 

 
Table 2. Evaluation of Directed Density (DD) and 

Causal Density (CD) Matrics (%) 
Matrics PC Algorithm GES ALgorithm 
DD 0/6 (0) 0/6 (0) 
CD 1/6 (0.16) 4/6 (0.66) 

Source: (Research Results, 2024) 
 
Based on the evaluation results, the 

performance of the two algorithms based on DD and 
CD can be concluded that the GES algorithm is able 
to identify causal relationships using the CD matric. 
 
Discussion 

The results of the above study show that 
maternal knowledge causes sanitation. This finding 
is in line with the study conducted in [27] and other 
studies, which found a very close relationship 
between the variables of maternal knowledge and 
sanitary behaviour [28]. Mother's knowledge and 
sanitary behaviour are very closely related to 
stunting prevention [27]. Poor access to water, 
sanitation, and hygiene is correlated with the 
substantial global burden of disease and disability 
caused by subsequent famine. Improving access to 
water, sanitation, and hygiene, for instance, may 
reduce infectious disorders like diarrheal illnesses, 
which are associated with an increased risk of 
stunting [28], [29].  A mother needs to pay attention 
to the cleanliness of both herself and the 
environment where she lives, such as the 
management of drinking water, clean food, and 
household waste. The wider the mother's 
knowledge, the better she can show a good attitude 
and do something positive. 

Another relationship obtained from this 
study, namely food and family support, is also very 
necessary to prevent stunting. These results are in 
line with research in [30]. Family activities are 
crucial to ensuring that children under five have a 
healthy diet. Additionally, the satisfaction of all 
demands, including the provision of sufficient 
nourishment, determines the quality of family life. 
Quality of life and physical health are improving. 
According to reports, other family members—
particularly grandmothers who live with mothers—
have a significant influence on decisions about 
infant feeding [31]. This relationship is also 
strengthened by the results of the study in [32], 
which states that the support of the family, as well 
as knowledge in fulfilling nutritional needs, greatly 
determines the health status of children. The 
provision and fulfilment of the nutritional quality of 
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babies and mothers is highly dependent on the 
availability of good and nutritious foodstuffs, so 
family support is also needed to meet these needs.  

In addition, the relationship between TB. U 
has a relationship with the nutritional status of 
children. This relationship is supported by the 
results of the study in [32] also show that the 
support of the family, as well as knowledge in 
fulfilling nutritional needs, greatly determines the 
health status of children. People with conditions 
living in coastal areas can affect the nutritional 
status of children because these communities have 
different socio-cultural conditions from other 
regions, especially in parenting, patterns and food 
needs for children, as well as locations with very 
minimal access to cleanliness, sanitation, water, and 
food [32].  

The next relationship is the BB.U with child 
nutrition has a relationship with being 
strengthened by the results of the study in [33] that 
children with a history of underweight will 
experience a 10 times greater risk of poor 
nutritional status when compared to children with 
normal weight. Children with a history of BBLR have 
poor digestion, which can lead to poor absorption of 
nutrients [34].Weight loss slows or stops linear 
development until weight is recovered and illness is 
addressed. Stated differently, during stress, 
nutritional weight (lean and fat mass) can be 
maintained or restored at the price of linear growth 
(height/length) [35]. 

The correlation between TB.U 
(height/length) and BB.U (body weight) is as 
follows: children with a low weight status and a low 
height increase at the beginning of the period, while 
children with a weight gain and a lower height 
increase more than children with a normal weight 
for their height [36]. Babies with low birth weight 
experience delayed intrauterine growth since they 
are in the womb. This will continue until the baby is 
born when they do not receive support with proper 
parenting and nutritional intake. Ultimately, this 
baby will fail to reach the growth rate that should be 
achieved at his age [37]. 

Furthermore, the relationship between TB. U 
with stunting. Research [38] explained that the 
birth length of children with low status has a 6.29 
times greater risk of stunting than children with 
normal birth length. The incidence of low-height of 
children is also influenced by other factors, namely 
the child's weight status. Children with low birth 
weight are 6.16 times more likely to be stunted than 
children enrolled in the BBLR category, or 60.9% 
more likely to be stunted [39]. Mothers who have 
children with stunting conditions have a habit of 
delaying and providing food intake without paying 

attention to their nutritional needs. This condition 
causes the food intake of toddlers to be less good in 
terms of quality and quantity, so toddlers are prone 
to stunting [40]. 

The PC and GES algorithms in this study have 
succeeded in obtaining causal models in identifying 
stunting events, but the GES algorithm is superior in 
identifying directional relationships. Based on the 
evaluation of the model performance of the two 
algorithms, it is also in line with the research Naser 
[26] that the GES algorithm has the best 
performance evaluation results in identifying 
directional edges, i.e. capturing conditional 
independence in existing data, regardless of its 
practical and actual nature compared to the PC 
algorithm. 
 

CONCLUSION 
 

In this study, we applied simple causal 
methods, namely the PC algorithm and GES 
algorithm, to stunting incidence data. The findings 
of this study are a simple model to represent a 
causal relationship supported by the results of 
relevant previous studies, as well as the opinions of 
experts in the field. The model shows that there are 
six relationships in bi-direction, namely food 
variables ↔ backing; Mother's Knowledge ↔ 
Sanitation; Height/Age and Weight/Age ↔ Child 
nutrition; Height/Age ↔ weight/age and stunting. 
Based on the results obtained from the many 
variables, it does not only produce and see 
correlation or classification values, but can answer 
a fundamental question about the cause-and-effect 
relationship between variables, especially variables 
that trigger stunting. Causal models enable us to 
adopt a higher degree of reasoning (understanding 
what might happen under different conditions) 
thanks to causal models [26]. 

The model obtained is expected to be a 
scientific reference for those who are struggling, 
especially in this field, such as doctors, nurses, 
midwives, researchers, nutritionists, and others 
who focus on handling stunting events. This study 
also aims to add a reference to an alternative model 
in the clinical domain, namely the causal model, 
which can be useful to understand the problem well 
and then propose a solution for its solution. For 
future research, it can be implemented with real 
datasets with other demographic information, as 
well as use other algorithms to get more causal 
relationships between variables so as to gain 
broader insights into this problem. 
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