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This study compares the Generalized Linear Mixed 

Model (GLMM) and GLMM Tree methods for modeling 

stunting prevalence in West Java Province. The dataset 

consists of 216 district/city-year observations from 27 

districts/cities observed during 2016-2023. A 

chronological hold-out validation scheme was used, with 

observations from 2016-2022 as training data (189 

observations; 87.5%) and observations from 2023 as 

testing data (27 observations; 12.5%). Model 

performance was evaluated using Mean Squared Error 

(MSE) and Root Mean Squared Error (RMSE). On the 

training data, GLMM Tree produced lower errors (MSE 

= 8.6583; RMSE = 2.9425) than GLMM (MSE = 

9.4121; RMSE = 3.0679). On the testing data, GLMM 

Tree also showed slightly better predictive accuracy 

(MSE = 22.0868; RMSE = 4.6997) than GLMM (MSE = 

23.0027; RMSE = 4.7961). The GLMM results identified 

active Posyandu (X5) and pregnant women receiving 

blood supplement tablets (X6) as significant predictors 

with negative coefficients. The GLMM Tree further 

revealed subgroup heterogeneity through splits on low 

birth weight (X3 = 2.59%) and complete basic 

immunization coverage (X8 = 93%). These findings 

indicate that GLMM Tree provides a modest 

improvement in predictive performance and offers 

additional interpretability by identifying subgroup-

specific patterns in stunting prevalence. 

 

Kata Kunci — GLMM, GLMM Tree, Stunting Cases, 

West Java, Statistical Models. 

I. INTRODUCTION 

Generalized Linear Mixed Models (GLMMs) are 

robust statistical frameworks designed to analyze 

response variables that follow distributions from the 

exponential family, while simultaneously accommodating 

nonlinear relationships and accounting for correlated or 

hierarchical data structures [1]. Within GLMMs, 

explanatory variables can be modeled as either fixed 

effects, which represent population-level relationships, or 

random effects, which account for variability at the 

cluster or subject level. This ability to model both fixed 

and random effects makes GLMMs particularly suited for 

complex data structures, such as longitudinal or clustered 

data, where observations are not independent. 

An advanced extension of GLMMs is the Generalized 

Linear Mixed Model Tree (GLMM tree), which integrates 

recursive partitioning techniques with mixed-effects 

modeling. This method partitions the data based on 

predictor variables, allowing model parameters to vary 

within subgroups, which is particularly useful for datasets 

with complex interactions and heterogeneous structures 

[2]. The GLMM tree approach is advantageous when the 

data include a large number of predictor variables, and 

when these predictors interact in ways that vary across 

subgroups within the population. By combining model-

based trees with GLMMs, the GLMM tree enhances the 

detection of parameter instability and allows for more 

nuanced modeling of complex interactions among 

variables [3]. 

Stunting remains a critical public health issue in 

Indonesia, serving as an indicator of chronic 

undernutrition and leading to significant long-term 

consequences for physical growth, cognitive 

development, and future human capital. According to the 

World Health Organization child growth standards, 

stunting is defined as a height-for-age z-score that is more 

than two standard deviations below the median of the 

reference population [4]. In Indonesia, efforts to reduce 

stunting are prioritized at the national level, as its 

determinants are multifactorial, involving maternal and 

child health services, socioeconomic conditions, 

sanitation, nutritional intake, and access to community-

based health interventions [5], [6], [7]. Given its complex 

etiology, modeling stunting requires an analytical 

approach that accounts for both regional variations and 

intricate relationships among health, socioeconomic, and 

environmental factors. 

The province of West Java, which consists of 27 

districts and cities, provides a valuable context for 

studying stunting due to its socioeconomic diversity. The 

prevalence of stunting varies across these districts and 

cities, influenced by differences in poverty levels, 
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sanitation access, maternal health programs, infant 

feeding practices, immunization coverage, and the 

performance of community health services. The dataset, 

which spans from 2016 to 2023, reveals both temporal 

and spatial variability in stunting prevalence, making it an 

ideal case for analysis using GLMM and GLMM tree 

methodologies. 

Although GLMMs have been widely applied to model 

clustered and longitudinal health data, they may be 

limited in capturing heterogeneous effects across different 

subgroups. The GLMM tree, by contrast, allows for 

flexible modeling of these subgroup differences by 

permitting the fixed-effect parameters to vary across 

terminal nodes while simultaneously accounting for 

random effects. Previous studies have demonstrated the 

utility of GLMM trees for detecting subgroup-specific 

interactions and handling complex data structures in 

various health-related contexts [3], [8], [9], [10]. 

However, the application of GLMM trees to stunting data, 

particularly in the Indonesian context, remains 

underexplored, highlighting a gap in both methodological 

and empirical research. 

This study aims to compare the performance of GLMM 

and GLMM tree methodologies in modeling stunting 

prevalence in West Java Province. Specifically, it 

evaluates the predictive accuracy of both models using 

Mean Squared Error (MSE) and Root Mean Squared 

Error (RMSE) as evaluation metrics, and explores the 

contribution of various health and socioeconomic 

predictors to stunting outcomes across regions. The 

findings of this study are expected to provide valuable 

insights into the application of GLMM tree models for 

hierarchical health data and inform more effective 

policies for stunting reduction in West Java. 

The structure of this paper is as follows: Section 2 

presents the data and methodologies employed in this 

study, including the GLMM and GLMM tree frameworks. 

Section 3 discusses the results and provides a comparative 

analysis of the models, while Section 4 concludes with a 

summary of the findings and recommendations for future 

research. 

II. METHOD 

A. Data 

This study employed a longitudinal secondary dataset 

covering districts and cities in West Java Province over 

the period 2016–2023. The unit of observation was the 

district/city-year, consisting of 27 administrative regions 

observed repeatedly across eight years. The use of 

longitudinal data enables the analysis to capture both 

regional differences and temporal variations in stunting 

prevalence. 

The response variable in this study was the percentage 

of stunting cases among children. The explanatory 

variables were selected based on their relevance to child 

nutrition, maternal and child health services, 

socioeconomic conditions, and environmental health 

indicators. These variables include the percentage of 

households with access to decent sanitation, the 

percentage of poor population, the percentage of babies 

born with low birth weight, the percentage of infants 

under six months receiving exclusive breastfeeding, the 

percentage of active Posyandu, the percentage of pregnant 

women receiving blood supplement tablets, the coverage 

of vitamin A supplementation among toddlers aged 6–59 

months, and the percentage of infants receiving complete 

basic immunization. 

The data were obtained from official secondary sources, 

including Statistics Indonesia, reports from the Ministry 

of Health of the Republic of Indonesia, and district/city 

health profiles of West Java Province. In the model 

specification, districts/cities were treated as the grouping 

factor for the random intercept, while year was included 

as a random slope component to accommodate possible 

differences in temporal trends across districts/cities. The 

complete list of variables used in this study is presented in 

Table 1. 

Table 1. Variables’ List 

Types of 

variables 
Variables’ names 

Data 

types 
Units Data source 

Response 
Percentage of 

stunting cases (Y) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Fixed 

effect 

Decent sanitation 

percentage (X1) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Percentage of 

poor population 

(X2) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Percentage of 

babies born with 

low birth weight 

(X3) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Percentage of 

Giving Exclusive 

Breast Milk (ASI) 

to Babies <6 

Months (X4) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Percentage of 

Active Posyandu 

(X5) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Percentage of 

Pregnant Women 

Receiving Blood 

Supplement 

Tablets (TTD) 

(X6) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Percentage of 

Coverage for 

Toddlers (6-59 

Months) 

Receiving 

Vitamin A (X7) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Percentage of 

Complete Basic 

Immunization in 

Babies (X8) 

Numeri

cal 
% 

BPS, West 

Java health 

profile 

Random 

slope 
Years  Ordinal - BPS 

Random 

intercept 
Districts/Cities  

Catego

rical 
- BPS 

B. Analysis 

The `analysis in this study was carried out using 

Microsoft Excel software, R version 4.3.2, and R Studio 

2024.04.2 using package lme4, glmertree, ggplot2, and 

readxl. The processes of the analysis, as shown in Figure 

1. 
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The dataset was divided using a chronological hold-out 

scheme based on year, not by random percentage 

splitting. The training data consisted of observations from 

2016 to 2022, comprising 27 districts/cities observed over 

seven years, or 189 observations (87.5% of the total 216 

observations). The testing data consisted of observations 

from 2023, comprising 27 observations (12.5% of the 

total observations). This year-based splitting strategy was 

selected to evaluate the ability of the models to predict 

stunting prevalence in a future period while preventing 

information leakage from the testing year into the training 

process. The predictor variables were selected based on 

prior studies and their substantive relevance to child 

nutrition, maternal health services, socioeconomic 

conditions, and environmental health. 

 
Figure 1. Research flow 

Generalized Linear Mixed Models (GLMMs) 

GLMMs provide a flexible framework for analysing 

data in which observations are not fully independent 

because they are grouped, clustered, or repeatedly 

measured over time. In this study, stunting prevalence is 

observed repeatedly for the same districts/cities across 

several years; therefore, the data have a longitudinal and 

hierarchical structure. A standard regression model may 

ignore this dependency, whereas a mixed model explicitly 

separates population-level effects from district/city-

specific variations.  

Let     denote the stunting prevalence in district or city 

  at year  , where           and         𝑇. The 

conditional mean of the response variable is denoted by 

     (   |  ). In the GLMM framework, the 

relationship betweem     and the explanatory variables is 

expressed through a link function as Equation 1.  

 𝑔(   )  𝜂   
 

(1) 

𝜂   𝛽𝑜+𝛽1𝑋1   +𝛽2𝑋2  +⋯ +𝛽𝑝𝑋𝑝  +  0 +  1   

Where 𝑔(. ) is the link function, 𝜂   is the linear 

predictor, 𝑋1  , 𝑋2     𝑋𝑝   are predictor variables, and 

𝛽𝑜 𝛽2   𝛽𝑝 are fixed effect parameters representing the 

average effects across all districts/cities. The term  0  and 

 1  are random effects that allow each district/city to have 

its own baseline and temporal pattern of stunting 

prevalence.  

The random effects are assumed as Equation 2 to 

follow a multivariate distribution:  

 
   (

 0 
 1 
) ~ 𝑁 ((

0
0
)  𝛴𝑏 )  (2) 

with covariance matrix 

∑ (
 𝑏0
2  𝑏01

 𝑏01  𝑏1
2 )

𝑏
 

where  𝑏0
2  represents the variability of district/city-

specific intercepts,  𝑏1
2  represents the variability of 

district/city-specific slopes over time, and  𝑏01 represents 

the covariance between the random intercept and random 

slope.  

In matrix notation, the GLMM can be written as Equation 

3.  

 𝑔(  )  𝑋 𝛽 + 𝑍    (3) 

where 𝑋 is the fixed-effect design matrix, 𝑍 is the 

random-effect design matrix, 𝛽is the vector of fixed-

effect coefficients, and   is the vector of random effects 

for district/city  . This formulation allows the model to 

estimate both the general association between predictors 

and stunting prevalence and the unobserved heterogeneity 

among districts/cities. 

Model parameters are commonly estimated using 

maximum likelihood. Since the likelihood function 

involves integration over the random effects, the marginal 

likelihood for district/city   can be expressed as Equation 

4, 

𝐿 (𝛽 ∑_  𝜙 )  ∫𝑓(  |  ;  𝛽 𝜙)  𝑓(  ; 𝛴𝑏) 𝑑   (4) 

and the total likelihood is written in Equation 5. 

 

𝐿(𝛽 𝛴𝑏  𝜙 )  ∏𝐿 (𝛽 𝛴𝑏  𝜙 )

𝑚

 =1

 (5) 

In practice, the integral is often approximated 

numerically, for example by using the Laplace 

approximation. This estimation approach enables 

GLMMs to handle clustered data while maintaining a 

regression structure suitable for interpreting the effects of 

health, demographic, and socioeconomic predictors on 

stunting prevalence.  

Generalized Linear Mixed Model Tree (GLMM tree) 

Although GLMMs are useful for modelling clustered or 

longitudinal data, they generally assume that the fixed-

effect coefficients are constant across the entire 

population. In public health data, this assumption may be 

too restrictive because the relationship between stunting 

prevalence and its determinants can differ across groups 

of districts/cities. For example, the effect of sanitation, 

poverty, immunization, or maternal health intervention 

may not be identical in all regional conditions. To address 

this issue, the Generalized Linear Mixed Model Tree 

combines the interpretability of mixed-effects models 
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with the flexibility of tree-based partitioning. 

The GLMM Tree extends the GLMM by allowing 

fixed-effect parameters to vary across subgroups 

identified by recursive partitioning, while the random 

effects are still used to account for clustered observations. 

Suppose the data are divided into   terminal nodes. For 

an observation belonging to node  , the model can be 

written as Equation 6. 

 𝑔(   )  𝑋  
𝑇𝛽𝑚 + 𝑍  

𝑇   (6) 

where 𝛽𝑚 is the node-specific fixed-effect parameter 

vector, 𝑋   is the vector of fixed-effect predictors, 𝑍   is 

the random-effect design vector, and   is the random 

effect for district/city  . This means that each terminal 

node may have a different regression structure, while the 

correlation caused by repeated observations within the 

same district/city remains accommodated through random 

effects. 

The GLMM Tree algorithm can be summarized as 

follows: 

(1) A mixed-effects model is first fitted to account for 

the clustered structure of the data.  

(2) The fixed-effect component is examined for 

parameter instability with respect to candidate 

partitioning variables.  

(3) If parameter instability is detected, the algorithm 

selects the partitioning variable that provides the 

strongest evidence of heterogeneity.  

(4) The selected variable is split at an optimal cut-off 

point, creating more homogeneous subgroups.  

(5) The model is re-estimated within the resulting nodes, 

and the partitioning process continues until no 

statistically meaningful split is found or a stopping 

criterion is reached.  

(6) The final tree consists of terminal nodes, each 

representing a subgroup with its own fixed-effect 

pattern.  

The advantage of the GLMM Tree is that it does not 

require the researcher to specify all possible interaction 

effects manually. Instead, subgroup structures are 

discovered from the data. This is particularly useful for 

stunting analysis because the influence of health service 

coverage, poverty, sanitation, and nutritional indicators 

may vary depending on regional characteristics. 

Therefore, the GLMM Tree provides both predictive and 

explanatory value: it improves model flexibility while 

also revealing which variables define meaningful 

differences among districts/cities. 

Model Evaluation 

The predictive performance of the GLMM and GLMM 

Tree models was evaluated using Mean Squared Error 

(MSE) and Root Mean Squared Error (RMSE). These 

measures quantify the difference between the observed 

stunting prevalence and the predicted values produced by 

each model. The MSE is defined as: 

 
 𝑆   

 

𝑛
∑(  −   ̂)

2
𝑛

 =1

 (7) 

where    is the observed value,  ̂  is the predicted value, 

and 𝑛is the number of observations. The RMSE is 

obtained by taking the square root of MSE: 

 

𝑅 𝑆  √
 

𝑛
∑(  −   ̂)

2
𝑛

 =1

 (18) 

A smaller MSE or RMSE indicates better predictive 

accuracy. In this study, these metrics were calculated for 

both training and testing data to assess not only how well 

each model fits the observed data but also how well it 

generalizes to unseen observations. 

III. RESULT AND DISCUSSION 

The dataset includes complete observations for all 

districts and cities, totaling 27 entities observed over the 

period from 2016 to 2023 (8 years). Figure 2 depicts the 

scatter plot of stunting cases as a percentage in West Java 

Province during this period with all variables' responses. 

The scatter plot shows that data illustrates different 

variations in trends. This variability suggests the need to 

account for varying intercepts and slopes in the model. 

Parameter estimations using the GLMM and GLMM tree 

models were conducted, employing the Laplace 

approximation and the GLMM tree algorithm for model 

specification. 

 
Figure 2. Scatter plots of stunting prevalence and predictor variables 
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The evaluation stage is carried out by using the MSE 

and RMSE value, as shown in Table 2. 

Table 2. Estimation Method Evaluation using train data  

Estimation Method MSE RMSE 

GLMM 9.4121 3.0679 

GLMM tree 8.6583 2.9425 

According to Table 2, the GLMM tree shows notably 

superior performance in comparison to the GLMM, 

exhibiting lower MSE and RMSE values. This suggests 

that the GLMM tree more effectively captures patterns 

within the training data. 

Table 3. Estimation Method Evaluation using testing data 

Estimation Method MSE RMSE 

GLMM 23.0027 4.7961 

GLMM tree 22.0868 4.6997 

Based on Table 3, it can be seen that the GLMM trees 

have lower MSE and RMSE compared to the GLMM, 

although the differences are not very large. This indicates 

that the GLMM tree is better at generalizing and more 

robust against unseen data. The relatively small 

performance difference between the two methods on the 

testing data suggests that both can be used, but the choice 

of method depends on whether priority is given to training 

performance or generalization ability. 

The significant parameter estimates are presented in 

Table 4, while the GLMM Tree structure is shown in 

Figure 3. In the GLMM model, two predictors are 

significant at the 95% confidence level: the percentage of 

active Posyandu (X5) and the percentage of pregnant 

women receiving blood supplement tablets (TTD) (X6). 

The coefficient of X5 is -0.0054, indicating that a one-

percentage-point increase in active Posyandu coverage is 

associated with a 0.0054 percentage-point decrease in 

stunting prevalence, holding other variables constant. The 

coefficient of X6 is -0.0072, indicating that a one-

percentage-point increase in the percentage of pregnant 

women receiving blood supplement tablets is associated 

with a 0.0072 percentage-point decrease in stunting 

prevalence, holding other variables constant. Thus, the 

signs and interpretations of X5 and X6 are consistent with 

the negative coefficients shown in Table 4. 

Table 4. The result of parameter estimation 

Variables 
GLMM tree 

GLMM 
 

Node 3 Node 4 Node 5  

Intercept 5.969 17.425 6.255 2.2504  

X2 0.326 -0.144 -0.196 -0.0013  

X5 0.025 -0.044 -0.056 -0.0054 * 

X6 -0.029 -0.073 0.088 -0.0072 * 

Description: *Significant at 95% confidence level 

 
Figure 3. GLMM tree diagram 

Based on Figure 3, the GLMM Tree separates the 

observations into subgroups using X3 and X8. The first 

split occurs at X3, the percentage of babies born with low 

birth weight, with a threshold of 2.59% (p = 0.017). This 

means that X3 provides the strongest evidence of 

parameter instability among the candidate splitting 

variables at the root node. Substantively, low birth weight 

is closely related to fetal growth, maternal nutrition, and 

early-life vulnerability; therefore, districts/cities with 

different levels of low birth weight may show different 

stunting patterns. For observations with X3 <= 2.59%, the 

model identifies a second split based on X8, namely 

complete basic immunization coverage, at the empirical 

threshold of 93% (p < 0.031). This threshold is data-

driven and should be interpreted as the cut-off that best 

separates the remaining heterogeneous observations in 

this dataset, not necessarily as a universal policy 

threshold. The split produces Node 3 (n = 40) for X8 <= 

93% and Node 4 (n = 41) for X8 > 93%, while 

observations with X3 > 2.59% are assigned to Node 5 (n 

= 115). The terminal nodes indicate that the relationships 

involving X2, X5, and X6 differ across subgroup 

conditions defined by low birth weight and immunization 

coverage, supporting the use of GLMM Tree to capture 

heterogeneous structures in stunting prevalence. 

IV. CONCLUSION 

The conclusion from the above results is that the 

GLMM tree method demonstrates better performance in 

capturing patterns in the training data compared to the 

GLMM method, as indicated by lower MSE and RMSE 

values on the training data. According to the result of 

testing data, GLMM trees shows better generalization 
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ability with lower MSE and RMSE compared to the 

GLMM, although the differences are not very significant. 

This suggests that the GLMM trees are better to use in 

modeling the percentage of stunting cases in West Java. 

We can see that GLMM tree These results highlight the 

importance of specific health and socioeconomic factors 

in understanding the outcomes in different regions. The 

GLMM tree provides a nuanced view of how these 

variables interact in different subgroups. 
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