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Abstract

Food insecurity is a complex and multidimensional issue that requires accurate predictions or classifications to design effective
interventions. The availability of large and complex datasets has enabled the use of machine learning approaches. Moreover,
because food insecurity data are often hierarchical/clustered, mixed effects modelling is well suited for capturing intergroup
variation. This study compared three models: the generalized linear mixed model (GLMM), a parametric model that accounts for
random effects but is limited to linear relationships; the generalized mixed effects tree (GMET), a flexible decision tree framework
with random effects; and the generalized mixed effects random forest (GMERF), an ensemble of trees with random effects. The
analysis used data from 25,890 households in West Java, Indonesia in 2021. Model evaluation showed that GMERF provided the
best prediction results compared to the other models. This study concludes that integrating random forests with mixed-effects
modelling offers a robust and effective approach for predicting household food insecurity. The primary predictors of food insecurity

identified by the random forest in GMERF model were the age of the household head (years) and house size (m?).
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1. INTRODUCTION

Food insecurity is a complex condition in which
individuals or households lack consistent access to
sufficient, safe, and nutritious food for a healthy
lifestyle. It encompasses not only inadequate food
quantity but also unreliable access, poor nutritional
intake, and psychological distress due to food
uncertainty, all of which can adversely affect
physical health, mental well-being, and overall
quality of life [1][2]. Recognizing its urgency, the
second Sustainable Development Goal (SDG 2),
hunger [3], global
commitment to eliminating food insecurity in all its
forms.

Zero underscores  the

Food insecurity remains a pressing concern in
Indonesia. West Java warrants particular attention
because, according to Statistics Indonesia (Badan
Pusat Statistik, BPS) publication, based on the food
insecurity experience scale (FIES), the prevalence
of individuals experiencing moderate or severe food
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insecurity in 2021 reached 5.46%, which is higher
than the national average of 4.79%. This issue is
particularly noteworthy given that, according to the
publication of BPS, West Java is the most densely
populated province in the country, with a
population density of 1,379 people per km?
Compared with other highly populated provinces,
West Java recorded a higher prevalence than East
Java (2.98%) and Central Java (2.87%). Moreover,
from 2017 to 2023, West Java consistently
exceeded both the national average and the rates of
other large provinces in Indonesia. These conditions
position West Java as the most urgent case
compared to other large provinces and as a
representative  region for examining how
hierarchical and socioeconomic complexities drive
food insecurity patterns in Indonesia.

Indonesia has incorporated the FIES into the
national socioeconomic survey (SUSENAS). This
survey follows a two-stage sampling design, in
which census blocks are randomly selected first,
followed by the selection of households within
those blocks. Consequently, households within the
same census block are not statistically independent,
violating the assumption of independence required
by most standard models. Ignoring this dependency
can result in biased
standard

inferences, including

underestimated errors [4],
misidentification of vulnerable subgroups, and
inappropriate  variable selection [5][6]. This
clustering effect highlights the need to incorporate

random effects into the analytical framework of the
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Table 1. List of variables.

Variable Description Scale

Y Household food insecurity classification Nominal
X; Number of household members (persons) Ratio

X Gender of head of household Nominal
X; Age of head of household (years) Ratio

Xy Literacy status of head of household Nominal
X Education level of head of household Ordinal
Xs Bank savings account ownership Nominal
X; Health insurance contribution assistance recipient status Nominal
Xs Health insurance ownership status Nominal
Xo Smoking status of head of household Nominal
X Home ownership status Nominal
X House size (m2) Ratio
X1 House wall material type Nominal
Xi3 House floor material type Nominal
Xy Home sanitation adequacy status Nominal
Xis Drinking water source feasibility status Nominal
Xis People's business credit recipient status Nominal
X7 Bank/cooperative loan recipient status Nominal
Xis Village-owned enterprise benefit recipient status Nominal
Xi9 Property/land ownership status Nominal
X Prosperous family card recipient status Nominal
X5 Family hope program recipient status Nominal
X5 Non-cash food assistance recipient status Nominal
X3 Other routine assistance recipient status Nominal
R Subdistrict (random effect) Nominal
study. In addition, food insecurity is influenced by data  analysis with  higher wvalidity and

diverse social, economic, and demographic factors,
with relationships that are often nonlinear. This
complexity challenges traditional linear models.
While machine learning methods have been applied
to capture nonlinear patterns and interactions [7][8],
conventional approaches, such as classification and
regression trees (CART) and random forests, also
assume independent observations. Thus, while
standard machine learning techniques can capture
nonlinear interactions, they fall short of addressing
the data clustering inherent in large-scale
socioeconomic surveys such as SUSENAS. To
overcome these challenges, mixed-effects models
offer a flexible solution by accommodating these
structures through random effects and resulting in

reproducibility of the experimental findings [9].

In classical statistics, this extension refers to the
incorporation of random effects into the modeling
framework, enabling the transition from generalized
linear models (GLM), which assume independent
observations, to generalized linear mixed models
(GLMM). Mixed models, such as the GLMM,
allow for the handling of data with a hierarchical or
clustered structure and explicitly consider random
effects, which is crucial in the context of food
insecurity, which often varies between regions.
Similarly, in the machine learning context, decision
tree models such as CART can be extended to
generalized mixed-effects trees (GMET) [10], while
random forests can be extended to generalized
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mixed-effects random forests (GMERF) [11]. These
tree-based mixed-effects approaches accommodate
hierarchical dependencies and capture nonlinear
relationships and complex interactions among
predictor variables without relying on strict
distributional assumptions.

GLMM has been widely applied in public health
and socioeconomic research to address clustered
survey data; however, the adoption of mixed-effects
machine learning methods, such as GMET and
GMERF, remains relatively limited. Existing
applications of GMET and GMERF have primarily
been applied in agriculture, education, medical
research, and social sciences and economics [12]-
[16], where hierarchical data structures and
complex interactions are prevalent. However, their
application to socioeconomic survey data,
particularly in the context of food insecurity, is
scarce. This gap highlights the need to evaluate
whether these approaches can provide additional
benefits over classical mixed models in capturing
the nonlinear effects and interactions among the
determinants of food insecurity. Therefore, this
study aims to compare the performance of three
mixed-model approaches (GLMM, GMET, and
GMERF) in modeling household food insecurity in
West Java Province in 2021. By evaluating the
predictive performance and model characteristics of
these three approaches, this study sought to identify
the most effective method for the accurate
classification of household food insecurity in
explaining variations in food insecurity and to

identify significant factors that contribute to the
level of food insecurity. By understanding how each
model works in the context of these data, the results
of this study are expected to provide evidence-
based recommendations that can be used to support
more effective and targeted policies for alleviating
food insecurity.

2. MATERIALS AND METHODS

2.1. Materials

This study examined household food insecurity
using secondary data from BPS. The response
variable was derived from the FIES for West Java,
Indonesia, in 2021. A household was classified as
food insecure if it responded affirmatively (“yes”)
to any of the eight items in the FIES. The dataset
comprises 25,890 households. The
included one response variable, 23 fixed-effect
predictor variables, and one random-effect predictor
variable, all obtained from the SUSENAS, as
summarized in Table 1.

analysis

2.2. Methods

2.2.1. Framework

The performances of the GLMM, GMET, and
GMERF were evaluated in this study. Figure 1
illustrates the stages of the research, which consist
of data, data preprocessing, modelling, evaluation,
and interpretation. Stage 1 (data); the household
food insecurity dataset was obtained from a survey

Figure 1. Stages of the research.

Table 2. The confusion matrix.

Prediction
0
0 True Positive
1 False Negative

Actual
1
False Positive
True Negative
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Figure 2. Shows proportion of household food insecurity (23% insecure, 77% secure).

conducted in West Java, Indonesia, in 2021. Stage 2
(preprocessing); the dataset was cleaned to address
data quality problems. Because the proportion of
missing data was very small, observations with
missing values were removed rather than imputed to
maintain data integrity and avoid introducing
unnecessary bias. In addition, near-zero variance
(NZV) variables were removed because they are
predictors with very little variability or highly
imbalanced distributions, which contribute minimal
information and may reduce computational
efficiency [17][18]. These variables were identified
using diagnostic functions such as NZV in the R
caret package and were excluded prior to modeling.
Stage 3 (modelling); the GLMM, GMET, and
GMERF models were employed. To ensure a robust
split
procedure was applied, where the dataset was
randomly divided into 70% training and 30% testing

model evaluation, a repeated train—test

sets. This process was repeated 50 times, and the
performance metrics were computed for each
repetition and then averaged across all iterations.
This approach reduces the variance in model
evaluation and provides a more reliable estimate of
predictive performance compared to a single train—
test split. Parameter tuning followed the default
settings of the GMET and GMERF functions,

sensitivity, specificity, balanced accuracy, kappa,
and AUC to identify the optimal model. This is an
important stage for the model performance and
prediction precision. Stage 5 (interpretation); the
best model was interpreted to identify the key
variables contributing to household food insecurity,
ensuring valid and reliable insights.

2.2.2. Methods

Many studies have been conducted on mixed
models  [4][S][6][10][11][13][15][19]-[24]. This
study used the GLMM, GMET, and GMERF. The
GLMM are flexible statistical models that extend
traditional linear models to analyze data with
responses that are not necessarily normally
distributed (by selecting a distribution from the
exponential ~ family, such as  binomial),
accommodate hierarchical or correlated data
structures by including random effects to capture
between-group variability, and allow for modelling
nonlinear relationships between predictors and
response means [12]. The GLMM are statistical
frameworks for modelling data characterized by a
combination of four key components: fixed effects,
which quantify the impact of predictor variables on
the response variable; random effects, designed to

capture intergroup variability within hierarchical or

including the standard number of trees and clustered data structures; a link function, which
hyperparameters. Stage 4 (evaluation); model establishes the relationship between the linear
performance was assessed using accuracy, combination of predictors and the mean of the
[ED PANDAWA 469
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response variable; and an error distribution, which
specifies the probability distribution of the response
variable, typically drawn from the exponential
family [24].

Given y; = (Vi Vi -
units 7, i = 1,2,...,n;, in groups j, j = 1,2,....J. Y} is

, Vi) With observation

assumed to follow an exponential family
distribution using Equation (1), as follows;
fi(vis1y) = exp {Vﬂ%f(’h) + ey, ¢)} 1)

Where b; is a random component, a and ¢ are
specific functions, #; is a natural parameter, and ¢
is a dispersion parameter. The mean and variance of
v; are respectively E(y;|b;)) = a'(n;) = i and Var
(vilbj) = wa'(n;) [15]. It shows the general form of
distributions in the exponential family (e.g., normal,
binomial, and Poisson). The key idea is that the
mean u; and variance depend on the natural
;> linking the data distribution to the
model structure. Given the canonical function g(a')
! which connects the mean with the systematic

parameter #

component, the GLMM formula can be expressed
by Equation (2);

w=EQylb)j=12...]

Q(J”j) =1

1y :Xjﬁ +Zjb}

b;~Ng (0, ) 2)

where j is the group index, and J is the number
of groups. n; is the number of observations in the j-
th group and X', n; = J. 5, is a linear predictor
vector of dimension n;, where JX; is a fixed-effect
predictor variable matrix of size n; x P = p + 1, and

[ is a coefficient vector of predictor variables of
size P. Z; is a n; x O matrix of random effects
regression, b; is a (-dimensional vector of
coefficients (including random intercepts), and v is
a O x O matrix of the variance of random effects
[25]. Fixed effects were identified using parameters
related to the entire population, whereas random
effects identified using group-specific
parameters. Estimation methods include maximum

WEre

likelihood, restricted maximum likelihood, and
penalized quasi-likelihood [15][23]. The estimation
procedure iteratively maximizes the log-likelihood,
and convergence is declared once the relative
change in the log-likelihood or parameter estimates
between iterations falls below a specified tolerance
(commonly set at le-6). This diagnostic process
ensures the numerical stability and reliability of the
parameter estimates while preventing premature
termination of the optimization. If convergence
warnings arise, model re-specification or alternative
optimizers may be required to achieve stable
solutions [26].

The GMET was presented by Fontana et al. [13]
[23]. Fundamentally, the GMET replaces the linear
function of fixed effects in a traditional GLMM
with a tree-based method [19]. Given the canonical
function g(a’)", which connects the mean with the
systematic component, the GMET model can be
expressed by Equation (3).

p;=E(ylb)j=12..]

9(u;) =n;

nj = f(;’fj) + Zjbj

bj””NQ 0.y) 3)

Value

—— i

Figure 3. The boxplot of numerical variables.
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Figure 4. Headmap of numeric variable predictor.

Consequently, GMET extends the capabilities of
GLMMs by enabling the modelling of nonlinear
and interactive fixed effects through the integration
of a tree-based structure, while still effectively
addressing dependencies within grouped data via
random effects. The linear function X in
Equation (2) of the GLMM becomes a function of f
(%x;) in Equation (3), which is computed using a tree-
based algorithm that represents this flexible fixed-
effect specification. The GMET algorithm uses a
non-iterative approach. It first obtains an initial
estimate using only fixed effects and then uses these
estimates to build a tree structure that captures
potential interactions or nonlinearities. Finally, a
mixed-effects model was fitted using the tree
structure as a fixed effect to estimate the random
effects and refine the predictions within each
segment defined by the tree.

The GMEREF is an ensemble machine learning
method that extends the conventional RF
framework to data with
hierarchical or clustered structures by integrating
principles from mixed-effects modeling. The
fundamental concept underlying GMEREF is rooted

effectively handle

in the GMET, which uniquely incorporates both
fixed and random effects within the structure of a
single tree to model heterogeneity across different

groups. GMERF can be expressed by Equation (3),
where function f(x;) in #; = f(x;) + Z;b; in Equation
(3) is computed using the random forest algorithm
in GMERF method. The initial approach for
estimating the parameters of a GMERF involved an
iterative algorithm that alternated between fitting a
random forest for fixed effects and a generalized
linear mixed model for random effects [15]. In the
implementation of the GMERF model, the
maximum number of iterations was restricted to 30,
following Pellagati’s R-code implementation. This
upper bound was imposed to avoid indefinite
looping in the estimation process, as the GMERF
relies on iterative updates of fixed and random
effects until convergence is reached. A threshold of
30 iterations is commonly adopted as a practical
providing a
feasibility and probability of

compromise, balance between
computational
convergence. When convergence was not achieved
within this limit, the model was considered
unstable. Such instability may arise from factors
such as excessive model complexity,
collinearity among  predictors, and

identifiability of the random-effects structure. In

strong
weak

these cases, convergence diagnostics and model
simplification are necessary to improve the

estimation stability.
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Figure 5. Frequency distribution of categorical variable predictor.
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In this study, the fixed effects X;8 or f(x;) capture
the  overall influence of  socioeconomic
characteristics such as income, household size, and
education level, whereas the random effects Zb;
account for wunobserved heterogeneity across
subdistricts. Thus, two households with similar
socioeconomic profiles may still differ in their food
insecurity status depending on their subdistrict-
specific conditions. To evaluate the performance of
the classification model on the test data, we used a
series of standard metrics, including accuracy,
sensitivity, specificity, balance accuracy, kappa,
and AUC. These metrics provide a comprehensive
picture of the overall prediction accuracy, ability to
identify positive and negative classes, and corrected
prediction agreement, and their calculations are
based on confusion matrices. The confusion matrix
is presented in Table 2 [27]-[29]. Among these,
AUC is particularly valuable because it evaluates
the model’s ability to discriminate between classes
across all possible thresholds, rather than being tied
to a single cutoff point. This makes AUC especially
robust in contexts with class imbalance, as it
captures the tradeoff between sensitivity and
specificity in a single measure and reflects the
model’s overall discriminative power.

3. RESULTS AND DISCUSSIONS

3.1. Summary Statistics

The analysis in this study was conducted on
25,873 of the 25,890 observations (households)
initially included in the dataset. This was a result of
the data cleansing process, which involved the
deletion of household records containing ‘do not
know’ or ‘do not respond’ responses. The collected
data were analyzed using advanced statistical
techniques to interpret the methods’ effectiveness.
Figure 2 shows the distribution of the proportion of
food insecurity in the data. Most households
(approximately 77%) are in the category of food
security (¥ = 0), while only 23% are classified as
food insecurity (¥ = 1). This imbalance in
proportion indicates that food insecurity is a
minority phenomenon in the available data. The
implications of this imbalance need to be
considered in further analysis processes, especially
when building a classification model, so that the
model is not biased towards the majority group and

is still able to properly
classified as food insecure.

identify households

Based on the results of the near-zero variance
test, variables literacy status of head of household
(X,) and Village-owned enterprise benefit recipient
status (X;s) had very low variances, indicating that
the values of these variables hardly varied across
observations. This condition indicates that X, and
X;s do not provide sufficient information to
distinguish between food insecurity and food
security households. Kumar and Ramasree stated
that removing uncommon features from the training
set based on NZV can improve the model
performance [30]. Therefore, both variables were
not considered statistically significant in the context
of predictive modelling and needed to be removed
from further analysis to improve model efficiency
and accuracy.

Figure 3 shows that the variables number of
household members (X)), age of head of household
(X;3), and house size (X;;) have different distribution
characteristics. The variable number of household
members has a data distribution that tends to be
concentrated between values 2 and 4, with a median
of approximately 3, and several outliers above 7
Meanwhile, the
variable age of the head of household has a
relatively symmetrical distribution with a median of

indicate a right-skewed bias.

approximately 48, and the majority of the data are
between 38 and 58, with a few outliers above 85. In
contrast, variable house size shows a distribution
that is skewed to the right, with the main data
concentration below 150, but accompanied by many
extreme outliers reaching more than 600. This
indicates that house size has very high variability
and a non-normal distribution. Outliers were
retained throughout the process to preserve the
original variability of the data and ensure that
extreme values remained analytically meaningful.
Figure 4 shows that the correlation heatmap
between number of household members (X;), age of
head of household (X;), and house size (X;))
showed no strong linear relationship between these
three variables. The correlation between the number
of household members and the age of the head of
the household was very weakly negative, whereas
the correlation between the number of household
members and house size and between the age of the
head of the household and house size was weakly
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Figure 6. Shows the boxplots of the evaluation metrics three models.
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positive. Thus, these three variables are relatively
independent of each other in the context of a linear
relationship.

Figure 5 shows that the graph visualizes the
frequency distributions of the categorical predictor
variables. Each bar represents the number of
observations in each category for the respective
variable. This allowed us to observe the dominance
or rarity of specific categories, identify any
imbalances in the data, and understand the general
structure of the categorical inputs. Based on Figure
5, it can be seen that the dominance of category
zero (0) are variables gender of head of household
(X3), house floor material type (X;;), people's
business credit recipient status (Xjs), bank/
cooperative loan recipient status (X;;), prosperous
family card recipient status (X;), family hope
program recipient status (X3;), non-cash food
assistance recipient status (X»,) and other routine
assistance recipient status (X);), while the
dominance of category one (1) are home ownership
status (Xj9), house wall material type (X),), drinking
water source feasibility status (X;s) and property/
land ownership status (X;¢) while others tend to be
balanced. Statistical modelling was performed to
understand the relationship between the predictor
variables and food insecurity.

3.2. Modeling Results

This study modeled household food insecurity
while accounting for the structure of the data
(random effect), where households within the same
sub-district shared more similarities than those from
different sub-districts. The presence of subdistrict-
level random effects was confirmed through a
likelihood ratio test and the intraclass correlation
coefficient (ICC), with a significant effect (p <

0.05) and an ICC of 36.06%. Based on Figure 6, the
boxplot presents a comparison of the model
performance across several evaluation metrics. It
highlights the distribution, central tendency, and
variability of the three modelling approaches:
GLMM, GMET, and GMERF. The boxplots of
accuracy show that all three models achieved very
similar sensitivity results. GMERF had the highest
median sensitivity, followed closely by GLMM,
whereas GMET lagged slightly behind. The
variability across the models was comparable, with
a few outliers observed in the GLMM. The boxplots
of sensitivity show that GMERF performed better
than both GMET and GLMM. GMET showed the
smallest variability, with a few scattered outliers
observed in all models.

The boxplots of specificity show that the
balanced accuracy of GLMM was the highest,
followed by GMERF and GMET. The variability
across the models was comparable, with a few
outliers observed in the results of all the models.
The boxplots of the balanced accuracy show that
the GMERF and GLMM models achieve very
similar results, but the GLMM has an outlier. The
variability across the models was comparable. The
boxplots of AUC and kappa show that GLMM and
GMERF again display good and almost identical
performances, whereas GMET records the weakest
performance in these metrics. Variability across
models is comparable. Overall, GMERF showed the
highest predictive performance in terms of median
and stability, although the differences among the
three models were relatively small. GLMM remains
competitive but shows slightly less consistency,
whereas GMET performs worse than the other
approaches.

Based on Table 3, the results indicate that the

Table 3. Performance measure.

Mean and Standard Deviations Performance Measure

Algorithm
Accuracy  Sensitivity Specificity
0.673 0.727 0.727
GLMM
(0.0083) (0.0119) (0.0119)
0.671 0.714 0.714
GMET
(0.0053) (0.0124) (0.0124)
0.673 0.721 0.721
GMERF
(0.0055) (0.0130) (0.0130)

Balance Accuracy Kappa AUC
0.692 0.293 0.691
(0.00743) (0.00832) (0.00526)
0.686 0.286 0.686
(0.00622) (0.00955) (0.00622)
0.690 0.292 0.690
(0.00563) (0.00870) (0.00563)
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Figure 7. Shows the Increase in Node Purity (IncNodePurity) plot.

GMERF and GLMM models achieve very similar
mean values across the key performance metrics,
which is consistent with the patterns observed in
their respective boxplots. In comparison, GMERF
outperforms GMET because GMET relies on a
single decision tree, which is highly sensitive to
initial splits and prone to overfitting. In contrast,
GMERF aggregates multiple trees, reducing the
variance and producing more stable and reliable
predictions. Taken together, the results from both
the boxplot visualization and descriptive statistics
suggest that all three models perform nearly
equivalently on average, with subtle
differences across the metrics. Nevertheless, the
GMERF demonstrated greater robustness. This
robustness is particularly valuable in applied
contexts where stability is as important as the point
accuracy. Consequently, GMERF can be considered
a preferable alternative when modeling objectives
emphasize consistency and generalizability. These
findings are consistent with those of Pellagati et al.
[15]. who reported that the GMERF algorithm
performs comparably to GLMM, particularly when
fixed effects are larger than random effects, but is

only

more robust in its estimates.

3.3. Interpretation and Discussion

For illustrative purposes, we present the results
of one iteration out of 50 iterations to show the
modeling and interpretation of the outputs. The
GMERF model produced a relatively large random
intercept variance (1.845 with a standard deviation

of 1.358), indicating considerable heterogeneity
between the sub-district groups (R). This shows that
food insecurity is not solely shaped by household-
level characteristics but is also strongly influenced
by contextual factors at the sub-district level. In
other words, some sub-districts face higher risks of
food insecurity than others, regardless of individual
household attributes. Such disparities may stem
from structural differences in infrastructure,
accessibility of health and education services, local
food distribution systems, or socioeconomic
development across sub-districts in West Java
Province. These findings emphasize the importance
of incorporating area-level characteristics into the
analysis and suggest that equitable development
policies for sub-districts are crucial for effectively
reducing household food insecurity in the region.
The RF component of the GMERF model
identified the most influential household-level
factors for predicting food
importance of the predictor variables was assessed
using the Increase in Node Purity (IncNodePurity)
measure. This metric is derived from the random

insecurity. The

forest algorithm, where each split of a decision tree
aims to increase the homogeneity (or purity) of the
resulting node. Variables that consistently produce
larger reductions in node impurity across many
trees in the forest receive higher IncNodePurity
values. Therefore, a higher value indicates that the
variable plays a more influential role in improving
the model accuracy and explaining the variability in
the response.
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Based on Figure 7, the important variables of the
RF model based on IncNodePurity are X; (4080.72)
and X;; (3726.68). This highlights that the age of
the head of household (X;) and house size (X;)
appear to be the strongest discriminators and exhibit
high IncNodePurity scores, implying that these
characteristics substantially contribute to the
of household food insecurity.
Conversely, variables with low scores had minimal

classification

influence on explaining disparities in food
insecurity. The findings indicate that household
food insecurity in West Java is influenced by both
individual and sub-district factors. At the household
level, older household heads may have a limited
capacity to adapt to economic or social changes,
thereby increasing the risk of food insecurity.
Similarly, smaller house sizes may reflect limited
household and socioeconomic
vulnerability, which restricts the ability to secure
adequate food. In addition, the analysis revealed a
significant random effect at the sub-district level,

resources

indicating that the risk of food insecurity is also
shaped by broader regional contexts, such as
differences in local infrastructure, public service
These
findings highlight the importance of a multilevel

availability, and regional development.
strategy. At the household level, targeted programs
should support vulnerable groups, such as older
household heads and families living in smaller
housing conditions, for example, through social
assistance, skills training, and livelihood support.
At the regional level, policies should promote
equitable development across sub-districts, focusing
on strengthening infrastructure, improving access to
health and education services, and ensuring the
availability of local food markets. By addressing
both household vulnerabilities and regional
disparities, policymakers can foster more inclusive
and sustainable efforts to reduce food insecurity in
West Java.

4. CONCLUSIONS

This study shows that the GMERF model
outperforms the GLMM and GMET models in
predicting household food insecurity owing to its
robustness and ability to capture complex patterns.
Food insecurity in West Java is influenced by both
household-level characteristics, particularly the age

of the household head and housing size, and sub-
district-level factors represented as a random effect.
These findings highlight the
integrating household-level interventions
regionally targeted development
effectively reduce food insecurity in the region.
Despite these contributions, this study has some
limitations. The interpretability of ensemble
models, such as the GMERF, remains challenging

importance of
with
policies to

compared to simpler approaches. Future research
could extend this framework to the generalized
mixed effect generalized random  forest
(GMEGRF), which allows for richer inference and
better handling of heterogeneous effects.
Additionally, subsequent studies should
systematically address data imbalances and outliers
to further enhance predictive reliability and provide
more robust guidance for policymaking.
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