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Abstract

This study compares MERF and GLMM-NB in analyzing hierarchical data and focusing on the role of residual
outliers and the application of winsorization. A two-stage analytical pipeline was implemented: (1) winsorization to
reduce extreme residual values, and (2) model training using MERF and GLMM-NB. The dataset comes from the
2021 National Socio-Economic Survey (Susenas) in West Java Province, measuring tobacco consumption intensity.
Two statistical approaches are compared, MERF and GLMM with a Negative Binomial distribution (GLMM-NB).
Models were trained under two conditions: without winsorization (WINO) and with two-sided 5% winsorization
(WINS). Winsorization was applied to the training data, and the test data were adjusted using thresholds from the
training set. Model performance was assessed using Root Mean Squared Error (RMSE) and the train-test ratio. Under
WINO, GLMM recorded an RMSE of 49.65 for training and 42.27 for testing, while MERF achieved 35.96 and 39.94,
respectively. After WINS5, GLMM showed a larger error reduction, with RMSE values of 34.90 (train) and 30.20
(test), while MERF dropped to 26.63 (train) and 28.64 (test). These results indicate that MERF provides higher
predictive accuracy, whereas GLMM benefits more from winsorization. Household expenditure, employment status,
age, and gender consistently emerged as key variables linked to tobacco consumption intensity. This study is the first
to compare MERF and GLMM-NB with winsorization using Indonesia’s hierarchical data. The analytical framework
helps inform public health policies aligned with SDG 3: Good Health and Well-being, particularly in reducing
tobacco-related health risks.
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1. INTRODUCTION

Traditional linear regression is often unsuitable for high-dimensional datasets or for data that
violate the assumption of independence. In recent years, mixed-effects (ME) models have emerged as
an effective solution for analyzing high-dimensional data [1], [2], [3]. Their main advantage lies in the
ability to combine fixed effects, which capture overall patterns, with random effects, which account for
variability across groups. Among the available extensions, the Generalized Linear Mixed Model
(GLMM) has been especially useful for count data, where Poisson and Negative Binomial distributions
are most often applied [4], [5S]. When data are overdispersed, which is common in social and health
research, the Negative Binomial specification (GLMM-NB) is generally preferred [6], [7], [8].

Researchers have recently begun to apply machine learning techniques to hierarchical data. The
Mixed-Effects Random Forest (MERF) has also gained attention as it modifies the Random Forest
framework to account for variation between groups [9]. In practice, this adjustment allows the model to
handle hierarchical structures effectively. Results so far suggest that MERF can handle complex
prediction tasks effectively, and in several studies it even surpassed traditional models [10], [11], [12].
In Indonesia, for instance, applications in the education sector showed that MERF outperformed
ordinary linear regression, pointing to its value in real-world contexts [13], [14], [15]. Recent studies
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also show that MERF continues to be extended after the pandemic, such as MERF variants using PCA
and MEROF for small area estimation [16] and MERF applications in post-pandemic digital learning
analytics [17].

A persistent challenge in hierarchical data analysis is the influence of outliers. These values can
distort statistical inference, and ME models are especially sensitive to them [18]. One way to deal with
this problem is through winsorization, which replaces extreme observations with values set at chosen
quantile thresholds. This adjustment improves the stability of mean and variance estimates while
keeping all observations in the dataset [19]. Applying winsorization allows a fairer evaluation of outlier-
sensitive models such as GLMM models and more robust approaches like MERF. Recent works also
confirm Winsorization as an effective outlier treatment method in data mining and modeling [20], and
post-pandemic studies highlight the urgency of handling outliers due to abnormal behavioral patterns
during COVID-19 recovery periods [21], [22].

Comparative studies with PISA data have reported that GLMM and MERF perform
competitively in multilevel contexts [23]. However, the role of residual outliers has not been fully
examined, even though such values can affect predictive accuracy and the recognition of underlying
patterns. This study seeks to bridge this gap by evaluating the performance of GLMM-NB and MERF
when residual outliers are present. The focus is on how winsorization shapes model accuracy and
stability, and whether it improves predictive performance. The study also examines the main factors
linked to tobacco consumption, emphasizing consumption intensity rather than smoking status. This
focus is important for designing tobacco control policies that are targeted, measurable, and sensitive to
context. Treating outliers should help researchers identify the most influential variables with greater
precision and, in turn, give policymakers a firmer empirical basis for decision-making. The explicit
evaluation of winsorization on predictive improvement has also been recommended in recent literature
as part of robust modeling workflows after the pandemic [24].

According to Badan Pusat Statistik (BPS-Statistics Indonesia) and the World Health
Organization (WHO), smoking prevalence in Indonesia has remained consistently high [25]. This study
relies on 2021 data, taken at a time when communities were beginning to recover from the
pandemic.This period provides useful insight into how smoking patterns shifted as communities
resumed daily activities. Evidence suggests that greater awareness of health risks during the COVID-19
outbreak may have influenced the way people smoked [26].

In selecting the study location, West Java stood out because it not only has the largest population
in the country but also records one of the highest rates of smoking. These features make it a suitable
context for examining differences in smoking across social and demographic groups. This study is also
linked to the Sustainable Development Goals (SDGs), with particular attention to Goal 3, which
emphasizes health and well-being through reductions in tobacco use. In this context, emphasis is placed
on socioeconomic factors such as education and household purchasing power, as both have a strong
influence on smoking behavior and its long-term health outcomes. Specifically, SDG Target 3.a
emphasizes tobacco control through the WHO Framework Convention on Tobacco Control (WHO-
FCTC).

To further clarify the research gap and justify the urgency of examining post-pandemic tobacco
consumption using hierarchical modeling, a summary of relevant studies comparing GLMM, MERF,
and outlier treatment approaches is presented in Table 1.

Based on the identified gap, this study explicitly aims to compare GLMM-NB and MERF while
applying winsorization of residual outliers to improve predictive stability and identify the key
socioeconomic determinants of tobacco consumption in Indonesia. The expected contribution of this
study is to evaluate whether winsorization improves MERF predictive accuracy and robustness in
hierarchical tobacco data.
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Table 1. Gap Study Table

Study / Outliers Hierarchical oo
Reference Method handling data Gap 1n literature

Did not address residual outliers; no
[6] GLMM-NB X v comparison with ML methods.
No winsorization; only focuses on

[11] MERF X v prediction, not robustness.

No hierarchical modeling and not

[20] Winsorization v X compared with GLMM/MEREF.

MERF extension . . )
Did not evaluate residual outliers; no

N :
[16] (PCA Rotation X v comparison with GLMM.
Forest)
This stud GLMM-NB Vs First empirical comparison assessing
(2025) Y MERF + v v winsorization effect on GLMM-NB vs
Winsorization MEREF for hierarchical count data.

2. METHOD

This study compares the performance of MERF and GLMM-NB on hierarchical data. The
methods section explains the data used, the preprocessing carried out, how winsorization was applied,
and the approach taken to evaluate predictive accuracy.

2.1. Generalized Linear Mixed Model (GLMM)

The Generalized Linear Mixed Model (GLMM) builds on the Generalized Linear Model (GLM)
by incorporating both fixed and random effects [27]. With a Negative Binomial specification (GLMM-
NB), it offers a flexible framework for modeling count data that reflects predictor relationships while
also accommodating hierarchical structures and overdispersion [28].

This study analyzes the socioeconomic factors linked to tobacco consumption using data collected
in 2021 from West Java Province. The dataset includes 21,290 individuals (k =1, 2, ..., 21,290) nested
within 2,196 villages (1=1, 2, ..., 2,196). Because multiple individuals may reside in the same village,
the data form a nested hierarchical structure in which observations within groups are not independent.
Therefore, a random effect at the village level is included to accommodate between-group variation.
The Generalized Linear Mixed Model with Negative Binomial distribution (GLMM-NB) is formulated
as follows:

Vit = XiaB + Zjgb,  where Vi~ NB(pgs, 0) (1)
Notation:
Vil : Number of tobacco cigarettes consumed by individual k in village [
Ukl : Conditional expected value of consumption, i.e., ui; = E(yilb;)
0 : Dispersion parameter controlling the degree of overdispersion
. ¢ : Matrix of fixed-effect predictors, where X;; € RP*!, p = 14
B : Vector of fixed-effect coefficients
Zy : Design matrix for random effects (value = 1 for random intercept)
b, : Vector of level random effect, b,~N(0, 62I), b, € R7*!

The number of tobacco cigarettes consumed represents discrete count data. In the Poisson
model, it is assumed that the expected value equals the variance. However, an initial inspection of the
data shows that the variance of the response is much greater than its mean, i.e., Var(yy;) > E[yx], a
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condition referred to as overdispersion. The Negative Binomial distribution addresses this by
introducing a dispersion parameter 8, such that the variance is defined as

2
Var(yi) = e + 2 2

This parameterization, known as nbinom2, is available in the glmmTMB function in R (with
family = nbinom?2). Rather than eliminating overdispersion, the model directly incorporates it, making
the analysis more robust to high variability in the data. The parameters 8, b;, and 8 in the GLMM-NB
are estimated using Maximum Likelihood Estimation (MLE), typically via Laplace approximation or
adaptive Gauss—Hermite quadrature. both of which are available in the glmmTMB package for solving
the likelihood function. The model is thus executed in R using glmmTMB, which supports the nbinom2
specification where the variance grows quadratically with the mean [29].

To ensure reproducibility of the statistical modeling process, the GLMM-Negative Binomial
model was implemented using the glmmTMB() function in R, which estimates fixed and random effects
simultaneously through maximum likelihood with Laplace approximation.

library(glmmTMB)

# GLMM-Negative Binomial (nbinom2) — Reproducibility Code

# Response variable:

# Y = Number of tobacco cigarette consumption per individual (last 7 days)

# Predictor variables (X1 — X15):
# Random Effect:
# (1 | KODES) = Random intercept for each village (hierarchical structure)

model_nb <- glmmTMB(
Y ~X1+X2+X3+X4+X5+
X6+ X7+ X8+ X9+X10+
X1T+X12+X13+X14 +X15+
(1 | KODES), # random intercept per village/desa
data =train_ data,
family = nbinom2(link = "log") # GLMM-NB (Negative Binomial Type 2)
)

summary(model nb)

This code explicitly shows how the GLMM-NB model is fitted using glmmTMB(), ensuring
transparency and reproducibility of the hierarchical model estimation.

2.2. Mixed Effect Random Forest (MERF)

The Mixed Effects Random Forest (MERF), introduced earlier, blends Random Forest with
mixed effects modeling so that hierarchical or clustered structures can be properly handled. In Hajjem’s
work, MERF was applied in a way that allowed both fixed and random effects to be represented within
the model, and this combination was shown to improve the accuracy of predictions [9]. The model can
be expressed in its full vectorized form for cluster [ as follows:

yi=fX)+Zb, +¢g 3)
b,~N(0, D), &,~N(0,62), 1=1,..,2.196
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Notation:

¥y : Number of tobacco cigarettes consumed by individual k in cluster [

X; : Matrix of fixed-effect predictors, X; € RP*! where p = 14

Z, : Design matrix for random effects (typically contains 1s for random intercepts),q X 1

b, : Vektor of cluster-level random effects, b; € R9*1

f()  :Nonparametric regression function based on Random Forest

T . .
let y; = [yll, s Yln,] denote the response vector of size n; X 1, where n; is the number of
individuals (observations) in village [. The matrix X; = [xll, . xlnl] represents the covariates for the

fixed effects, with dimensions n; X p. Similarly, Z; = [le, ...,Zlnl][T] is the covariate matrix for the
random effects with dimensions n; X p, where each z;;, typically encodes the village identifier and p =
14 is the number of predictors. The cluster-level random effects are assumed to follow b;~N(0, D) and
the individual-level residuals within clusters follow £,~N (0, c2).

Let r € {0,1,2, ... } denote the iteration index in the MERF parameter estimation process. The
parameters in MERF model are estimated iteratively, beginning with the following initial values: Bz(o) =
0, the initial residual variance is set to 6(20) = 1, and the initial random effect covariance matrix is set

to ﬁ(o) = I,. At each iteration r, the adjusted response is calculated as:

Yiey = Y1 — Zibyr—yy 4)

This step subtracts the contribution of the previous iteration's random effects from the original
response. The Random Forest model is then trained using the input—output pairs X; dan yf(r) . The fixed-
effect prediction function f(X; )(r) is estimated using only trees that exclude observations from cluster
[, in order to prevent information leakage. Next, the residuals are computed as:

gy =y — XD —Zbyr—) (%)

These residuals are used to update the random effects Bl(r) and the total covariance V,(T). The
residual variance c’f(zr) is updated using the mean of the squared residuals, with an adjustment for the

trace penalty of the covariance. The random effect covariance matrix ﬁ(r) is then updated from the
current estimates of the random coefficients, taking into account the corrected covariance. This entire
process is repeated until parameter convergence is achieved. conclusion. The pseudocode below
illustrates the iterative MERF training process until convergence.

Input: X (fixed effects), Z (random effects group), y (response)
Initialize: u =0 (random effects)
Repeat until convergence:
1. Compute pseudo-response: y* =y - Zu
2. Fit Random Forest on (X, y*)
3. Predict fixed component: §_fixed = RF(X)
4. Estimate random effects using LME:

u=(ZZ+N)YN-1)Z (y -9 _fixed)

Output: y=§ fixed+Zu
This pseudocode summarizes the iterative MERF estimation process and ensures clarity on how
the fixed and random effects are updated until convergence.
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2.3. Winsorization

The Winsor method was first introduced by Charles P. Winsor in 1946 as an alternative statistical
technique to address the presence of outliers in observational data [30]. This approach estimates
regression parameters by transforming the observed response values into Winsorized values. In this
study, residual outliers residuals that deviate substantially from the majority distribution and can distort
the data or mislead interpretation will be addressed. Winsorization in this study is applied externally to
the GLMM-NB and MERF algorithms. The procedure replaces extreme residual values with
predetermined thresholds, thereby limiting the effect of outliers without discarding relevant data.
Winsorization, when applied at low levels of about 1% to 5%, has been shown to improve model
robustness against outliers while keeping the overall structure of the dataset intact [31]. It is particularly
useful for skewed distributions, since it reduces the influence of extreme values without noticeably
changing the general shape of the data [32]. The definition of the winsorized observations is given
below:

€kl (1) < ey < 7 (ag)
ex = 72(“1) ver <17 (ag) (6)
n (0(2) ,exy > 1 (052)

Equation (6) shows the two-sided winsorization applied to residuals. A residual ey; remains
unchanged when it falls between the quantile limits 7 («;) and # (a5). If it lies outside this range, the
value is replaced with the corresponding quantile threshold.

2.4. The Problem of Smoking Intensity

Since 2021, West Java Province has consistently ranked among the top five provinces with the
highest smoking prevalence in Indonesia, with rates generally above the national average [33]. The high
prevalence of smoking in this region is strongly linked to low levels of education and to geographic
factors that make tobacco products widely available. Efforts to enforce smoke-free area policies
(Kawasan Tanpa Rokok, KTR) in urban areas have also encountered persistent difficulties [34].

In Indonesia, smoking cannot be viewed purely as an individual habit; it is deeply embedded
within wider social and economic circumstances. In West Java, for instance, cigarette use tends to rise
as village income grows, yet it remains high even when income falls. This pattern indicates that tobacco
is often treated as a spending priority, taking precedence over education and healthcare needs [35]. The
role of advertising adds to this problem. Data from the 2019 Global Youth Tobacco Survey (GYTS)
show that more than 64% of Indonesian adolescents are exposed to cigarette promotions through
television and social media, and this exposure has a marked influence on smoking behavior [36]. While
smoke-free regulations have helped reduce smoking in several provinces, in West Java their enforcement
has so far failed to bring about a meaningful decline [37].

2.5. Data Description

The empirical data come from West Java Province and draw on the 2021 National Socio-
Economic Survey (SUSENAS) [38] and the 2021 Village Potential Statistics (PODES) [39]. The dataset
is hierarchical with two linked levels. Level 1 comprises villages or administrative communities
identified by the KODES identifier. Level 2 contains individuals (KODIN) nested within those villages.
In total, the data include 21,290 individuals from 2,196 villages. The target variable (Y) in this study is
the number of tobacco cigarettes consumed per week (in sticks) recorded for each individual. The
explanatory variables analyzed are listed in full detail in Table 2.
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Table 2. Description of Predictor Variables

No Variable Code Variable Description Scale
1 X1 Presence of other household members who smoke =~ Nominal
2 X2 Highest educational attainment of the individual Ordinal
3 X3 Marital status: never married Nominal
4 X4 Marital status: divorced Nominal
5 X5 Marital status: widowed Nominal
6 X6 Employment status: working or not Nominal
7 X7 School status: currently enrolled or not Nominal
8 X8 Respondent’s gender Nominal
9 X9 Respondent’s age at the time of the survey Ratio
10 X10 Respondent’s age at first marriage Ratio
11 X11 Access to cell phone usage Nominal
12 X12 Individual-level expenditure (in thousand rupiah) Ratio
13 X13 Total Number of Health Insurance Owned Ratio
14 X14 Reported Health Complaints Nominal
15 X15 Urban or rural residence Nominal

This study uses 15 predictors covering individual attributes and village-level context. Several
categorical variables, including marital status and main activity, were recoded as dummy variables for
use in the regression models. To avoid multicollinearity from the dummy-variable trap, one category
per variable was set as the reference group. For marital status, three dummy variables were created: X3
(never married), X4 (divorced), and X5 (widowed). Each takes the value 1 if the condition applied to
the respondent and 0 otherwise. Married individuals were used as the reference group. The main activity
status was measured using X6, which equals 1 if the respondent was working at the time of the survey.
X7 which equals 1 if the respondent was currently enrolled in school.

The variable X13 is a numerical variable representing the total number of health insurance
policies owned, whereas X14 is a categorical (binary) variable coded as 1 for the presence of health
complaints and 0 for the absence of complaints. Other variables are defined as follows: X1 indicates
whether other household members (excluding the respondent) smoked, coded 1 for yes and 0 for no. X8
records the respondent’s gender, coded 1 for male and 0 for female. X9 is the respondent’s age in years
at the time of the survey, and X10 is the age at first marriage. X11 denotes mobile-phone access, coded
1 if the respondent had access and 0 otherwise. Finally, X12 measures individual-level expenditure,
expressed in thousands of rupiah. X2 representing the respondent’s highest level of education attained,
was recoded into an ordinal scale for analytical purposes. Originally consisting of 25 categories,
education levels were grouped into four: code 1 for no formal education, code 2 for elementary and
junior high school (or equivalent), code 3 for senior high school, diploma, and undergraduate degrees,
and code 4 for postgraduate education, including master’s, doctoral, and professional programs. The last
one, X15 captures residential classification, with 1 indicating urban areas and 0 for rural areas.

2.6. Model Performance Metrics

Model performance was evaluated with Root Mean Square Error (RMSE). This statistic is the
square root of the mean squared difference between predicted and observed values, so large errors weigh
more heavily in the result. Because it is sensitive to outliers, RMSE is particularly appropriate for
datasets with high variability or skewed distributions [40], [41]. In this study, RMSE was computed
separately for the training and testing sets to evaluate accuracy at each stage. To further examine model
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fit, the RMSE ratio (train/test) was calculated, with values close to one indicating stability and good
generalization.

Figure 1 illustrates the step-by-step procedure implemented in this study, starting from data
preprocessing (standardization and winsorization), model training (GLMM-NB and MERF), and ending
with model evaluation using RMSE, MAE, and prediction ratio.

SUSENAS 2021 data . ]
{West Java) 20% testing data

80% training data

Y
Standardization of
Numerical Variables

Save standard deviation and Standardization of
mean from training data Numerical Variables
Winsorization

) Calculate RMSE,
GLMM-NB Madeling MAE, Ratio < Evaluate model

| performancx_a and
analyze significant

MERF Modeling Cacuale RMSE. ¢ predictors

Figure 1. Flowchart of the research stages

3.  RESULT

3.1. Exploratory Analysis

The analysis began with an examination of the target variable (Y) to describe its distribution,
identify possible outliers, and assess features such as skewness and overdispersion. This step offered an
initial overview of the data and guided subsequent decisions about model specification and potential

transformations.
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Figure 2. Histogram of the response variable Y (a), Boxplot of Y (b), and Q-Q plot of Y (¢)

As illustrated in Figure 2, the response variable Y (number of cigarettes smoked) is not
symmetrically distributed. The histogram and boxplot show a right-skew with several outliers in the
upper tail, while the Q-Q plot departs clearly from the diagonal, especially at higher values. Normality
tests using Shapiro-Wilk and D’ Agostino confirm this impression, both giving p-values below 0.001.
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The Intraclass Correlation Coefficient (ICC) is 0.2429, which means that about 24.29% of the variation
in Y comes from differences between KODES groups. This points to a strong hierarchical structure in
the data and justifies the use of mixed-effects models such as the GLMM.

Table 3. Likelihood Ratio Test (LRT)

Model logLik AIC Deviance
model fixed -85766 171569 171531
model full -84896 169833 169793

The Likelihood Ratio Test (LRT) was carried out to compare a fixed-effects-only model with a
full specification that also included random effects , as summarized in Table 3. The difference in log-
likelihoods produced an LRT value of 1,738.6 with 1 degree of freedom, yielding a p-value smaller than
2.2e-16. This shows that the improvement from adding random effects is statistically significant. The
full specification provides a noticeably better fit than the fixed-effects model, which is consistent with
the ICC result reported earlier. On this basis, the use of a GLMM with random effects at the village level
(KODES) is well supported, capturing the hierarchical nature of the data and strengthening model
validity.

An examination of the response variable, weekly tobacco consumption, gave a mean of 70.20 and
a variance of 2,220.58. From these values, the dispersion ratio was calculated as:

Var(y) _ 2220.58
Mean(Y) ~ 70.20

Dispersion Ratio= ~ 31,65

This result indicates that the variance far exceeds the mean, which is a statistical indication of
overdispersion in the data. Therefore, the use of the Negative Binomial distribution, particularly with
the nbinom2 parameterization, is more appropriate, as it allows greater flexibility in modeling
overdispersed count data through the dispersion parameter [20]. This confirms the methodological
justification for employing the GLMM-NB model as the primary modeling approach.

1400 200 ’

1000
5 800 o0 © o OO
8
600
|

(a) (b) ©)
Figure 3. Histogram of residuals (a), Boxplot of residuals (b), and Q-Q plot of residuals (c)

Ordered Values

-100

0| e

100 200 -4 -3 = H

The residuals did not follow a normal distribution. Both the histogram and the boxplot showed an
uneven spread, and the Q-Q plot bent away from the diagonal line, especially in the tails (Figure 3a—c).
Formal tests of normality, Shapiro-Wilk and D’Agostino, both produced p-values below 0.001,
confirming that the residuals are not normally distributed. This further reinforces the presence of a strong
hierarchical structure, thereby supporting the use of mixed-effects models.

3.2. Data Preprocessing

The preprocessing was carried out in two main stages, namely data splitting and numerical
standardization. In the preprocessing stage, the dataset was first divided into training (80%) and testing
(20%) subsets using stratified sampling. This method guaranteed that all groups represented in the test
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data were also present in the training data, meaning that the separation took place only at the individual
level. By doing so, the hierarchical nature of the dataset was maintained and the risk of clusters
appearing only in the test set was avoided.

The next stage addressed the standardization of numerical variables. The variables age (X9), age
at first marriage (X10), household expenditure (X12), and number of insurance policies (X13) were
scaled with the StandardScaler. The mean and standard deviation were derived from the training data
and subsequently applied to the test data. This procedure kept the scales aligned across both datasets
and prevented any leakage of information from the test set into the training process.

3.3. Winsorization Results

A separate analysis was conducted to evaluate the effect of winsorization on residual distributions.
The residuals were first obtained from the initial models without winsorization (WINO), and then the
winsorization procedure was applied, as residuals can only be calculated after model estimation. In this
process, the residuals from the test set were capped using the thresholds determined from the training
set, thereby preventing information leakage.
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Figure 4. Boxplots of Residuals Before and After Winsorization: (a) MERF, (b) GLMM-NB

The results show that winsorization reduced the impact of extreme residuals in both MERF and
GLMM-NB. In Figure 4a, MERF residuals that were widely spread at WINO became more concentrated
after WINS, with most extreme values at both ends diminished. A similar pattern appears in Figure 4b,
where GLMM-NB residuals, which had shown large deviations and several points far from the median
line, were compressed into a narrower range after winsorization. These changes show that applying
WINS reduced the influence of outliers, resulting in residual distributions that are more stable and easier
to interpret.

3.4. Descriptive Performance of the Models

Table 4. Descriptive Performance Metrics of MERF and GLMM-NB Across Winsorization Levels

Perlakuan RMSE Train RMSE Test RMSE Ratio
GLMM MERF GLMM MERF GLMM MERF
WINO 49.6500 35.9600 42.2700 39.9400 0.8510 1.1110
WINS 34.9000 26.6300 30.2000 28.6400 0.8650 1.0750

During training, MERF consistently produced more accurate results, with lower RMSE values
than GLMM-NB across both winsorization levels (Table 4). At WINO, MERF recorded a training RMSE
of 35.96, compared with 49.65 for GLMM-NB. A similar pattern was found at WINS, where MERF
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declined to 26.63, while GLMM-NB dropped to 34.90. Although the relative reduction was greater for
GLMM-NB, MEREF still produced lower absolute errors, highlighting its stronger fit to the training data.
At the same time, this outcome suggests that MERF tends to adhere more closely to the training set,
raising the possibility of mild overfitting.

On the test data, both models showed improvement after winsorization, with errors decreasing
overall. For GLMM-NB, the RMSE declined from 42.27 at WINO to 30.20 at WINS, while MERF
dropped from 39.94 to 28.64 over the same range. MERF remained slightly ahead at each level, but the
gap between the two was narrow, implying that its advantage is relative rather than absolute.

Looking at the RMSE Test/Train ratio, GLMM-NB displayed greater balance, remaining close to
1 across conditions, which reflects its stronger ability to maintain equilibrium between training and
testing. By contrast, MERF consistently showed ratios above 1, ranging from 1.11 (WINO) to 1.08
(WINS). Although the ratios improved with stronger winsorization, they still revealed a gap between
the very low training error and the higher test error.

3.5. Identification of Important Variables

In the MERF framework, variable importance was evaluated using the Mean Decrease in Impurity
(MDI). This measure reflects the average drop in impurity, such as variance in regression, each time a
variable is used to split the data at a decision node in the forest. From a statistical perspective, it can be
understood as a breakdown of the output variance, offering a clear and interpretable gauge of how much
a variable contributes [36]. A higher MDI value signals that the variable plays a stronger role in
improving model performance. This metric enables relative interpretation of feature influence in non-
parametric models such as MERF, where conventional coefficient-based interpretation is not applicable
[42].

Table 5. Important Variables in MERF

Ranked Value Variable kode MDI Score
1 X12 0.5871
2 X9 01417
3 X6 0.1268
4 X10 0.0389
5 X8 0.0378
6 X2 0.0162
7 X1 0.0161
8 X13 0.0089
9 X11 0.0059
10 X15 0.0052
11 X14 0.0049
12 X5 0.0041
13 X4 0.0034
14 X7 0.0021
15 X3 0.0009

The MERF model with 5% winsorization (WINS) revealed that prediction was dominated by a
few variables, as shown in Table 5. Household expenditure (X12, 0.5871) was by far the strongest
predictor, followed by age (X9, 0.1417) and employment status (X6, 0.1268), both of which
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substantially influenced smoking intensity. Among the additional predictors, age at first marriage (X10,
0.0389) and gender (X8, 0.0378) also contributed, though their influence was modest. Variables such as
X2, X1, X13, X11, and X15 had smaller contributions, all below 0.02, while X14, X5, X4, X7, and X3
recorded very low values, at or under 0.005. This pattern suggests that, beyond the top five predictors,
most variables had only a weak connection to smoking intensity and functioned largely as supporting
factors.

In the GLMM, variable importance was determined from the fixed-effect coefficients. These
coefficients describe both the direction and magnitude of each predictor’s effect on the outcome and are
evaluated for significance using p-values or confidence intervals. A variable is regarded as important if
its effect is statistically significant, which makes this approach particularly useful for hierarchical data
that incorporate both fixed and random effects.

Table 6. ANOVA Fixed Effect GLMM

Variable code estimate p-value
X15 -0.0601 <0.0000
X8 0.3861 <0.0000
X9 -0.0389 <0.0000
X10 -0.0163 0.1240
X11 0.0938 <0.0000
X13 -0.0071 0.1070
X14 -0.0355 <0.0000
X1 0.1058 <0.0000
X2 -0.0824 0.00114
X3 -0.2127 <0.0000
X4 -0.0971 <0.0000
X5 -0.1122 <0.0000
X6 0.2146 <0.0000
X7 -0.3449 <0.0000
X12 0.1600 <0.0000

Table 6 shows that for the GLMM estimated with 5 percent winsorization (WINS), four of the
five leading predictors identified by MERF were also significant. Household expenditure (X12, p <
0.0000) showed a positive effect, age (X9, p < 0.0000) had a negative effect, and both employment
status (X6, p < 0.0000) and gender (X8, p < 0.0000) showed positive effects. In contrast, age at first
marriage (X10) was not significant (p = 0.1240), suggesting a weaker role in explaining smoking
intensity.

4. DISCUSSIONS

The findings of this study provide a nuanced perspective on modeling tobacco consumption using
hierarchical health survey data. Across all levels of winsorization, the Mixed Effects Random Forest
(MEREF) consistently achieved higher predictive accuracy, as reflected in lower RMSE values for both
training and test datasets. However, the Test/Train RMSE ratio indicated that GLMM-NB maintained a
more stable balance between training and test performance, whereas MERF exhibited early signs of
mild overfitting. Overall, these results emphasize a trade-off: MERF is preferable when predictive
precision is the primary goal, while GLMM-NB is more suitable for ensuring generalization stability
across datasets.
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Winsorization proved effective in reducing prediction errors for both models, but its impact was
particularly pronounced for GLMM-NB. This suggests that GLMM-NB is more sensitive to extreme
residual values, while MERF, due to its tree-based structure, is inherently robust to outliers. This pattern
aligns with prior studies demonstrating the resilience of Random Forest—based models to extreme
values[13], [16], [42]. The negative correlation observed between the percentage of winsorization and
evaluation metrics reinforces the practical utility of winsorization, particularly for parametric
approaches in hierarchical health data [20].

Variable importance analyses further illustrate the complementary insights offered by the two
modeling approaches. As shown in Table 7, both MERF and GLMM-NB consistently identified
household expenditure (X12), employment status (X6), gender (X8), and age (X9) as the strongest
predictors of tobacco consumption intensity. In MERF, these predictors carried the highest Mean
Decrease in Impurity (MDI), whereas in GLMM-NB they were statistically significant, with positive
effects for expenditure, gender, and employment status, and a negative effect for age. The alignment
between these methods reinforces the conclusion that economic and demographic factors play a
dominant role in shaping smoking behavior, while other variables have a more secondary influence.
These findings are consistent with previous studies on tobacco consumption in Indonesia, which
highlight the influence of economic capacity, age, gender, and employment on smoking behavior [25],
[33], [34], [35], [36], [37]

Table 7. Synthesis of Important Predictors Across Models

Rank Variable MERF (MDI) GLMM-NB (Estimate / p-value)
1 X12 (Household expenditure) 0.5871 0.1600 / <0.0001
2 X9 (Age) 0.1417 -0.0389 /<0.0001
3 X6 (Employment status) 0.1268 0.2146 / <0.0001
4 X8 (Gender) 0.0378 0.3861 /<0.0001

Note: Only the four top predictors significant in both models are included for clarity.

A synthesis of recent literature on hierarchical and mixed-effects modeling is summarized in Table §,
highlighting both methodological advances and alignment with health-related findings.

Table 8. SOTA Comparison of Hierarchical and Mixed Effects Modeling Studies
Year  Study & Context Key Findings / Relevance

Breiman,L. Introduced Random Forest; robust to outliers, non-parametric, foundational for

2001 “Random Forests” MERF.

MEREF outperformed RF in hierarchical educational data; emphasizes accuracy

2021 M da et al.
ayapadacta vs. interpretability.

GLMM-NB sensitive to outliers; winsorization improved performance for zero-

2023 L L
023 cecta inflated count data.

2024 Heiling et al. Efficient high-dimensional penalized GLMM estimation; highlights scalability
for complex datasets.

Modified MERF with PCA and rotation forest; improved robust prediction in

2024 Ananda et al.
nanda et a hierarchical data.

Evaluated winsorization methods; supports preprocessing for robust modeling

2024 Abuzaid & Alkrunz oL e
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Year  Study & Context Key Findings / Relevance

Mixed effect gradient boosting for high-dimensional longitudinal data; modern

202 lani t al.
025 Olaniran et a hybrid ML-statistical approach.

Baktiar &

Utiayarsih [33], Household expenditure, gender, age, and employment significantly influence
2021- . . . .
2022 Fahmi [34], smoking prevalence in West Java and forest households. Supports predictors

Diniyati & identified by MERF and GLMM-NB.

Achmad [35]

An important limitation of this study is its reliance on a single dataset and the use of only two-
sided winsorization. Future research could explore alternative strategies for handling outliers, such as
trimming, robust regression, or adaptive winsorization. Expanding the analysis to other provinces and
multiple survey years would further validate generalizability and provide stronger guidance for policy
and health interventions [32], [33].

4.1 Implications for Computer Science

From an informatics perspective, this study demonstrates the practical value of integrating
machine learning and statistical approaches in analyzing complex social and health data. By combining
these paradigms, analysts can effectively leverage hierarchical information while maintaining strong
predictive performance. MERF is particularly suitable when prediction accuracy is the primary goal,
whereas GLMM-NB offers interpretability and stable generalization, which are crucial for decision-
making in public health. Furthermore, preprocessing strategies such as winsorization enhance the
robustness and reliability of both models, especially when dealing with datasets that contain outliers.
Overall, these findings emphasize that model selection should be guided not only by predictive
objectives but also by practical considerations in big data informatics, including scalability, robustness
to outliers, and interpretability [3], [20], [43]. In conclusion, model selection for hierarchical health data
should consider both research priorities and practical constraints: MERF for precision in prediction,
GLMM-NB for stability in generalization, and careful preprocessing to mitigate the influence of extreme
values. Integrating these approaches provides a bridge between statistical rigor and computational
scalability, with clear implications for policy analysis and health informatics.

5.  CONCLUSION

MEREF consistently achieved lower RMSE values than GLMM-NB across all winsorization levels
(e.g., 28.64 vs. 30.20 under WINS), confirming its superior predictive accuracy. Winsorization
effectively reduced prediction errors in both models, with a more pronounced effect in GLMM-NB,
indicating this model’s higher sensitivity to residual outliers. Overall, MERF is recommended when
maximizing predictive precision is the main goal, whereas GLMM-NB is more suitable for achieving
robust performance when data irregularities are present. Both models identified household expenditure
(X12), age (X9), employment status (X6), and gender (X8) as consistent and dominant predictors of
smoking intensity, aligning with existing tobacco-related literature. These results contribute to the
development of an analytical framework that supports SDG 3 (Good Health and Well-Being) through
evidence-based policy design in developing countries. Future research may extend this framework by
incorporating deep mixed models and robust regression techniques for multi-provincial or longitudinal
datasets, thereby strengthening computational approaches to overdispersed health data in informatics
and public health analytics.
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