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Abstract: Dengue Hemorrhagic Fever (DHF) remains a major public health challenge in Indonesia, driven by 

complex interactions among climatic, demographic, socio-economic, health capacity, and environmental factors. 

Identifying significant determinants in high-dimensional data with grouped explanatory variables requires appropriate 

regularization techniques. This study evaluates and compares the performance of LASSO, Group LASSO, and Sparse 

Group LASSO (SGL) in identifying factors influencing DHF incidence across Indonesian provinces. Three penalized 

regression models were applied to data comprising 29 predictors organized into five thematic groups. Model 

performance was assessed using the coefficient of determination (R²) for data testing, with additional analysis of 

variable selection patterns to evaluate parsimony and epidemiological interpretability. LASSO was employed to 

identify dominant individual predictors, Group LASSO to assess the contribution of thematic variable groups, and 

SGL to simultaneously perform selection at both group and individual levels. The results indicate that SGL provides 

the best predictive performance, achieving an R² of 94.94%, followed by LASSO (88.91%) and Group LASSO 

(73.94%). LASSO produced the most parsimonious model, selecting only four socio-economic and demographic 
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variables, but overlooked meaningful group structures. Group LASSO retained three complete groups (Demographic, 

Socio-Economic, and Sanitation/Residential Environment) but exhibited reduced accuracy due to the inclusion of 

weakly contributing variables. In contrast, SGL selected 23 relevant variables while preserving group structures, 

revealing that DHF incidence is primarily associated with socio-economic factors (unemployment, labor force size, 

poverty), demographic pressure, sanitation and housing conditions, and rainfall. In conclusion, Sparse Group LASSO 

emerges as the most effective method for identifying significant DHF determinants, offering an optimal balance 

between predictive accuracy, model parsimony, and epidemiological interpretability. The findings advocate for the 

adoption of integrated, data-driven regularization approaches in developing targeted DHF prevention and control 

strategies in Indonesia. 

Keywords: dengue hemorrhagic fever; regularization methods; LASSO; group LASSO; sparse group LASSO. 

2020 AMS Subject Classification: 92B20. 

1. INTRODUCTION 

Dengue Hemorrhagic Fever (DHF) remains a major public health challenge in Indonesia. As a 

mosquito-borne disease transmitted by Aedes aegypti, DHF continues to impose a substantial 

burden of morbidity and mortality, with incidence rates fluctuating considerably from year to year 

[1]. Furthermore, data on the case fatality rate (CFR) of DHF (Figure 1) reveal an unstable pattern, 

highlighted by a sharp increase to 0.96% in 2021. This persistent fluctuation in mortality suggests 

that existing prevention, early detection, and clinical management strategies have not yet 

effectively addressed the factors contributing to disease severity [2]. 

 

Figure 1. Case fatality rate of DHF 
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Spatially, the distribution of DHF in Indonesia shows a highly heterogeneous pattern. The 

distribution map of DHF cases in 2023 (Figure 2) reveals extreme disparities between regions, 

with case ranges from 48 to 13,844 per region. This variation reflects the complexity of disease 

determinants, which likely involve interactions between environmental, demographic, behavioral, 

and local health system capacity factors [3]. Without a comprehensive understanding of the 

dominant factors in each region, DHF control efforts risk being off-target and less effective. 

 

Figure 2. Distribution of DHF in Indonesia in 2023 

Previous studies have attempted to identify factors influencing DHF incidence through various 

approaches. A study by [4] employed negative binomial regression to investigate the impact of 

climatic factors on DHF incidence in Yogyakarta. Meanwhile, research by [5] applied hierarchical 

models to analyze dengue risk factors using multiple levels of demographic and clinical 

determinants. However, most of these studies used conventional regression methods that have 

limitations in handling data with many correlated predictors. 

In the context of risk factor analysis, researchers often encounter situations where the number 

of potential predictor variables is extremely large. Conventional regression methods, such as 

multiple linear regression, have limitations in handling high-dimensional data, as they are prone 

to overfitting and multicollinearity problems [6]. Additionally, these methods are not designed to 

perform automatic variable selection, so the resulting models may contain predictors that are 

actually insignificant. 

Some recent studies have begun to adopt more advanced methods for DHF risk factor analysis. 

A study by Lim et al. [7] used LASSO regression within a Bayesian framework to identify climatic 
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factors influencing dengue transmission in Singapore, demonstrating the method's ability to handle 

high-dimensional data and produce parsimonious models. However, this study did not consider 

the group structure of predictor variables, which is often encountered in public health data. On the 

other hand, research by Ouhourane et al. [8] applied Group Penalized Quantile Regression, a 

variant of Group LASSO, to analyze risk factors, though not specifically for dengue, the 

methodological framework offers insights for grouped variable selection in epidemiological 

studies. 

To overcome these limitations, regularization methods such as LASSO (Least Absolute 

Shrinkage and Selection Operator) have been developed [9]. LASSO is able to perform variable 

selection by penalizing regression coefficients, so that only the most informative variables are 

retained in the model. However, when predictor variables have a natural group structure, for 

example, climate variable groups, socio-economic variable groups, or environmental variable 

groups, the standard LASSO approach becomes less optimal. 

Therefore, the Group LASSO method was developed to perform selection at the group level 

[10], and the Sparse group LASSO, which combines selection capabilities at both the group level 

and within-group individual level [11]. These three methods offer different approaches to handling 

high-dimensional data and group structures, but comparative evaluation of these three methods in 

the context of DHF risk factor modeling in Indonesia remains very limited. 

Based on this background, this study aims to evaluate the performance of three regularization 

methods, LASSO, Group LASSO, and Sparse group LASSO, in identifying factors that have a 

significant influence on DHF incidence in Indonesia. Evaluation is conducted based on predictive 

ability, variable selection accuracy, and stability of the resulting models. This research will also 

compare findings with previous studies that used conventional methods. 

The results of this study are expected to provide dual contributions. Methodologically, this 

research provides empirical evidence regarding the relative performance of the three regularization 

methods in the context of real public health data. Practically, the identification of dominant factors 

resulting from the best model can serve as a basis for formulating more targeted, effective, and 
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efficient policies and interventions in DHF control in Indonesia. 

2. PRELIMINARIES 

2.1 LASSO 

Tibshirani introduced the least absolute shrinkage and selection operator (LASSO) method in 1996. 

The coefficient estimator in the LASSO method is obtained by minimizing the following Eq. (1) 

[9]. 

𝛽̂ = arg 𝑚𝑖𝑛𝛽0,𝛽 {∑ (𝑦𝑖 − 𝛽0 − ∑ 𝑋𝑖𝑗𝛽𝑗

𝑝

𝑗=1

)

2

+ 𝜆 ∑|𝛽𝑗|

𝑝

𝑗=1

𝑁

𝑖=1

} 

 

with penalty ∑ |𝛽𝑗| ≤ 𝑡𝑝
𝑗=1 . The value of t is the quantity that controls the shrinkage of the 

coefficient estimator with 𝑡 ≥ 0, p is the number of explanatory variables, and N is the number of 

observations. The LASSO estimator can also be expressed in terms of a standardized parameter 

𝑠 = 𝑡/𝑡0 where 𝑡0 = ∑ |𝛽̂𝑗
0

|𝑝
𝑗=1  is sum of absolute values of the ordinary least squares (OLS) 

coefficients 𝛽̂𝑗
0. If 𝑡 < 𝑡0, the LASSO coefficients are shrunk toward zero, with some becoming 

exactly zero. If 𝑡 ≥ 𝑡0, then the LASSO estimator equals the OLS estimator (𝛽̂𝐿𝐴𝑆𝑆𝑂 = 𝛽𝑗̂
0

). This 

causes LASSO to form an efficient model by maintaining the variables that affect the model. The 

LASSO method does not have a closed-form analytical solution. This limitation stems from the 

nature of its constraint function, which involves an absolute value term that is non-differentiable 

at zero [12]. Since a closed-form solution for the coefficient estimator does not exist, the estimation 

procedure relies on quadratic programming techniques [9]. 

 After its first publication in 1996, the LASSO paper did not receive much attention until 2004, 

when Efron, Hastie, Johnstone, and Tibshirani introduced the Least Angle Regression (LAR) 

algorithm [13]. A modification of LAR for LASSO yields an efficient algorithm for estimating the 

LASSO coefficient solution with faster computation than quadratic programming. The original 

LAR algorithm is as follows [14]. The original LAR algorithm is as follows [15] : 
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1. Standardize each independent variable to have a median of zero and a variance of one. 

Initialize the residual as 𝑟 = 𝑦 − 𝑦̅, and set all coefficients 𝛽1 = 𝛽2 = ⋯ = 𝛽𝑝 = 0.  

2. Find the independent variable 𝑥𝑗 that is most correlated with the current residual 𝑟.  

3. Increase the value of 𝛽𝑗 from zero toward its least squares coefficient 〈𝑥𝑗,𝑟〉, until another 

variable 𝑥𝑘 has as much correlation with the current residual as 𝑥𝑗.  

4. Update 𝛽𝑗 and 𝛽𝑘 simultaneously in the direction defined by the joint least squares fit of 

the current residual on (𝑥𝑗
, 𝑥𝑘), until another variable 𝑥𝑙 attains the same correlation with 

the current residual.  

5. Continue this procedure until all 𝑝independent variables have entered the active set. After 

the min (N-1,p) steps, the OLS solution is obtained.  

To obtain the LASSO solution, the LAR algorithm is modified at Step 4 as follows: 

4a. If any non-zero coefficient reaches zero, remove that variable from the active set and 

recompute the joint least squares direction using only the remaining active variables.  

2.2 Group LASSO 

The Group LASSO method extends the standard LASSO framework by applying the variable 

selection mechanism to predefined groups of explanatory variables. This grouping structure 

enables the simultaneous identification and retention of variables that share common 

characteristics. One of the key advantages of Group LASSO is its ability to accommodate groups 

of varying sizes [16]. The coefficient estimator in Group LASSO is obtained by minimizing a 

penalized residual sum of squares, as formulated in Equation (2) [10]: 

𝛽̂ = arg 𝑚𝑖𝑛𝛽 {
1

2
‖𝒀 − ∑ 𝑿𝑗𝜷𝑗

𝑘

𝑗=1

‖

2

+ 𝜆 ∑ √𝑝𝑗  ‖𝜷𝑗‖
2

𝑘

𝑗=1

} 

In this formulation, k denotes the total number of groups, 𝑋𝑗 represents the matrix of explanatory 

variables for the 𝑗𝑡ℎ group, 𝛽𝑗  is the corresponding vector of regression coefficients, and 𝑝𝑗 

denotes the number of variables within the 𝑗𝑡ℎ group. The tuning parameter 𝜆 ≥ 0 controls the 

strength of the penalty. When 𝜆 = 0, the model reduces to the standard OLS formulation. As 
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𝜆 increases, the estimated coefficients are progressively shrunk toward zero, with all coefficients 

converging to zero as 𝜆 → ∞. 

2.3 Sparse group LASSO 

Sparse group LASSO (SGL) is a further extension of the Group LASSO method, designed to 

produce sparsity at two simultaneous levels: the group level and the within-group level of 

individual variables [11]. This method integrates the standard LASSO penalty and the Group 

LASSO penalty into a unified objective function, allowing both group-wise and individual variable 

selection. 

Similar to Group LASSO, SGL is particularly suitable for modeling data in which predictor 

variables naturally form groups, such as single-nucleotide polymorphisms grouped by genes or 

dummy variables representing categorical factors [17]. A key limitation of the Group LASSO lies 

in its inability to perform variable selection within an active group; once a group is selected, all 

variables within that group are retained, regardless of their individual relevance. SGL addresses 

this limitation by introducing an additional sparsity-inducing penalty at the within-group level [11]. 

The coefficient estimator in SGL is obtained by minimizing the residual sum of squares 

subject to two combined penalties, as expressed in Equation (3) [11]. 

𝛽̂ = arg 𝑚𝑖𝑛𝛽 {
1

2
‖𝒀 − ∑ 𝑿𝑗𝜷𝑗

𝑘

𝑗=1

‖

2

2

+ 𝜆 ((1 − 𝛼) ∑‖𝜷𝑗‖
1

+ 𝛼 ∑ √𝑝𝑗 ‖𝜷𝑗‖
2

𝑘

𝑗=1

𝑘

𝑗=1

)} 

In this formulation, 𝑘 denotes the total number of groups, 𝑿𝑗 represents the matrix of explanatory 

variables for the 𝑗𝑡ℎ  group, 𝜷𝑗  denotes the corresponding vector of regression coefficients, 

and 𝑝𝑗  indicates the number of variables within the 𝑗𝑡ℎ  group. The tuning parameter 𝜆 ≥

0 controls the overall strength of regularization, while 𝛼 ∈ [0,1] governs the balance between the 

LASSO penalty  ‖𝜷𝑗‖
1
 and the Group LASSO penalty √𝑝𝑗‖𝜷𝑗‖

2
. 

 Through this dual-penalty structure, SGL enables simultaneous group-level sparsity and 

within-group sparsity. Specifically, the ℓ2-norm penalty promotes the exclusion of entire groups, 

whereas the ℓ1-norm penalty facilitates the elimination of individual variables within selected 
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groups. Extreme values of 𝛼  yield familiar special cases: when 𝛼 = 1 , SGL reduces to the 

standard Group LASSO, and when 𝛼 = 0, it becomes equivalent to the conventional LASSO. By 

appropriately tuning 𝛼 , typically via cross-validation, SGL offers a flexible framework for 

modeling high-dimensional data with inherent group structures. 

3. RESEARCH METHODOLOGY 

3.1 Data Sources 

This study employs secondary data from the Badan Pusat Statistik Indonesia and official 

dengue surveillance reports for the year 2023. The response variable (Y) is the annual number of 

DHF cases recorded in each Indonesian province. A comprehensive set of 29 predictor variables 

was compiled from the BPS dataset and theoretically organized into five distinct groups based on 

their relevance to DHF transmission ecology: Climate, Demographic, Socio-economic, Healthcare 

Capacity, Sanitation, and Residential Environment. 

3.2 Procedure of Analysis 

This study begins with a data exploration stage to understand the dataset's characteristics. First, 

a thematic map is constructed to visualize the spatial distribution of DHF cases across Indonesian 

provinces, providing an overview of geographic patterns and case intensity. Subsequently, 

multicollinearity among the explanatory variables is assessed using a Pearson correlation matrix 

visualized through a heatmap. The heatmap illustrates the magnitude and direction of pairwise 

linear relationships, with coefficients near ±1 indicating strong multicollinearity. This observed 

correlation structure motivates the application of regularization methods, LASSO, Group LASSO, 

and SGL, which are inherently robust to multicollinearity through coefficient shrinkage and 

structured variable selection. 

Following exploration, data preprocessing is performed. Predictor variables are standardized 

to have a mean of zero and a standard deviation of one. This step ensures that the regularization 

penalties are applied uniformly across variables, preventing those with larger scales from 

dominating the model. The dataset is then randomly split into a training set (75% of observations) 

for model building and a testing set (the remaining 25%) for final, unbiased evaluation. 
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The core analytical stage involves the implementation and comparison of three regularization 

techniques. First, the Least Absolute Shrinkage and Selection Operator (LASSO) is applied using 

the glmnet package in R. The optimal regularization parameter (λ) is determined via 5-fold cross-

validation to minimize the prediction error. Variables with non-zero coefficients are retained as 

significant predictors. 

Second, the Group LASSO method is implemented using the gglasso package. This approach 

extends LASSO by performing selection at the level of pre-defined groups of variables (e.g., all 

climate variables as one group). The optimal λ is similarly selected through 5-fold cross-validation.  

Third, the Sparse group LASSO method is employed, utilizing packages such as sgl or msgl. 

Sparse group LASSO integrates the penalties of LASSO and Group LASSO, enabling 

simultaneous sparsity at both the group level (selecting relevant groups) and the individual variable 

level within selected groups. This allows for a more flexible and parsimonious model structure.  

Finally, the performance of the three models is rigorously evaluated and compared. The 

comparison is based on two primary criteria: (1) predictive performance measured by the 

coefficient of determination (R²) calculated on the held-out testing set, which quantifies the 

proportion of variance in DHF cases explained by each model; and (2) model parsimony, assessed 

by the number of selected variables and groups. A higher R² value indicates better explanatory 

power, while greater parsimony (fewer selected variables/groups) reflects a more interpretable and 

generalizable model. The model that achieves the optimal balance between high explanatory power 

(R²) and parsimony will be selected as the best-performing model. This model is then interpreted 

to identify the most influential factors associated with DHF incidence in Indonesia, providing an 

empirical foundation for targeted, evidence-based policy recommendations. 

4. RESULT 

4.1 Multicollinearity 

As an initial step in the analysis, prior to the implementation of LASSO, Group LASSO, and 

Sparse Group LASSO, the pairwise Pearson correlation coefficients were computed among all 

explanatory variables to examine the linear dependence structure of the design matrix and to assess 
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the presence of multicollinearity. This step is particularly relevant given that the predictors are 

organized into predefined thematic groups and may exhibit strong correlations both within and 

across groups. Figure 3 displays the resulting correlation matrix visualized as a heatmap, where 

color intensity represents the magnitude and sign of the Pearson correlation coefficients. 

 

Figure 3. Correlation between explanatory variables 

The predominance of high-magnitude correlations in Figure 3 indicates that the design matrix is 

potentially ill-conditioned, thereby violating the non-multicollinearity assumption of ordinary least 

squares regression. This empirical evidence provides strong methodological justification for 

adopting penalization-based regularization methods, such as LASSO, Group LASSO, and Sparse 

Group LASSO, which address multicollinearity and high dimensionality by imposing sparsity 

through coefficient shrinkage and structured variable selection.  

4.2 LASSO 

The LASSO coefficient estimates are computed using an efficient iterative algorithm derived from 

the Least Angle Regression (LAR) framework, commonly referred to as the LARS algorithm. This 

approach is computationally more efficient than traditional quadratic programming methods. The 

estimation procedure begins by initializing all regression coefficients to zero. At each iteration, the 

predictor exhibiting the highest absolute correlation with the current model residual is identified 

and its coefficient is updated, while previously selected predictors are adjusted accordingly. The 

evolution of coefficient estimates across iterations can be visualized through a solution path plot, 

as illustrated in Figure 4. 
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Figure 4. Plot the estimated LASSO regression coefficient with the LARS algorithm at each 

iteration 

The plot of the estimated LASSO regression coefficients with the LARS algorithm represents 

the LASSO regression coefficients at each step of the LARS algorithm. After all the independent 

variables are selected, the next step is to choose the best model. In Figure 4, the variable X13 is 

included in the model in the first iteration, meaning that the variable X13 has the highest 

correlation with the remainder compared to the other variables. Furthermore, in the second 

iteration, X12 is entered into the model. In the second iteration, the model has two variables, 

namely X13 and X12. And so on until the variable X29 enters the model at stage 61. 

 

Figure 5. Cross-validation value using step mode 

 Figure 5 shows Cross-Validates-MSE minimun in the 4th iteration. Therefore, the best 
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LASSO model selected in this data is the model in the 4th iteration. At this iteration, four variables 

enter the model, namely X6, X12, X13, and X14. These variables are area, number of unemployed, 

number of workforce, and average monthly per capita expenditure of the population for health. 

4.2 GROUP LASSO 

Within the Group LASSO framework, a group of variables is considered influential and retained 

in the model only when its estimated group coefficient is non-zero. A non-zero group coefficient 

indicates that the variables within the group jointly contribute to explaining the variation in dengue 

fever case counts across Indonesia. Accordingly, groups with non-zero coefficients are interpreted 

as key thematic factors that are significantly associated with incidence of DHF. The selected 

groups and their relative influences are summarized visually in Figure 6.  

 

Figure 6. Group LASSO coefficient plots 

Figure 6 shows that the variable groups retained by the Group LASSO model are Groups 2, 3, 

and 5, corresponding to the Demographic, Socio-Economic, and Sanitation and Residential 

Environment groups, respectively. In the Group LASSO framework, a group is retained when at 

least one of its constituent variables has a non-zero coefficient, indicating a collective contribution 

to explaining dengue fever incidence. The Demographic group (X4–X6) includes variables related 

to population size, population density, and land area, reflecting the influence of human settlement 

patterns on dengue transmission dynamics. The Socio-Economic group (X7–X14) comprises 

indicators of educational attainment, poverty, employment, and health expenditure, highlighting 
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the role of community socio-economic conditions in shaping vulnerability and preventive capacity. 

The Sanitation and Residential Environment group (X20–X29) consists of variables representing 

healthcare resources, funding, and accessibility, emphasizing the importance of health system 

readiness in responding to dengue outbreaks.  

In contrast, Group 1 (Climate: X1–X3) and Group 4 (Health Capacity: X15–X19) were not 

retained in the model, suggesting that, when considered jointly with other grouped factors, their 

collective contribution was relatively weaker and insufficient for inclusion in the most 

parsimonious Group LASSO model. 

4.3 Sparse Group LASSO 

Within the SGL framework, a group is regarded as relevant when at least one variable within 

the group has a non-zero coefficient, indicating that the group contributes to explaining variations 

in dengue fever incidence. At the same time, the method enables the identification of specific 

influential variables within each group, resulting in a more selective and parsimonious model. The 

groups and variables retained by SGL are presented in Figure 7. 

 

Figure 7. SGL coefficient plots 

Figure 7 displays the standardized coefficient estimates from the SGL model used to identify 

factors influencing the incidence of DHF in Indonesia. Each point represents an explanatory 

variable, with its position along the horizontal axis indicating the variable index and its vertical 

position reflecting the magnitude and direction of its effect on the response variable. The horizontal 
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reference line at zero denotes no effect; variables with coefficients exactly on this line are shrunk 

to zero and excluded from the model. Point colors correspond to the predefined variable groups, 

thereby illustrating the contribution of each thematic factor. By simultaneously performing 

variable selection at both the group and individual levels, SGL retains only relevant groups and 

key variables within those groups, as evidenced by the presence of non-zero coefficients for 

selected variables alongside eliminated variables within the same group due to the regularization 

process. 

Based on Figure 7, the SGL estimation indicates that only a subset of variables contributes to 

dengue hemorrhagic fever (DHF) incidence in Indonesia. Within the climate group, rainfall (X3) 

is the only variable retained in the model, while average temperature (X1) and average humidity 

(X2) are eliminated. In the demographic group, total population (X4) and population density (X5) 

have non-zero coefficients. In the socio-economic group, all variables are retained except primary 

school completion (X7), with the number of unemployed individuals (X12), labor force size (X13), 

and number of poor populations (X11) exhibiting the largest coefficient magnitudes. Furthermore, 

in the health capacity group, three out of four variables, number of hospitals (X16), number of 

medical personnel (X17), and the percentage of the population covered by health insurance (X18), 

are retained in the model. Finally, in the sanitation and residential environment group, nine out of 

ten variables have non-zero coefficients, including indicators related to open defecation practices, 

protected and unprotected drinking water sources, handwashing and public sanitation facilities, 

slum housing conditions, access to improved sanitation, access to improved drinking water, and 

flood occurrence (X20–X25 and X26-X29). 

4.4 Performance Evaluation of LASSO, Group LASSO and Sparse group LASSO 

The performance of LASSO, Group LASSO, and SGL in this study is evaluated using the 

coefficient of determination (R²). The R² metric quantifies the proportion of variance in DHF 

incidence explained by the explanatory variables included in the model. It is employed to compare 

the predictive performance of the three methods, particularly in the context of high-dimensional 

data with grouped explanatory variables. A higher R² value indicates superior model performance. 
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The comparative R² results for LASSO, Group LASSO, and SGL are presented in Table 1.  

Table 1. Measures of the goodness 

Analysis Used R² Model Complexity 

LASSO 88.91% 4 variables 

Group LASSO 73.96% 22 variables 

Sparse group LASSO 94.94% 23 variables 

Based on Tabel 1, The results indicate that SGL achieves the best performance, with an R² 

value of 94.94%, followed by LASSO (88.91%) and Group LASSO (73.96%). These findings 

suggest that an approach combining group-level and individual-level variable selection is more 

effective in capturing the complexity of factors influencing DHF incidence. 

From the perspective of variable selection, LASSO produces the most parsimonious model by 

selecting only four variables, making it effective in identifying dominant factors. However, this 

approach may overlook relevant group structures and correlations among variables that are 

epidemiologically meaningful. Group LASSO retains three variable groups comprising 22 

variables, but exhibits lower predictive performance, indicating that group-wise selection may 

include variables with weak contributions and reduce overall model accuracy. 

In contrast, SGL selects 23 relevant variables while preserving group structures, thereby 

providing a more comprehensive representation of DHF risk factors. These results highlight the 

trade-off between model simplicity and predictive accuracy, with SGL emerging as the most 

optimal method in this study, as it achieves the highest accuracy without fully compromising 

epidemiological interpretability. Consequently, this method shows strong potential for supporting 

data-driven policy formulation and strategic planning in DHF prevention and control. 

5. CONCLUSION 

This study evaluates the performance of LASSO, Group LASSO, and Sparse Group LASSO 

(SGL) in identifying factors that significantly influence the incidence of Dengue Hemorrhagic 

Fever (DHF), based on predictive ability and variable selection characteristics. The results indicate 

that SGL is the most optimal approach for identifying influential factors of DHF incidence in 
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Indonesia, achieving the highest predictive performance with an R² value of 94.94%, 

outperforming LASSO (88.91%) and Group LASSO (73.96%). The superiority of SGL lies in its 

ability to perform variable selection simultaneously at two levels: at the group level, preserving 

epidemiologically meaningful thematic structures, and at the individual level within groups, 

ensuring that only truly informative variables are retained. This dual mechanism yields a model 

that is accurate, parsimonious, and interpretable, consistent with the theoretical advantages of SGL 

in high-dimensional and highly correlated data settings [11]. 

From a substantive perspective, the SGL results reveal the multifactorial nature of DHF 

determinants. Socio-economic factors—particularly unemployment (X12), labor force size (X13), 

and poverty level (X11)—emerge as the dominant contributors, followed by demographic pressure 

reflected by population density (X5) and environmental housing conditions captured through 

sanitation, access to clean water, and housing quality indicators (X20–X29). These findings are 

consistent with previous epidemiological studies highlighting that socio-economic vulnerability 

and inadequate living environments substantially increase dengue risk by constraining preventive 

capacity and access to health services [18, 19, 20]. Climatic factors show a more selective influence, 

with only rainfall (X3) retained in the final model, supporting prior evidence that climate effects 

on dengue transmission are often indirect and mediated through socio-environmental pathways 

[21]. 

Methodologically, this study highlights a clear trade-off between parsimony and predictive 

accuracy. LASSO produces the most parsimonious model by selecting only four variables but 

tends to overlook important group structures and correlated predictors, while Group LASSO 

retains entire variable groups (22 variables), potentially reducing predictive performance due to 

the inclusion of weakly contributing variables. SGL effectively bridges these two extremes by 

selecting 23 key variables within relevant groups, achieving an optimal balance between model 

simplicity, predictive power, and scientific interpretability, in line with previous methodological 

findings [11]. From a policy perspective, these results emphasize the need for integrated and 

evidence-based DHF control strategies that address not only vector and climatic factors but also 
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underlying socio-economic and environmental determinants. The SGL framework thus provides a 

robust decision-support tool for prioritizing interventions and can be further extended into a spatio-

temporal, prediction-based early warning system to support timely and targeted DHF mitigation 

efforts. 
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