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ABSTRACT ⎯ Neglected tropical diseases (NTDs), such as lymphatic filariasis (LF), are a significant issue in Indonesia. The high 

percentage of LF in Papua highlights the urgency of addressing LF in the area due to its devastating impact on the health and 

economy of the poor. Moreover, imbalanced outcome variable categories are a common issue in logistic regression analysis using 

medical data. One of the solutions to this problem is using Synthetic Minority Over-sampling Technique (SMOTE). Therefore, this 

study aims to provide an overview of LF cases in endemic areas of Papua and identify the factors that influence its occurrence using 

binary logistic regression analysis and the SMOTE method. The data utilized was the LF diagnosis status of individuals in endemic 

areas of Papua Province, Indonesia as contained in the Riset Kesehatan Dasar (Riskesdas) 2018. It was found that the SMOTE 

approach in binary logistic regression analysis can be used to address data imbalance. The following factors are significant: sex, age, 

occupation, education level, use of mosquito bite preventive measures, use of latrines for defecation, and participation in Mass Drug 

Administration (MDA).   

Keywords⎯ lymphatic filariasis, endemic areas, synthetic minority over-sampling technique, binary logistic regression 

 

 
I. INTRODUCTION 

One of the goals of Sustainable Development Goals (SDGs) is to ensure healthy lives and promote well-being for all at 

all ages. To achieve this goal, countries around the world set a target to end the epidemics of acquired immunodeficiency 

syndrome (AIDS), tuberculosis, malaria and neglected tropical diseases (NTDs), and combat hepatitis, waterborne 

diseases, and other communicable diseases by 2030. Among these diseases, NTDs continue to be overlooked [1], despite 

their significant impact on global health. NTDs in developing countries result in billions of dollars in healthcare costs, 

lost productivity, and reduced socioeconomic and educational opportunities [2]. NTDs are a group of diseases that 

disproportionately affect populations living in impoverished areas, particularly in tropical and subtropical regions. These 

diseases are also often stigmatized and result in social ostracization within affected communities. NTDs comprise 20 

distinct diseases. These diseases are caused by agents, including bacteria, viruses, protozoa, parasitic worms, and external 

parasites. They can be spread through water, soil, food, droplets, direct contact with patients, and vectors, such as 

mosquitoes and flies. To achieve inclusive development, it is important to give more attention to tackling NTDs. This will 

ensure that no individual is left behind by the principle of the SDGs. 

Indonesia is ranked third in the world for the highest number of people requiring intervention against NTDs, with 79.9 

million individuals [3]. According to the Kementerian Kesehatan Republik Indonesia (Kemenkes RI), one of the NTDs 

that is still a public health problem in Indonesia is lymphatic filariasis (LF). The mapping of endemic areas revealed that 

LF is endemic in 236 districts across 28 provinces in Indonesia. LF endemic areas are determined based on the results of 

a baseline survey of the percentage of microfilariae that shows a microfilariae rate of 1% or higher [4].  

LF is an infectious disease caused by filarial worms that are transmitted by mosquitoes. This disease can damage the 

lymphatic system, resulting in swelling of the hands, feet, breasts, and scrotum. Based on data from Riset Kesehatan 

Dasar (Riskesdas), the prevalence of LF in Indonesia has increased from 0.05% in 2007 to 0.8% in 2018. In 2018, Papua 

Province had the second-highest percentage of LF in Indonesia [5]. Although Papua did not have the highest percentage 

of cases, it has the highest number of endemic areas in Indonesia. In Papua, there are 23 districts, which account for 79.3% 

of the total districts in the region, that are considered endemic areas and are the primary focus of the national health 

program. 

Kemenkes RI aims to reduce the microfilariae rate to less than 1% in all LF endemic areas and achieve LF elimination 

status in 190 endemic districts by 2024. By the program of the Kemenkes RI, Dinas Kesehatan (Dinkes) Papua has also set 

a goal of eliminating LF, as outlined in Rencana Strategis Dinkes Papua 2019-2023. However, the Papua Province has 

consistently underperformed in this program, achieving only between 25% to 31.25% of the elimination target set by 

Dinkes Papua each year. 

In 2022, there were 8,742 cases of chronic LF spread across 34 provinces in Indonesia [6]. In Papua, there were 3,615 

cases of chronic LF. Since 2017, Papua has had the highest number of chronic cases in Indonesia. The existence of these 

chronic cases indicates that the infection has been present in the Papua population for a long period. If left untreated, this 
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can lead to a higher disease burden and an increased risk of transmission to non-endemic areas [7]. Chronic LF do not 

significantly impact mortality rates in Papua. Since 2019, only 14 individuals with chronic cases passed away. However, 

in the chronic stage, the swelling experienced by most patients cannot be cured and persists even after completing 

treatment [8]. Chronic cases with increased swelling may result in permanent disabilities [9]. 

According to the World Health Organization (WHO), NTDs, including LF, tend to affect poorer areas. This statement 

is pertinent to the conditions in Papua, the province with the highest poverty rate in Indonesia every year. Chronic LF in 

Papua have the potential to exacerbate poverty by negatively impacting the ability of patients to engage fully in economic 

activities. This is because the condition of the patients can result in job loss or a reduction in work hours. In addition, the 

stigma associated with the disease prevents individuals from starting businesses, such as trading [10]. Therefore, a high 

incidence of LF in a community with a high poverty rate can worsen the economic burden of the area. 

Regression analysis was used to explain the relationship between the outcome and predictor variables. If the outcome 

variable is categorical data, the logit regression model can be used to explain the relationship between the outcome and 

predictor variables [11]. However, logistic regression analysis using medical data often faces the problem of imbalanced 

outcome variable categories [12]. The distribution of the estimated parameters is influenced by the percentage of 0/1 in 

the data used to fit a logistic regression model. An extreme proportion of zeros (or ones) in the data tends to increase the 

variability of the estimated parameters [13]. To address this issue, there are two main approaches: over-sampling and 

under-sampling. Under-sampling decreases the sample of the majority class while over-sampling increases the sample 

of the minority class. The goal of both strategies is to achieve a balanced distribution of classes [14]. However, the use of 

random under-sampling and over-sampling techniques has several drawbacks. Random under-sampling may eliminate 

important examples, while random over-sampling can lead to overfitting [15]. To circumvent overfitting and expand the 

decision region of minority class examples, [16] have introduced the Synthetic Minority Over-sampling Technique 

(SMOTE), a novel technique to generate synthetic examples. The minority class can be over-sampled by generating 

synthetic examples along the line segments that connect each minority class sample to its nearest neighbors. 

Earlier studies has shown that SMOTE can produce synthetic samples that are useful for classifying unbalanced data 

and increasing the precision of predicting the efficacy of cardiac implantable electronic device infection [17]. Meanwhile, 

another study found that the model using the SMOTE approach was more accurate in classifying the poverty status of 

rural and urban households in East Java Province [18]. The SMOTE method has also been shown to be effective in 

addressing inferential and classification quality issues. SMOTE model produced more statistically significant variables 

with little differences in estimated regression coefficients. 

  Research on LF in Papua Province has been conducted in Yahukimo using only descriptive analysis [19]. Another 

study, conducted in Sarmi, used inferential analysis but did not address the issue of imbalanced outcome variable 

category [20]. Therefore, this study was conducted to overview LF patients in endemic areas of Papua Province and to 

identify the variables that affect it using binary logistic regression based on the SMOTE approach. 

II. LITERATURE REVIEW 
A. Lymphatic Filariasis (LF) 

LF is a chronic infectious disease caused by filarial worms that attack the lymphatic system [4]. LF in Indonesia is caused 

by three species of filarial worms, namely Wuchereria bancrofti, Brugia malayi, and Brugia timori. In Indonesia, 23 species 

of mosquitoes belonging to 5 genus (Mansonia, Anopheles, Culex, Aedes, and Armigeres) have been identified as vectors of 

LF. LF is typically endemic in lowland areas, particularly in rural, coastal, inland, rice fields, swamps, and forests. The 

diagnostic method for determining the presence or absence of filarial worms in the blood depends on the type of filarial 

worm. There are two methods: the Immunochromatographic Test (ICT)/Rapid Test for Wuchereria bancrofti, which detects 

the presence of Wuchereria bancrofti antigens in the blood, and the Rapid Test for Brugia, which detects the presence of 

Brugia malayi or Brugia timori antibodies. 

B. Epidemiology Triad 

Diseases arise from the interaction of agents, hosts, and the environment. The onset of infectious diseases depends on 

the specific situation and the roles played by each of these factors [21]. The patterns of infectious diseases are shaped by 

various factors that influence the contact between infectious agents and vulnerable hosts. Disease spread depends on 

factors, such as the excretion of agents, environmental conditions affecting the survival of agents, entry points of agents 

into hosts, and the presence of alternative reservoirs. The availability of susceptible hosts is determined by immunity 

levels from previous infections, population mobility, and interactions. A framework was presented by [22] for identifying 

classifications of agents, hosts, and environmental factors that are relevant when investigating the factors that influence 

the occurrence of disease in a population. Based on that, age, sex, prior immunologic experience, human behavior, 

occupation, urbanization, and economic development are some of the factors that influence the occurrence of a disease. 

C. Binary Logistic Regression 

Logistic regression is used to describe the relationship between the outcome variable and one or more predictor 

variables and to analyze data with discrete outcome variables [23]. Several distribution functions have been proposed for 

analyzing dichotomous outcome variables, which are coded as 0 or 1, representing the absence or the presence of the 

characteristic, respectively. However, the logistic distribution is the most recommended due to its mathematical 
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flexibility and ease of use, along with its ability to generate clinically meaningful estimates of effect. Consider a collection 

of p predictor variables denoted by the vector 𝒙′ = (𝑥1, 𝑥2, … , 𝑥𝑝), the general form of the logistic regression model is: 

𝜋(𝒙) =
𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑝𝑥𝑝

1 + 𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑝𝑥𝑝
. 

( 1 ) 

A transformation of 𝜋(𝒙) in logistic regression is the logit transformation. This transformation is defined, in terms of 𝜋(𝒙), 

as: 

𝑔(𝒙) = ln [
𝜋(𝒙)

1 − 𝜋(𝒙)
] = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑝𝑥𝑝. 

( 2 ) 

To fit the logistic regression model to a set of data, it is necessary to estimate the values of the unknown parameters 𝜷. 

The method of estimation that results in the least squares function under the linear regression model (when the error 

terms are normally distributed) is called maximum likelihood. This method requires the construction of the likelihood 

function first, which expresses the probability of the observed data as a function of the unknown parameters.  As the 

observations are assumed to be independent, the likelihood function is obtained as follows: 

𝑙(𝜷) = ∏ 𝜋(𝑥𝑖)𝑦𝑖  [1 − 𝜋(𝑥𝑖)]1−𝑦𝑖

𝑛

𝑖=1

. 

( 3 ) 

The maximum likelihood estimators of the parameters are the values that maximize this function. However, it is easier 

mathematically to work with the log of equation. This expression, the log-likelihood, is defined as: 

𝐿(𝜷) = ln[𝑙(𝜷)] = ∑{𝑦𝑖 ln[𝜋(𝑥𝑖)] + (1 − 𝑦𝑖) ln[1 − 𝜋(𝑥𝑖)]}

𝑛

𝑖=1

. 

( 4 ) 

 The value of 𝜷 that maximizes 𝐿(𝜷) is found by differentiating 𝐿(𝜷)and setting the resulting expressions equal to 

zero. The expressions are nonlinear in 𝜷, and thus require special methods for their solution. These methods are iterative 

in nature and have been programmed into logistic regression software. 

D. Synthetic Minority Over-sampling Technique (SMOTE) 

The SMOTE algorithm employs an over-sampling approach to rebalance the original training set. In contrast to the 

straightforward replication of minority class instances, the fundamental concept of SMOTE entails the introduction of 

synthetic examples. The new data is generated through interpolation between multiple minority class instances within a 

specified neighborhood. Consequently, the procedure is regarded as being focused on the "feature space" rather than on 

the "data space." In other words, the algorithm is based on the values of the features and their relationship, rather than 

on the data points as a whole. This has also led to a detailed examination of the theoretical relationship between the 

original and synthetic instances, including the data dimensionality [24]. 

The SMOTE resampling method has been demonstrated to markedly enhance the performance of classification 

algorithms, thereby facilitating the development of more effective solutions for addressing class imbalance issues [25]. 

Furthermore, the issue of learning from class-imbalanced data remains a prevalent and complex challenge in the field of 

supervised learning. Standard classification algorithms are designed to operate within a balanced class distribution, 

making it difficult to apply them to data sets with an imbalanced class ratio. While various strategies have been proposed 

to address this issue, those that generate artificial data, such as SMOTE, to achieve a balanced class distribution tend to 

be more versatile than modifications to the classification algorithm [26]. Furthermore, linear interpolation between 

selected minority examples can prevent the generation of redundant and replicated examples, as observed in random 

over-sampling algorithms. Consequently, SMOTE is an effective approach for overcoming overfitting problems and 

enhancing the learning task of most classifiers [27]. 

On numerical data, these methods are used to create synthetic samples: 

1. Calculate the difference between the feature vector being analyzed and its closest neighbor. 

2. Multiply the difference by a random number between 0 and 1.  

3. Add the result to the feature vector being considered. 

SMOTE can also be extended to nominal features by computing the nearest neighbors using a modified Value Difference 

Metric. The VDM takes into consideration the overall similarity of classification of all instances for each possible value of 

each feature [28]. The distance between two values for a specific feature is defined as: 
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𝛿(𝑉1, 𝑉2) = ∑ |
𝐶1𝑖

𝐶1
−

𝐶2𝑖

𝐶2
|

𝑘

.

𝑛

𝑖=1

 

( 5 ) 

In the equation, 𝑉1 and 𝑉2 represent the two corresponding feature values. 𝐶1 represents the total number of instances in 

which feature value 𝑉1 was observed, whereas 𝐶1𝑖 denotes the number of instances in which feature value 𝑉1 was observed 

for class 𝑖. A similar convention can be applied to 𝐶2𝑖 and 𝐶2. The constant 𝑘 is typically set to the value of 1. Then, the 

total distance between two instances is given by: 

∆(𝑋, 𝑌) = 𝑤𝑥𝑤𝑦 ∑ 𝛿(𝑥𝑖 , 𝑦𝑖)𝑟

𝑁

𝑖=1

. 

( 6 ) 

where 𝑋 and 𝑌 represent two instances. The variables 𝑥𝑖 and 𝑦𝑖 are values of the 𝑖𝑡ℎ feature for 𝑋 and 𝑌, where each 

example has 𝑁 features. 𝑤𝑥 and 𝑤𝑦 are negligible weights. 𝑟 = 1 yields the Manhattan distance, and 𝑟 = 2 yields the 

Euclidean distance  [28]. 

III. METHODOLOGY 
This study utilizes secondary data, specifically raw data of Riskesdas 2018 conducted by Kemenkes RI. This study 

focuses on individuals aged 10 years and above, totaling 14,821 participants in 23 districts of Papua Province that are 

endemic for LF, including Merauke, Jayawijaya, Jayapura, Nabire, Kepulauan Yapen, Biak Numfor, Puncak Jaya, 

Mimika, Boven Digoel, Mappi, Asmat, Yahukimo, Pegunungan Bintang, Sarmi, Keerom, Waropen, Supiori, Mamberamo 

Raya, Nduga, Mamberamo Tengah, Puncak, Intan Jaya, and Kota Jayapura. The outcome variable was the diagnosis 

status of LF, categorized as either diagnosed or undiagnosed. The predictor variables included sex, age, occupation, 

education level, use of mosquito bite prevention measures, use of latrines for defecation, and participation in Mass Drug 

Administration (MDA), as shown in Table 1. 

Table 1 Categories of Variables Used 

Variable Notation Variable Description Categories 

𝑌 LF diagnosis status 
1 = diagnosed 

0 = undiagnosed* 

𝑋1 sex 
1 = male 

0 = female* 

𝑋2 age numeric variable 

𝑋3 occupation 
1 = farmers 

0 = non-farmers* 

𝑋4 education level 
1 = middle school and lower 

0 = high school and higher* 

𝑋5 
use of mosquito bite preventive 

measures 

1 = no 

0 = yes* 

𝑋6 use of latrines for defecation 
1 = no 

0 = yes* 

𝑋7 participation in MDA 
1 = no 

0 = yes* 

*reference categories 

This study utilized a descriptive-analytical approach, employing crosstabulation and binary logistic regression with 

and without SMOTE methods for inferential analysis. The stages of the SMOTE method applied in this research are as 

follows: 

1. Calculate the distance between observations based on the value of the predictor variable. All variables used in this 

study are categorical variables, therefore the inter-observation distance used is VDM, as stated in equation ( 6 ). 

2. Determine the number of nearest neighbors used. The number of nearest neighbors used in this study is five. 

3. Randomly select a single individual diagnosed with LF. 

4. Determine the five nearest neighbors of the selected individual based on the VDM measure. The selected observation 

is the one with the smallest VDM value against the target observation. Subsequently, a random selection is made to 

ascertain whether the values are identical. 

5. Generate new data by assigning values to each predictor variable. In the case of categorical data, the value of each 

predictor variable is the mode value of its five nearest neighbors. 

6. Repeat steps 3-5 until a total of 14,462 new observations of individuals diagnosed with LF were obtained. 
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To investigate whether the strength and direction of the relationship between behavioral variables and LF diagnosis 

status could be affected by education level, interaction terms were added to the regression model. Specifically, the 

interaction terms were from education level with mosquito bite prevention behavior and latrine use behavior. To evaluate 

the model's goodness of fit, this study utilized the classification table and the area under the receiver operating 

characteristic curve (AUC-ROC) [23]. 

IV. RESULTS AND DISCUSSIONS 
A. Descriptive Analysis 

According to the Riskesdas 2018 shown in Figure 1, 2,42% of individuals were diagnosed with LF, while 97,58% were 

not diagnosed with the disease. This number is relatively high because it is still above 1%, which means that the LF 

elimination in the endemic areas of Papua has not been achieved. Papua Province boasts Indonesia's largest natural forest 

area, covering 25 million ha [29]. In addition, Papua Province has 670 kilometers of river that flows south of the Foja 

Mountains and crosses six districts. Forests and watersheds provide suitable habitats for mosquitoes that transmit LF 

[30], [31]. 

 
 

 

Table 2 shows the characteristics of individuals and the percentage of LF based on each predictor variable. The 

proportion of females to males was nearly equivalent. The percentage of females with LF was observed to be higher than 

males. Furthermore, the proportion of individuals engaged in farming was less than that of individuals not engaged in 

farming. People who did not work in agriculture had a higher percentage of LF than people who did. Further 

investigation revealed that 96.35% of individuals engaged in agricultural work reside in rural areas.  

Table 2 LF Diagnosis Status according to Each Variable 

Variable Categories Percentage 

LF Diagnosis (%)  

Diagnosed Undiagnosed 

sex 

male 49.29 2.19 97.81 

female 50.71 2.65 97.35 

occupation 

farmers 28.53 1.58 98.42 

non-farmers 71.47 2.76 97.24 

education level 

middle school or lower 70.89 2.40 97.60 

high school or higher 29.11 2.48 97.52 

use of mosquito bite preventive measures 

no 21.29 1.55 98.45 

yes 78.71 2.66 97.34 

use of latrines for defecation 

no 29.88 3.14 96.86 

yes 70.12 2.12 97.88 

participation in MDA 

no 62.63 0.95 99.05 

yes 37.37 4.89 95.11 

2.42%

97.58%

Diagnosed Undiagnosed

Figure 1 Percentage of Individuals by LF Diagnosis Status 
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In the aspect of education level, the majority of individuals had not received education in accordance with the 12-year 

compulsory education program. Furthermore, only 20.40 percent of individuals were found to be under 19 years old. 

This indicates that the majority of the individual had reached the age for completion of secondary education, but did not 

complete their studies at this level. Those with high school education or higher had a higher percentage of LF compared 

to those with middle school education or lower. It was discovered that 56.72% of individuals with high school education 

or higher lived in areas where the percentage of cases was above 2%.  

The percentage of individuals who used mosquito bite preventive measures was greater than the percentage of 

individuals who did not. In addition, 62.64 percent used mosquito nets when sleeping, 26.64 percent used mosquito 

repellent, and 5.84 percent used electric mosquito repellents. The percentage of individuals who used mosquito bite 

preventive measures with LF was higher than those who did not. Furthermore, there were still individuals who did not 

use latrines for defecation. However, the majority of individuals used latrines for defecation. A greater proportion of 

individuals diagnosed with LF are found among those who defecate in the open than among those who defecate in 

latrines. 

Finally, MDA coverage remained low. The percentage of individuals participating in MDA was 37.37 percent. 

Meanwhile, Kemenkes RI recommends the implementation of MDA for five consecutive years with a minimum coverage 

of 65 percent to break the chain of LF transmission. In addition, it was found that the people who participated in MDA 

had a higher percentage of LF than people who did not.  

Moreover, a three-way analysis is conducted between the behavioral variables, specifically use of mosquito bite 

preventive measures and use of latrines for defecation against LF, with consideration of the education level to ascertain 

whether there are differences in the effects of the two behaviors at varying education levels. Table 3 shows the 

phenomenon of Simpson's paradox, where the marginal association is in opposition to the conditional association. In the 

partial/conditional condition, it was found that the percentage of LF in individuals who did not use mosquito bite 

preventive measures was greater than individuals who did. This is observed in the group of individuals with high school 

education or higher. The observed result differs from that obtained for all individuals without distinguishing their 

education group, which is at the marginal condition as shown in Table 2.  

Table 3 Three-way Contingency Table between Use of Moquito Bite Preventive Measures, LF Diagnosis Status, and Education Level 

Education Level Use of Mosquito Bite Preventive Measures 

LF Diagnosis (%)  

Diagnosed Undiagnosed 

middle school or lower 

no 1.01 98.99 

yes 2.81 97.19 

high school or higher 

no 3.24 96.76 

yes 2.31 97.69 

 

Table 4 shows that the percentage of LF was higher among individuals who did not use latrine for defecation than 

among those who did, both among individuals with high school education or higher and among those with middle school 

education or lower (partial condition). This finding is consistent with the results observed in the overall population or 

the marginal condition. 

Table 4 Three-way Contingency Table between Use of Latrine for Defecation, LF Diagnosis Status, and Education Level 

Education Level Use of Latrines for Defecation 

LF Diagnosis (%)  

Diagnosed Undiagnosed 

middle school or lower 

no 3.14 96.86 

yes 1.95 98.05 

high school or higher 

no 3.16 96.84 

yes 2.40 97.60 

 
B. Inferential Analysis 

The identification of factors that influence the occurrence of LF is accomplished by creating a binary logistic regression 

model. Table 5 displays the parameter estimation results of the binary logistic regression model. 
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Table 5 Parameter Estimation and Variable Significance for Model without SMOTE  

Variable Category Estimate Standard Error p-value  Odds Ratio 

intercept -2.852 0.185 0.000**  

sex (𝑋1) 
male 

-0.136 0.109 0.213 0.873 
female* 

age (𝑋2) - -0.003 0.004 0.486 0.997 

occupation (𝑋3) 
farmers 

-0.649 0.154 0.000** 0.523 
non-farmers* 

education level (𝑋4) 
middle school or lower 

-0.059 0.153 0.699 0.943 
high school or higher* 

use of mosquito bite 

preventive measures (𝑋5) 

no 
0.473 0.236 0.045** 1.605 

yes* 

use of latrines for 

defecation (𝑋6) 

no 
0.326 0.297 0.273 1.385 

yes* 

participation in MDA (𝑋7) 
no 

-1.617 0.126 0.000** 0.199 
yes*  

interaction term 1 (use of mosquito bite prevention 

measures and education level) (𝑋8) 
-1.266 0.322 0.000** 0.282 

interaction term 2 (use of latrines and education 

level) (𝑋9) 
0.480 0.323 0.138 1.616 

*reference categories 

**significant at 𝛼 = 5% 

According to the classification table in Table 6, the model is unable to accurately classify the success category. This 

indicates an imbalance problem in the category of the outcome variable used. Previous studies found that unbalanced 

data can lead to biased conclusions and errors in identifying significant variables [13]. Thus, it is advisable to balance the 

data during the process of inferential analysis. A binary logistic regression model was formed using the SMOTE 

approach.  

Table 6  Classification Table for Model without SMOTE 

Classified 

Observed 

Total 

Diagnosed = 1 Undiagnosed = 0 

Diagnosed = 1 0 0 0 

Undiagnosed = 0 359 14,462 14,861 

Total 359 14,462 14,861 

sensitivity = 0%; specificity = 100%; AUC = 0.7478 

 

Table 7 displays the results of parameter estimation for the binary logistic regression model using the SMOTE approach. 

According to the classification table in Table 8, the imbalance problem has been successfully resolved. 

Table 5 and Table 7 display the difference in the number of significant predictor variables between the model with and 

without SMOTE. The findings indicate that the model with SMOTE does not yield significantly different regression 

parameters compared to the model without SMOTE, yet exhibits a smaller standard error of estimation. This suggests 

enhanced parameter estimation [18]. The enhancement of the model with SMOTE in the estimation standard error 

resulted in an increase in the number of variables that significantly influenced the LF diagnosis status of individuals. 

Furthermore, logistic regression without and with the SMOTE approach has the same classification performance based 

on the AUC value. However, the logistic regression without SMOTE appears to be less effective in terms of sensitivity 

than the logistic regression with SMOTE approach, yet more effective in terms of specificity. This result is attributed to 

the inherent bias of the model towards the majority (negative) class when the data set is unbalanced. This is a challenge 

that the regression model without SMOTE is unable to overcome. 

Therefore, the binary logistic regression model formed to explain the diagnosis status of LF is: 

�̂�(𝑥) = 1.022 − 0.175𝑋1 − 0.002𝑋2 − 0.828𝑋3 − 0.089𝑋4 + 0.297𝑋5 + 0.316𝑋6 − 1.921𝑋7 − 1.637𝑋8 + 0.569𝑋9 
( 7 ) 
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Table 7 Parameter Estimation and Variable Significance for Model with SMOTE 

Variable Category Estimate 
Standard 

Error 
p-value  Odds Ratio 

intercept 1.022 0.048 0.000**  

sex (𝑋1) 
male 

-0.175 0.029 0.000** 0.839 
female* 

age (𝑋2) - -0.002 0.001 0.038** 0.998 

occupation (𝑋3) 
farmers 

-0.828 0.040 0.000** 0.437 
non-farmers* 

education level (𝑋4) 
middle school or lower 

-0.089 0.038 0.019** 0.915 
high school or higher* 

use of mosquito bite 

preventive measures (𝑋5) 

no 
0.297 0.066 0.000** 1.346 

yes* 

use of latrines for 

defecation (𝑋6) 

no 
0.316 0.086 0.000** 1.371 

yes* 

participation in MDA (𝑋7) 
no 

-1.921 0.029 0.000** 0.146 
yes*  

interaction term 1 (use of mosquito bite prevention 

measures and education level) (𝑋8) 
-1.637 0.087 0.000** 0.195 

interaction term 2 (use of latrines and education level) 

(𝑋9) 
0.569 0.093 0.000** 1.767 

*reference categories 

**significant at 𝛼 = 5% 

Table 8 Classification Table for Model with SMOTE 

Classified 

Observed 

Total 

Diagnosed = 1 Undiagnosed = 0 

Diagnosed = 1 246 4,312 4,558 

Undiagnosed = 0 113 10,150 10,263 

Total 359 14,462 14,861 

sensitivity = 68.80%; specificity = 69.35%; AUC = 0.7463 

 

  Based on the test results, the values of 𝐺2 = 7,456.892 > 𝜒0.05(9)
2 = 16.919 and p-value = 0.000 are obtained, thereby 

causing 𝐻0 to be rejected. It can be concluded that there is at least one predictor variable that significantly affects the 

diagnosis of LF in individuals living in endemic areas of Papua Province. According to Table 7, with a significance level 

of 5%, it can be concluded that sex, age, occupation, education level, use of mosquito bite prevention measures, use of 

latrines for defecation, and participation in MDA are the predictor variables that have a significant effect on the status of 

individual LF diagnosis in endemic areas of Papua. Furthermore, it was discovered that the interaction terms between 

education level with both preventive behavior and latrine use were significant.  

The interpretation of the results from the estimation of the binary logistic regression model is based on the odds ratio 

of each variable. Males were less likely to be infected with LF than females. The study revealed that females were 1.192 

(1/0.839) more likely to be diagnosed with LF in comparison to males. This finding is consistent with [32], but contradicts 

the results of [33]. On the other hand, [19] stated that both sexes are equally exposed to mosquitoes based on their daily 

habits, such as nighttime activities. Furthermore, the odds ratio of age was 0.998. Consequently, if the age of an individual 

was reduced by one year, the probability of being diagnosed with LF increased by 1.002 (1/0.998) times. According to 

[32], adults who spend time outdoors are more likely to be exposed to mosquitoes. Conversely, the elderly tend to have 

less interaction with mosquitoes as they spend more time indoors [34].  

Individuals who worked as farmers had a lower risk of LF infection compared to those who did not work in farming. 

Individuals who did not engage in agricultural work were 2.288 (1/0.437) times more likely being diagnosed with LF 

than that of individuals who did. These finding contradicts the research conducted by [35] in the Republic of Congo. 

However, in rural areas where farmers reside, the population density is typically lower than in urban areas. In line with 

this, [36] discovered that high LF cases are influenced by population density. Furthermore, the odds ratio of the education 

level was  0.915. It was determined that individuals with high school education or higher were 1.093 times (1/0.915) more 

likely to be diagnosed with LF compared to individuals with middle school education or lower. This was observed in 

both individuals who used mosquito bite preventive measures and individuals who used latrines for defecation. This 
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result is consistent with those of [37], who examined individual and contextual factors associated with adult malaria 

cases in Eastern Indonesia. The study demonstrated that adults in Papua with a higher educational background were 

more likely to be diagnosed with malaria. This indicates that residing in an area with high transmission rates will also 

elevate the risk of contracting the disease, despite individuals having higher educational levels. 

The study revealed that individuals who did not use moquito bite preventive measures were 1.346 times more likely 

to be diagnosed with LF compared to individuals who did. This finding was observed in individuals with high school 

education or higher. This finding is consistent with the results of research conducted in Yahukimo District [19]. The 

results demonstrated that individuals with a negative attitude toward LF prevention exhibited a higher likelihood of 

infection compared to those with a positive attitude. Furthermore, the study revealed that individuals who did not use 

latrines were 1.371 times more likely to be diagnosed with LF compared to those who use latrines. This finding was 

observed in individuals with high school education or higher. Finally, the odds ratio of the participation in MDA was 

obtained as 0.146. This indicates that the tendency of individuals who participated in MDA to be diagnosed with LF was 

6.489 times greater than that of individuals who did not participate in MDA. One of the challenges in implementing MDA 

in Papua is encouraging community participation, given the lack of observable symptoms in local communities [38]. 

Therefore, individuals who were already infected were more likely to participate in the MDA due to the presence of 

symptoms or awareness of their infection status.   

The interaction between preventive behavior against mosquito bites and education level is significant. This implies that 

the effect of preventive behavior on LF diagnosis depended on the education level of the individual. In individuals with 

middle school education or lower, the odds ratio of the use of mosquito bite preventive measures was obtained as 0.262 

(0.195 × 1.346). This indicates that the propensity of individuals who used mosquito bite preventive measures was 5.128 

(1/0.262) times greater than that of individuals who did not. Individuals with lower level of education are less likely to 

engage in consistent preventive behaviors. Additionally, they are less knowledgeable about bed net maintenance. The 

efficacy of insecticide-treated bed nets can be diminished by inadequate maintenance. For instance, washing mosquito 

nets with laundry soap and using bleach in conjunction with scrubbing can reduce the insecticide content in the nylon 

fibers of the nets, resulting in diminished effectiveness and potential resistance in mosquitoes [39]. 

The interaction between use of latrine for defecation and education level was significant, indicating that the effect of 

defecation behavior on LF diagnosis depended on the education level of the individual. In individuals with middle school 

education or lower, the odds ratio of the use of latrines for defecation was 2.423 (1.767 × 1.371). This value indicates that 

the tendency of individuals who engaged in defecation behavior outside of a toilet was 2.423 times greater than 

individuals who engaged in defecation behavior inside a toilet. This suggests that a lack of education may contribute to 

an increased influence of non-latrine defecation practices on LF infection. The effect of education on defecation behavior 

was different from the effect of education on mosquito bite prevention behavior.  

V. CONCLUSIONS AND SUGGESTIONS 
The evaluation results indicate that the binary regression analysis of the SMOTE approach can be used to address data 

imbalance. Furthermore, the logistic regression model with SMOTE exhibits a greater number of significant predictor 

variables due to the smaller standard error of estimation. Binary logistic regression analysis with SMOTE identified 

variables affecting the diagnosis of LF in endemic areas of Papua are included sex, age, occupation, education, mosquito 

bite prevention, latrine use, and participation in the MDA. Interactions were found between use of mosquito bite 

preventive measures and use of latrines for defecation with education. The results indicated that the tendency of LF was 

higher among females, younger individuals, non-farmers, and those with high school education or higher. Use of 

mosquito bite preventive measures was associated with a decreased tendency of LF. Individuals who did not use latrines 

for defecation and who participated in MDA were also susceptible to LF. 

The study revealed interactions between education level and both mosquito bite prevention practices and the use of 

latrine behaviors. Thus, the government may consider incorporating health education and sanitation-related materials 

into the school curriculum in endemic areas to enhance the delivery of health education within the existing formal 

education system. Furthermore, the government may also assist in the construction of latrines in areas with substandard 

housing.   
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