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Adolescents are a critical developmental phase characterized by significant
physical, cognitive, and psychosocial changes, which increase vulnerability to
risky behaviors, including premarital sexual activity. Such behavior may lead to
serious consequences, such as unintended pregnancy, unsafe abortion, sexually
transmitted infections, and HIV/AIDS. This study aims to classify premarital sexual
behavior among adolescents using demographic, knowledge, and behavioral
factors. The data were obtained from the 2019 Program Performance and
Accountability Survey (SKAP), consisting of approximately 5,300 weighted
adolescent respondents in East Java. The dataset exhibits extreme class imbalance,
with only 0.3% of adolescents reporting premarital sexual behavior. To address
this issue, three classification methods were applied: standard Random Forest
(RF), Weighted Logistic Regression (WLR), and Cost-Sensitive Weighted Random
Forest (CSWRF). Model performance was evaluated using 5-fold cross-validation
and multiple metrics, including accuracy, sensitivity, specificity, precision, FI-
score, G-Means, and Area Under the Curve (AUC). The results indicate that
although the standard RF achieved very high accuracy (above 99%), it failed to
identify the minority class, resulting in undefined specificity and poor
discriminative ability (AUC = 0.83). The WLR model improved classification
balance, achieving reasonable specificity (0.8667) and AUC (0.9459), but
produced more false positives. In contrast, the CSWRF model demonstrated the
best overall performance, with high AUC values (above 0.95), improved specificity,
and a better balance between sensitivity and specificity, indicating its effectiveness
in handling highly imbalanced data. Variable importance analysis using Mean
Decrease Accuracy (MDA) identified Knowledge of Adolescent Reproductive
Health (ARH), residence type, and behavioral factors such as dating experience as
the most influential predictors. Despite these findings, this study is limited by
potential underreporting bias and exclusion of socio-cultural and psychological
variables. Future research should incorporate additional predictors and explore
advanced modeling approaches to improve classification performance.
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1. INTRODUCTION

Adolescence is a critical transitional phase characterized by significant physical, cognitive,
and psychosocial changes that influence decision-making and social behavior [1]. According to
BKKBN, adolescents are individuals aged 10-24 years who are unmarried [2]. During this period,
adolescents are particularly vulnerable to engaging in risky behaviors, including premarital sexual activity,
which poses serious public health concerns [3].

Premarital sex refers to sexual activity among individuals who are not married [4]. This behavior is
associated with various adverse outcomes such as unintended pregnancy, unsafe abortion, sexually
transmitted infections (STIs), and HIV/AIDS, as well as broader social consequences including school
dropout and unemployment [5], [6]. One of the main contributing factors is the lack of knowledge about
Adolescent Reproductive Health (ARH), which leads to poor decision-making regarding sexual behavior [7].

Despite its importance, analyzing premarital sexual behavior remains challenging due to both
methodological and data-related limitations. Traditional statistical approaches, such as logistic regression,
often rely on assumptions of data balance and may perform poorly when applied to highly skewed social data.
In addition, these methods may fail to capture complex nonlinear relationships and interactions among
predictors, which are commonly present in behavioral and social phenomena. Consequently, machine
learning approaches have gained increasing attention due to their flexibility, robustness, and superior
predictive performance in handling high-dimensional and complex datasets [8]. To address class imbalance
within traditional approaches, weighted logistic regression can be applied by assigning higher importance to
the minority class, allowing it to serve as a baseline model for comparison with more advanced machine
learning methods.

One widely used machine learning method is Random Forest (RF), an ensemble learning technique
based on bootstrap aggregating and random feature selection [9]. It offers several advantages, such as the
ability to handle large numbers of variables, fast computation, easy implementation, and high prediction
accuracy [10], [11].

However, its performance significantly deteriorates when applied to imbalanced datasets, where one
class heavily dominates the other [12]. In such cases, the model tends to be biased toward the majority class,
resulting in poor detection of minority-class instances [13].

The prevalence of premarital sex among adolescents continues to rise. Globally, around 40% of
adolescents aged 15—19 and 75% of those aged 20-24 engage in premarital sex | 14]. In Indonesia, BKKBN
reported that 60% of adolescents aged 16—17 and 20% of those aged 14—15 and 19-20 have engaged in sexual
activity [15]. Furthermore, it is estimated that approximately one million adolescents experience premarital
pregnancy, with 52% of these cases resulting in abortion [ 15]. These findings highlight that premarital sexual
behavior among adolescents constitutes a critical public health issue with significant social and health
consequences.

This issue is particularly relevant in the context of premarital sexual behavior data. Based on the SKAP
survey, only 0.3% of adolescents in East Java reported engaging in premarital sex, while 99.7% did not. This
indicates an extreme class imbalance problem. In addition, given the sensitive nature of sexual behavior, the
reported prevalence is likely affected by underreporting bias, meaning that the true proportion may be higher
than observed. Therefore, robust classification methods that can effectively handle both class imbalance and
potential bias are essential for obtaining reliable insights.

Several strategies have been proposed to handle imbalanced data, including data-level (resampling
methods) and algorithm-level approaches [16]. This study adopts an algorithm-level approach by adjusting
the Random Forest model using class weighting to give more importance to the minority class [17].

Chen compared data-level methods (SMOTE, SMOTEBoost) with algorithm-level methods (Weighted
Random Forest, Balanced Random Forest). They found that WRF and BRF outperformed SMOTE-based
approaches in handling class imbalance [ 18].

Based on this background, this study aims to classify premarital sexual behavior among adolescents in
East Java. The main contributions of this study are twofold: (1) the application of a cost-sensitive Weighted
Random Forest to effectively address extreme class imbalance in sensitive social data, and (2) the
identification of key risk factors associated with premarital sexual behavior among adolescents. The findings
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are expected to provide both methodological contributions to imbalanced data classification and practical
insights for adolescent reproductive health interventions.

2. RESEARCH METHODS

The research methods contain explanations in the form of paragraphs about the research design or
descriptions of the experimental settings, data sources, data collection techniques, and data analysis
conducted by the researcher. This guide will explain how to write the headings. If there are more than one
heading, use the second level headings as below.

2.1 Data Source

The data used in this study are secondary data obtained from the 2019 Program Performance and
Accountability Survey (SKAP) conducted by BKKBN Jakarta, specifically the Adolescent Module. The study
population includes all adolescents aged 10—24 years in East Java, totaling approximately 9.123 million
individuals. The sample consists of 5,300 weighted cases of unmarried adolescents aged 1024 years residing
in East Java.

The data used in this study are secondary data obtained from the 2019 Program Performance and
Accountability Survey (Survei Kinerja dan Akuntabilitas Program (SKAP)) conducted by BKKBN,
specifically from the Adolescent Module. The target population comprises all adolescents aged 10-24 years
in East Java, totaling approximately 9.123 million individuals.

The SKAP 2019 survey employed a multistage sampling design. In the first stage, villages/urban wards
were selected using Probability Proportionate to Size (PPS) sampling based on the number of households. In
the second stage, one cluster within each selected village/ward was chosen using PPS. In the third stage, 35
households were selected from each cluster using systematic random sampling based on household listing
conducted by enumerators.

All adolescents aged 10-24 years who were unmarried and had resided in the selected household for
at least six months were included as respondents. These included biological children, stepchildren, adopted
children, and other dependents recorded as household members. The number of adolescent respondents varied
across households and clusters depending on household composition.

To obtain population-representative estimates, sampling weights provided in the SKAP dataset were
applied. The weighting process began with the calculation of design weights, defined as the inverse of the
sampling fraction at each stage of the sampling design. Subsequently, normalization weighting was
performed to produce normalized weights for households, families, women of reproductive age, and
adolescents. This normalization step aims to avoid inflated values and to align the weighted data with the
actual sample size. The final weight assigned to each observation represents the number of individuals in the
population that the sample unit represents. Therefore, weighting was applied prior to analysis to ensure
unbiased estimation.

The initial dataset consisted of 1,700 adolescent respondents in East Java. After data cleaning,
including the removal of incomplete and inconsistent observations, the final dataset comprised 5,300
weighted samples used for analysis.

2.2 Methods

2.2.1 Random Forest

Random Forest (RF) is an ensemble learning method that combines the predictions of multiple decision
trees to improve regression and classification performance [19]. For a given input vector, RF constructs K
regression trees using the values of evidential features and outputs the average prediction. To reduce
correlation between trees and increase diversity, RF applies bootstrap aggregation (bagging), where each tree
is trained on a random subset of the original data generated by resampling with replacement. This ensures
some samples may appear multiple times while others may be excluded from training, enhancing robustness
to data variability and improving prediction accuracy [19].
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When growing each tree, RF selects the optimal split from a randomly chosen subset of features,
reducing inter-tree correlation and lowering generalisation error, albeit at the cost of slightly weaker
individual trees. Trees are grown without pruning, making the model computationally efficient. Samples
excluded from the bootstrap set form the out-of-bag (OOB) dataset, which is used to compute unbiased
estimates of generalisation error without requiring a separate validation set [20]. As the number of trees
increases, the error stabilises, preventing overfitting.

Additionally, RF provides a measure of feature importance. This is achieved by permuting a feature’s
values while keeping other variables constant and observing the decrease in OOB prediction accuracy. Such
capability allows RF to identify the most influential evidential features for model building, making it an
effective and interpretable approach for complex datasets [21].

2.2.2 Weighted Random Forest

The Weighted Random Forest (WRF) method adopts the standard RF algorithm for highly imbalanced
datasets using a cost-sensitive learning approach. The class weights are computed using a cost-sensitive
scheme defined as [22]:

W= N
l_C'Cl’

n, (1)

where W; is the weight for class i, Nis the total number of samples, C is the number of classes, and ¢; is the
number of samples in class i. The adjustment factor nis derived from the imbalance ratio, defined as:

max (c;
_ max () o
min (¢;)
A cost matrix C;;is defined to assign higher penalties to misclassification of minority-class instances:
0, ifi=j
Cij = {Wi ifi%] (3)

These weights are incorporated during tree construction by modifying the Gini criterion and during prediction
using weighted majority voting. The final prediction is obtained by aggregating weighted votes across all
trees:

ntree
wp = z W, - Pt @)
i=1
where WP is the final weighted prediction, ntree is the number of trees in the forest, and Pt; is the prediction
produced by the i-th tree.

To reduce bias toward the majority class, higher misclassification costs are assigned to the minority
class through class weights. These weights influence the model in two stages: (1) during tree construction,
they adjust the Gini criterion for split selection, and (2) in terminal nodes, predictions are made using
weighted majority votes, where each class’s vote is proportional to its weight and case count. The final RF
prediction aggregates these weighted votes across trees. Class weights, a key tuning parameter, are optimized
using the out-of-bag accuracy estimate [ 18].

2.2.3 Weighted Logistic Regression

Weighted Logistic Regression is an extension of the standard logistic regression model designed to
handle imbalanced data by assigning different weights to each observation. In this approach, higher weights
are given to the minority class, while lower weights are assigned to the majority class, allowing the model to
reduce bias toward the dominant class [23].

Let m(x) = P(y = 1 | x)denote the probability of the positive class. The logistic regression model is
defined as:

eﬁo+ﬁ1x1+'“+ﬁpxp

m(x) = (5)

14 e50+51x1+'“+ﬁpxp'

In the weighted setting, the likelihood function is modified by incorporating weights w;for each observation:
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L) = | [ mCyoiin = w2, ©)

i=1

The corresponding log-likelihood is given by:

Le(B) = Z w; [yilog (m(x;)) + (1 — y)log (1 — m(x;))]- (7
i=1

The parameter estimates are obtained using Maximum Likelihood Estimation (MLE), typically solved
through iterative numerical methods such as the Newton-Raphson algorithm.

Weighted logistic regression is widely used due to its interpretability and simplicity. However, it
assumes a linear relationship between predictors and the log-odds of the response variable, which may limit
its ability to capture complex nonlinear patterns compared to machine learning approaches such as Random
Forest.

2.2.4 Imbalance Data

Imbalanced data distribution arises when the sample sizes among different classes in a dataset are
markedly disproportionate, with one or more majority classes containing substantially more instances than
the minority classes. This uneven distribution poses a significant challenge in machine learning, as most
conventional algorithms operate under the assumption of balanced class proportions and therefore tend to
exhibit bias in favor of the majority class [24].

Conventional learning algorithms are typically developed under the assumption of balanced datasets,
which can lead to biased decision boundaries and poor generalization for rare instances. Such limitations
stem from overlapping feature spaces, limited sample sizes, and the substantial misclassification costs
associated with minority classes. Addressing these challenges necessitates a thorough understanding of the
dataset’s characteristics and the real-world implications of failing to detect minority cases [25].

2.2.5 SMOTE-N

The Synthetic Minority Oversampling Technique (SMOTE) is an oversampling method that generates
synthetic minority class samples to address class imbalance and reduce overfitting [26]. Using the k-nearest
neighbors (kNN) approach, SMOTE selects a minority instance, identifies its k nearest neighbors, and creates
new samples by interpolating between the instance and randomly chosen neighbors. The process depends on
the number of minority samples (T), the oversampling ratio (N), and the number of neighbors (k). Synthetic
samples are generated until the desired oversampling ratio is achieved, either by random selection when N is
small or iteratively when N exceeds the original dataset size [27]|. SMOTE is typically applied to continuous
data. Therefore, the SMOTE-N method was developed to handle categorical data [28].

SMOTE-N determines the nearest neighbors using a modified Value Difference Metric (VDM). The
VDM measures the similarity between feature values across all feature vectors by constructing a matrix that
records the distances between corresponding feature values. The distance () between two feature values is
calculated based on this definition [26].

n

k
S(VI'VZ)ZZ %—% , (8)
=1
where:
Cy : the total number of occurrences of feature value Vy;
Ci; @ is the number of occurrences of feature value V; for class i;
C, : the total number of occurrences of feature value V,;

C,; : 1isthe number of occurrences of feature value V, for class i.
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2.2.6 Classification Performance

A confusion matrix is a table used to evaluate the performance of a classification algorithm. It provides
a clear visualization and summary of how well the model performs in categorizing data [29]. Table | presents
an example of a confusion matrix.

Table 1. Confusion Matrix

Actual Predicted
Positive  Negative
Positive TP FN
Negative FP TN

Based on the table above, the four main components used to calculate performance metrics are [29]:
1. True Positive (TP) — The number of positive cases correctly predicted as positive.
2. True Negative (TN) — The number of negative cases correctly predicted as negative.
3. False Positive (FP) — The number of negative cases incorrectly predicted as positive (Type I error).
4. False Negative (FN) — The number of positive cases incorrectly predicted as negative (Type II error).

Several performance metrics can be derived from these values, as follows:

p _ (TP +TN) 9
CUracY = TP+ TN + FP + FN) ©)
Precision = i 10
recision = (TP + FP) (10)

TP
PR 11
Sensitivity TP FN (11)

TN
Specificity = —————— 12
pecificity TN - FP (12)

TP
Recall = ——— 13
AT TPYFN (3)
2 x recall x precision
F1 — Score = — (14)
recall + precision

G — Means = specificity * sensitivity (15)

2.3 Research Variables

The variables used in this study consist of dependent and independent variables, as shown in Table 2.

Table 2. Research Variables

No Variable Name Definition Description
Dependent Variable
1 Ever had sexual Indicates whether the respondent has ~ Categories:
intercourse (Y1) ever engaged in sexual intercourse - No
- Yes
Independent Variables
Demographics
2 Age (X1) Age of the respondent at the time of the  Continuous
survey
3 Gender (Xz) Biological sex of the respondent Categories:
- Male
- Female
4 Education Level (Xs) Highest level of formal education Categories:
attained by the respondent - Never attended school

- Elementary School, Junior High
School, Senior High School
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No Variable Name Definition Description
- Diploma I, Diploma II, Diploma
III, Bachelor's Degree, Master's
Degree, Doctorate (PhD)
5 Residence Type (X4) Type of area where the respondent Categories: Urban / Rural
resides
Knowledge
6 Knowledge of Respondent’s awareness of Categories:
Contraception (Xs) contraceptive methods - No
- Yes
7 Knowledge of Female Respondent’s knowledge of the fertile  Categories:
Fertility Period (Xs) period in the menstrual cycle - No
- Yes
8  Knowledge of Pregnancy Respondent’s understanding of Categories:
(X2) pregnancy-related concepts - No
- Yes
9 Knowledge of HIV- Respondent’s knowledge of HIV/AIDS  Categories:
AIDS (Xs) transmission and prevention - No
- Yes
10 Knowledge of Respondent’s knowledge of general Categories:
Adolescent Reproductive  adolescent reproductive health (ARH) - No
Health (ARH) (Xv) - Yes
Behavioral
11 Ever been in a romantic Indicates whether the respondent has ~ Categories:
relationship (Xio) ever been in a romantic relationship - No
- Yes
12 Dating Style (X11) Type of physical interaction in Categories:
romantic relationships - Never been in relationship
- No physical contact
- Holding hands
- Hugging
- Kissing
- Fondling
2.4 Research Design

The stages of analysis in this study are as follows:

1.

Data Pre-processing: Data cleaning was performed to ensure data quality. Missing values were
handled using imputation techniques. For continuous variables (age), missing values were imputed
using the means to reduce the influence of outliers. For categorical variables, missing values were
imputed using the mode (most frequent category). All categorical variables were transformed into
numerical forms using label encoding (binary variables coded as 0/1 and ordinal variables encoded
based on their natural order) to ensure compatibility with the machine learning model.

Data Splitting: The dataset was partitioned using 5-fold cross-validation to ensure robust model
evaluation and to reduce variability due to random sampling.

Model Building: A Cost-Sensitive Weighted Random Forest model was trained using the training
folds. The model incorporates class weights to address class imbalance.

Model Parameters and Tuning: The number of trees (ntree) was treated as a tuning parameter and
evaluated at several values (50, 100, 250, and 500 trees). The optimal number of trees was selected
based on out-of-bag (OOB) error. The number of variables randomly selected at each split (mtry)

was set to the default value, i.e., \/E, where pis the number of predictors.

Model Evaluation: The trained model was evaluated on the validation folds using multiple
performance metrics suitable for imbalanced classification, including accuracy, sensitivity (recall),
specificity, precision, F1-score, and G-Mean.

Performance Assessment: In addition to confusion matrix-based metrics, Receiver Operating
Characteristic (ROC) curves and Area Under the Curve (AUC) were used to evaluate the model’s
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discriminative ability. Precision—Recall (PR) curves were also employed to provide a more
informative evaluation under class imbalance conditions.

7. Variable Importance: Variable importance measures were computed based on the mean decrease
in the Gini index to identify the most influential predictors of premarital sexual behavior among
adolescents.

3. RESULTS AND DISCUSSION

Before conducting the analysis, a descriptive analysis is first carried out to provide an overview of the data.

Histogram of Age Distribution

Frequency
300 400 500 600
| 1 | |

200
I

100
1

0
1

r T T 1
10 15 20 25

Age
Figure 1. Respondents’ Age Distribution
(Source: Microsoft Excel)

Based on Fig. 1, the respondents’ ages fall within the adolescent range of 10—24 years. The largest
group of respondents is those aged 13 years, totalling 581 individuals, while the smallest group is those aged
24 years.

3000
2500
2000

1500 B Female

H Male
1000

500

Urban Rural

Figure 2. Graph of Adolescents’ Gender and Place of Residence
(Source: Microsoft Excel)

Fig. 2 presents the distribution of respondents based on place of residence and gender. Of the 5,300
respondents, 2,837 are male, and 2,463 are female. The number of respondents living in urban areas is greater
than that of those residing in rural areas.
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Figure 3. Graph of Adolescents’ Knowledge
(Source: Microsoft Excel)

Based on Fig. 3, it is evident that respondents with knowledge about family planning (KB) far
outnumber those without such knowledge, indicating the success of family planning outreach in the
community. However, knowledge regarding the fertile period is predominantly lacking, with only 1,735 out
of 5,300 respondents being aware of it. This low level of awareness highlights a significant knowledge gap

about the reproductive cycle, an important aspect for family planning and the prevention of unplanned
pregnancies.

In terms of pregnancy knowledge, the number of respondents who are aware and those who are
unaware is relatively balanced, though the latter group is slightly larger. This suggests the need for enhanced
education on pregnancy and its associated risks.

Regarding HIV/AIDS, the majority of respondents possess knowledge of the topic, reflecting the
effectiveness of public health campaigns, although around 1,700 respondents remain uninformed. Lastly, in
terms of knowledge about Adolescent Reproductive Health (ARH), only 397 respondents lack awareness,
demonstrating that KRR education has successfully reached a wide audience.

3500
3091
3000

2500
2000

1500

1043

1000
5985
500 354
- s
0 ] —

Never been in No physical contact Holding hands Hugging Kissing Fondling
relationship

Figure 4. Adolescent Dating Styles
(Source: Microsoft Excel)

Fig. 4 shows that of the 5,300 adolescent respondents, 3,091 reported never having dated, while 2,209
stated that they had dated. Among those who had dated, the most common dating behavior was holding hands,
reported by 1,043 respondents. This was followed by dating without engaging in any particular activity (354
respondents), dating with kissing as the primary behavior (152 respondents), and the least common being
dating involving touching/stimulating, reported by 65 respondents.
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Yes; 14

No; 5286
Figure 5. Graph of Adolescent Premarital Sexual Behavior
(Source: Microsoft Excel)

Fig. 5 above shows data on premarital sexual behavior. The number of adolescents who engaged in
premarital sex is much smaller compared to those who did not, with only 14 adolescents (0.26%) reporting

such behavior.

4000

2000

0

Premarital Sex

Premarital Sex

1 5 10 15

20
Age

Figure 6. Age and Premarital Sex Density Plot
(Source: Python)

Fig. 6 presents the density plot between the variables of age and premarital sex. The figure indicates
that the average age of adolescents who did not engage in premarital sex was 15 years, while the average age
of those who did was 22 years. Adolescents who did not engage in premarital sex were most numerous at age
13, whereas those who engaged in premarital sex were most numerous at age 23. The plot also reveals distinct
data patterns between adolescents who engaged in premarital sex and those who did not, suggesting a
significant difference in the ages of these two groups. The next step will involve performing classification on

the premarital sex data.

Classification was performed using three methods: standard RF (without handling class imbalance),
weighted logistic regression, and CSWRF, a modified version of RF designed to address class imbalance by
assigning different weights to each class to balance them. The confusion matrix of the methods is presented

in the following tables.

Table 3. Confusion Matrix of Random Forest

n=50 n =100

Actual 0 Actual 1 Actual 0 Actual 1
Prediction 0 5234(TN) 3 (FN) Prediction 0 5234 (TN) 3 (FN)
Prediction 1 52 (FP) 11 (TP) Prediction 1 52 (FP) 11 (TP)
n =250 n =500

Actual 0 Actual 1 Actual 0 Actual 1
Prediction 0 5233 (TN) 3 (FN) Prediction 0 5234 (TN) 3 (FN)
Prediction 1 53 (FP) 11 (TP) Prediction1 52 (FP) 11 (TP)
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Table 4. Confusion Matrix of Weighted Random Forest

n =50 n =100

Actual 0 Actual 1 Actual 0  Actual 1
Prediction 0 5237 (TN) 4 (FN) Prediction 0 5239 (TN) 3 (FN)
Prediction 1 49 (FP) 11 (TP) Prediction 1 47 (FP) 11 (TP)
n =250 n =500

Actual 0 Actual 1 Actual 0  Actual 1
Prediction 0 5239 (TN) 3 (FN) Prediction 0 5239 (TN) 3 (FN)
Prediction 1 47 (FP) 11 (TP) Prediction 1 47 (FP) 11 (TP)

Table 5. Confusion Matrix of Weighted Logistic Regression
Actual 0 Actual 1
Prediction 0 4973 (TN) 2 (FN)
Prediction 1 313 (FP) 12 (TP)

The confusion matrices presented in Table 3 are obtained by aggregating prediction results from all 5
cross-validation folds, providing an overall representation of model performance across the dataset. For the
standard Random Forest (RF) model, the aggregated confusion matrix shows that the model is able to
correctly classify the majority class, as indicated by the high number of true negatives (TN = 5233-5234).
However, although some true positives (TP = 11) are observed, the number of false negatives (FN = 3) and
false positives (FP =~ 52—53) indicates that the model still struggles to consistently identify the minority class.
This finding contrasts with the fold-wise average evaluation, where specificity and G-Mean were reported as
zero or undefined. The discrepancy arises because the aggregated confusion matrix combines predictions
from all folds, allowing minority class detections from different folds to accumulate, resulting in non-zero
values.

In contrast, the Weighted Random Forest (WRF) model demonstrates a more balanced classification
performance. The number of false positives decreases (FP =~ 47—49), while true positives remain stable (TP
= 11). At the same time, false negatives are relatively low (FN = 3—4), indicating that the model is able to
better capture minority class instances compared to the standard RF. This improvement confirms that the use
of class weighting effectively reduces bias toward the majority class and enhances the model’s ability to
detect minority cases.

Meanwhile, the Weighted Logistic Regression (WLR) model shows a different pattern. Although it
achieves a slightly higher number of true positives (TP = 12) and lower false negatives (FN = 2), it produces
a substantially larger number of false positives (FP = 313). This indicates that the model tends to
overcompensate for class imbalance by predicting more observations as belonging to the minority class,
which reduces its precision and may lead to overestimation of premarital sexual behavior.

It is important to emphasize that performance metrics derived from the aggregated confusion matrix
may differ from the average metrics obtained from 5-fold cross-validation. In fold-wise evaluation, each fold
is assessed independently, and extreme cases—such as folds where the minority class is not detected at all—
can result in zero or undefined specificity and G-Mean. However, when predictions are aggregated, even a
small number of correct minority classifications across folds will produce non-zero values.

Therefore, the aggregated confusion matrix provides a global performance overview, while the average
cross-validation results better reflect the stability and consistency of the model. In this study, the results
indicate that the standard RF model is unstable in handling imbalanced data, whereas WRF provides a more
balanced trade-off between detecting minority and majority classes. Although WLR improves sensitivity, its
tendency to generate excessive false positives limits its practical reliability. The performance of both methods
using various values of ntree is presented in the following tables.

The performance of the three methods, Random Forest (RF), Cost-Sensitive Weighted Random Forest
(CSWRF), and Weighted Logistic Regression (WLR), across various values of ntree is presented in Table 6,
Table 7, and Table 8. In addition, the classification results are further evaluated using aggregated confusion
matrices derived from the 5-fold cross-validation to provide a more comprehensive assessment of model
performance.
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Table 6. Performance of Random Forest (Without Imbalance Handling)

Mean Mean Mean Mean Mean Mean Mean
Accuracy Sensitivity Specificity  Precision F1-Score G-Means AUC ntree
1 0.9977360 0.9977353 NA 1.0000000  0.9988663 NA 0.8307 50
2 09981130 0.9981120 NA 1.0000000  0.9990550 NA 0.8297 100
3 0.9977360 0.9977353 NA 1.0000000  0.9987663 NA 0.8291 250
4 0.9977358 0.9977351 NA 1.0000000  0.9988662 NA 0.8282 500

Table 6 presents the performance of the RF model without addressing the class imbalance. The table
shows that the average accuracy obtained exceeds 99% for each ntree value of 50, 100, 250, and 500. This
indicates very high accuracy, and similarly, the average sensitivity, average precision, and average F1-Score
also reflect excellent performance. Although the average accuracy, sensitivity, precision, and F1-Score
demonstrate very good results, the values for specificity and average G-Means are reported as NA.

This indicates a problem related to class imbalance, as the prediction results show that instances of
category 1 (the minority class) tend to be misclassified as category 0 (the majority class). As a result, the
predicted values for category 1 are all classified as 0, making it impossible to compute specificity, which
leads to an NA value. The random forest modeling results above indicate the need for handling the class
imbalance issue in the dataset. One approach to address this problem is by using the Weighted Random Forest
method.

In addition, the AUC values for the Random Forest model range from 0.8282 to 0.8307 across different
ntree values. Although these values indicate a moderate level of discriminative ability, they are relatively low
compared to models that properly handle class imbalance. This suggests that, despite achieving high
accuracy, the model is not effective in distinguishing between the minority and majority classes.

The relatively stable AUC values across different ntree settings also indicate that increasing the number
of trees does not significantly improve the model’s discriminative performance. This further confirms that
the main limitation of the standard Random Forest lies not in model complexity, but in its inability to address
the imbalance in class distribution. Therefore, relying solely on accuracy and AUC in this context may lead
to misleading conclusions, as the model still fails to correctly identify minority class instances.

Table 7. Performance of Weighted Random Forest

Mean Mean Mean Mean Mean Mean Mean ntree
Accuracy Sensitivity Specificity  Precision F1-Score G-Means AUC
1 0.9902 0.9907 0.7667 0.9909 0.9953 0.8639  0.9836 50
2 0.9906 0.9911 0.7667 0.9997 0.9953 0.8641  0.9509 100
3 0.99006 0.9911 0.7667 0.9905 0.9953 0.8641  0.9822 250
4 0.9906 0.9911 0.7667 0.9905 0.9953 0.8631  0.9845 500

Table 7 presents the performance of the CSWRF, which is an RF method that applies different weights
to each class. The weight assignment is based on a formula, giving higher weights to the minority class (those
who engage in premarital sex) and lower weights to the majority class (those who do not engage in premarital
sex). This approach ensures that the model does not ignore the minority class.

As shown in Table 7, the average accuracy, average sensitivity, average precision, and average F1-
score all remain very high, above 98%, although these metrics are slightly lower than those obtained from
the standard random forest. However, with the use of the weighted random forest, the average specificity and
average G-Means show significant improvement. Specifically, the average specificity exceeds 16%, and the
average G-Means exceeds 39% across all ntree values.

The increase in average specificity and G-Means indicates that the weighted random forest is capable
of handling imbalanced data, as the resulting model can accurately classify the minority class. In other words,
the model is no longer biased toward the majority class, unlike the previous random forest model. The
improvement in specificity suggests that the model is starting to correctly identify individuals in category 1
(the minority group), i.e., those who engage in premarital sex. Moreover, the significant increase in G-Means
highlights a better balance between sensitivity and specificity.

The AUC values of the CSWRF model range from 0.9509 to 0.9845 across different ntree values,
indicating excellent discriminative performance. Compared to the standard Random Forest, the CSWRF
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achieves substantially higher AUC values, reflecting its improved ability to distinguish between adolescents
who engage in premarital sexual behavior and those who do not.

The consistently high AUC values across different ntree settings also suggest that the model is stable
and robust, and that increasing the number of trees does not significantly affect its discriminative capability.
This further confirms that the improvement in performance is primarily driven by the incorporation of class
weights rather than model complexity. Overall, the combination of high AUC, improved specificity, and
higher G-Means demonstrates that the CSWRF model provides a more balanced and reliable classification
performance for highly imbalanced data.

Table 8. Performance of Weighted Logistic Regression

Mean Mean Mean Mean Mean Mean Means AUC
Accuracy Sensitivity Specificity  Precision F1-Score G-Means
0.9406 0.9408 0.8667 0.9996 0.9692 0.8866 0.9459

Table 8 presents the performance of the weighted logistic regression model. The results indicate that
the model achieves relatively good performance, with a specificity of 0.8667, a G-Means value of 0.8866,
and an AUC of 0.9459, suggesting that it is capable of distinguishing between classes with a reasonable level
of accuracy while maintaining a balance between sensitivity and specificity. As a parametric model, logistic
regression provides interpretable coefficients and a straightforward probabilistic framework, making it useful
for understanding the direction and magnitude of the relationships between predictors and the outcome
variable.

However, its performance remains inferior to that of the CSWRF model, particularly in terms of AUC
and overall balance as reflected by G-Means. This is likely due to the inherent limitations of logistic
regression, which assumes a linear relationship between the predictors and the log-odds of the response
variable and may not adequately capture complex nonlinear patterns or interactions among variables. In
contrast, the CSWRF model, as an ensemble-based machine learning method, is more flexible and better
suited for modeling complex data structures. Therefore, CSWRF provides a more robust and reliable
approach for classifying premarital sexual behavior in the presence of imbalanced data.
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To further evaluate the discriminative performance of the models, Receiver Operating Characteristic (ROC)
curves were constructed for the Random Forest (RF), Cost-Sensitive Weighted Random Forest (CSWREF),
and weighted logistic regression models, as shown in Fig. 7.

The ROC curve illustrates the trade-off between sensitivity (true positive rate) and specificity (true
negative rate) across different classification thresholds. A model with better classification performance will
have a curve that is closer to the top-left corner and a higher Area Under the Curve (AUC). Based on the
results, the standard Random Forest model exhibits poor discriminative ability, as its ROC curve lies close
to the diagonal line. This indicates that the model performs only slightly better than random guessing, which
is consistent with previous findings that the RF model fails to properly classify the minority class due to
severe class imbalance.

In contrast, the CSWRF model demonstrates a significantly improved ROC curve, which is positioned
much closer to the top-left corner. This indicates a strong ability to distinguish between adolescents who
engage in premarital sexual behavior and those who do not. The high AUC value (above 0.97) further
confirms the excellent discriminative performance of the CSWRF model. This improvement is attributed to
the incorporation of class weights, which allows the model to better capture patterns in the minority class.

Similarly, the weighted logistic regression model also shows good discriminative performance, with
its ROC curve approaching the top-left region. However, its AUC remains lower than that of CSWREF,
indicating slightly inferior performance. This suggests that although weighting improves logistic regression,
it is still limited in capturing complex nonlinear relationships compared to ensemble-based methods such as
CSWREF.

Overall, the ROC analysis confirms that the CSWRF model outperforms both the standard Random
Forest and weighted logistic regression in terms of discriminative ability. This is consistent with the
performance results, where CSWRF achieves higher AUC values (above 0.95), along with improved
specificity and G-Means compared to the standard Random Forest model, which shows lower AUC (around
0.83) and undefined specificity due to its inability to detect the minority class.

Compared to weighted logistic regression, although the latter demonstrates relatively good balance in
terms of specificity and G-Means, its AUC remains lower than that of CSWRF. In addition, the confusion
matrix indicates that weighted logistic regression tends to produce a higher number of false positives,
suggesting less stable classification performance. These findings highlight the importance of incorporating
cost-sensitive learning to improve model performance when dealing with highly imbalanced datasets, as it
enhances both discriminative ability and the balance between sensitivity and specificity.

Mean Decrease Accuracy (MDA) is one of the metrics used in the random forest algorithm to assess
the importance of each predictor variable used in the model [30]. MDA is calculated by measuring the drop
in model accuracy when the values of a particular variable are randomly permuted [31]. The greater the
decrease in accuracy, the more important that variable is [32]. In other words, the higher the MDA value, the
more important or influential the variable is in contributing to the classification model of premarital sexual
behavior. The MDA of CSWRF can be seen in Figure 8.

The results show that Knowledge of Adolescent Reproductive Health (ARH) is the most influential
variable. This finding is consistent with Selvia’s [33] study, which reported a significant relationship between
reproductive health knowledge and premarital sexual attitudes (p-value = 0.037). The results indicate that
higher levels of knowledge are associated with more appropriate attitudes toward premarital sexual behavior.
This suggests that reproductive health knowledge functions as a protective factor, enabling adolescents to
better understand risks and make informed decisions.

This finding is further supported by Fauziah’s [34] study, which highlights that limited knowledge of
reproductive health increases the likelihood of risky sexual behavior among adolescents. Adolescents who
lack adequate knowledge are more vulnerable to engaging in unsafe sexual practices, while those with better
knowledge tend to demonstrate more responsible behavior.
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The second most important variable is residence type (urban/rural), indicating the role of
environmental and socio-cultural factors. This aligns with findings from [34], which emphasize that external
factors such as environment, media exposure, and social context significantly influence adolescent behavior.
Adolescents in urban areas may experience greater exposure to information and social interaction, which can
increase both opportunities and risks related to premarital sexual behavior.

Behavioral variables, including dating style and having been in a romantic relationship, also show
substantial importance in the model. This is consistent with [34] findings that peer influence and social
interactions play a crucial role in shaping adolescent sexual behavior. Adolescents who are involved in
romantic relationships are more likely to experience emotional closeness and peer pressure, which may
increase the likelihood of engaging in premarital sexual activity. Similarly, more permissive dating styles
reflect behavioral patterns that are closely associated with higher sexual risk.

Interestingly, variables such as age, education level, and HIV/AIDS knowledge show relatively low
importance in the model. This finding is in line with Fauziah’s [34] study, which reported that the relationship
between age and premarital sexual behavior is not always consistent across studies. In some cases, age and
education do not directly influence behavior, as their effects may be mediated by other factors such as parental
supervision, peer influence, and socio-cultural environment.

Overall, the MDA results indicate that adolescent premarital sexual behavior is influenced by a
combination of knowledge, behavioral, and environmental factors. The dominance of ARH knowledge
highlights the importance of cognitive factors, while the significance of behavioral and environmental
variables reflects the complex and multidimensional nature of adolescent sexual behavior.

The findings of this study have important implications for adolescent reproductive health interventions.
From a policy perspective, these findings suggest that interventions should prioritize improving reproductive
health knowledge while also addressing behavioral and environmental influences. Educational institutions
should strengthen comprehensive reproductive health education, while programs targeting peer influence and
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healthy relationship behavior should be developed. In addition, community and family involvement is
essential to create a supportive environment that reduces risky sexual behavior among adolescents.

4. CONCLUSION

This study shows that the standard Random Forest model fails to handle extreme class imbalance, as
it cannot properly identify the minority class despite high accuracy. The weighted logistic regression model
improves classification balance; however, its performance remains inferior to the Cost-Sensitive Weighted
Random Forest (CSWRF), particularly in terms of discriminative ability. The CSWRF model demonstrates
the best overall performance, as evidenced by improvements in specificity and strong ROC results. The MDA
analysis further indicates that Knowledge of Adolescent Reproductive Health (ARH), residence type, and
behavioral factors such as dating experience are the most influential predictors of premarital sexual behavior.
These findings highlight the importance of knowledge, environmental, and behavioral factors in shaping
adolescent behavior. This study contributes by demonstrating the effectiveness of cost-sensitive machine
learning for highly imbalanced social data and identifying key determinants of adolescent premarital sexual
behavior. Future research should incorporate additional socio-cultural variables and explore more advanced
modeling approaches to further improve predictive performance. needed.
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    W  i =   N  C ⋅   c  i ⋅ 𝜂 ,
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  𝜂 =   max ⁡ (   c  i )  min ⁡ (   c  i ) .


    C  i j


    C  i j =  {    0 ,  if  i = j     W  i ,  if  i ≠ j .


  W P =   ∑  i = 1  n t r e e    W  i ⋅ P   t  i ,


  W P


  n t r e e


  P   t  i


  i


  𝜋 ( x ) = P ( y = 1 ∣ x )


  𝜋  ( x ) =     e    𝛽 0 +   𝛽 1   x 1 + ⋯ +   𝛽  p   x  p  1 +   e    𝛽 0 +   𝛽 1   x 1 + ⋯ +   𝛽  p   x  p .
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  L ( 𝛽 ) =   ∏  i = 1  n  𝜋 (   x  i  )    w  i   y  i [ 1 − 𝜋 (   x  i )  ]    w  i ( 1 −   y  i ) .


  L ℓ ( 𝛽 ) =   ∑  i = 1  n    w  i  [   y  i log ⁡ ( 𝜋 (   x  i ) ) + ( 1 −   y  i ) log ⁡ ( 1 − 𝜋 (   x  i ) ) ] .
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  A c c u r a c y   =   ( T P + T N )  ( T P + T N + F P + F N )


  P r e c i s i o n =   T P  ( T P + F P )


  S e n s i t i v i t y =   T P  T P + F N
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  R e c a l l =   T P  T P + F N


  F 1 − S c o r e   =     2 ∗ r e c a l l ∗ p r e c i s i o n  r e c a l l + p r e c i s i o n


  G − M e a n s = s p e c i f i c i t y ∗ s e n s i t i v i t y


  n t r e e


  m t r y


   p


  p

