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1. INTRODUCTION 

Coffee consumption has become an integral part of modern lifestyles and has seen a significant 
increase in recent years. Changes in digital work patterns, increased social activities, and the growth 
of the coffee industry have driven coffee consumption to become a daily habit for people of all ages. 
Moderate coffee consumption is known to provide benefits such as improved focus, cognitive 
performance, and energy metabolism. However, excessive consumption that is not balanced with a 
healthy lifestyle has the potential to increase health risks such as sleep disorders, hypertension, and 
metabolic disorders [1]. 
Health risks among coffee drinkers are influenced not only by the amount of caffeine consumed, but 
also by other lifestyle factors such as sugar intake, sleep duration, physical activity, body mass index 
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 This study aims to develop an intelligent machine learning system for 
detecting health risks among coffee drinkers through lifestyle analysis. 
The research is motivated by the increasing coffee consumption 
associated with modern lifestyles, which may lead to health problems 
when combined with unhealthy habits. The dataset was collected through 
surveys covering variables such as coffee consumption frequency, sugar 
intake, sleep duration, physical activity, body mass index (BMI), and 
blood pressure. Health risk levels were classified into երեք categories: 
Very Healthy, Healthy, and Unhealthy. The research process included 
data preprocessing, normalization, and classification using two ensemble 
machine learning algorithms: Random Forest and Gradient Boosting. 
Model performance was evaluated using accuracy, precision, recall, and 
F1-score. Experimental results showed that both models achieved strong 
performance, especially in the Very Healthy and Healthy categories. 
Random Forest outperformed Gradient Boosting in the Healthy class with 
90% accuracy compared to 87%, while both achieved 95% accuracy in 
the Very Healthy category. The findings indicate that coffee consumption 
frequency, sleep duration, and sugar intake were the most influential 
variables in determining health risks. 
 

 
 

This is an open access article under the CC–BY-SA license. 

    

 

 
 
 
 
 

 



78 Mobile and Forensics   ISSN 2656-6257 
 Vol. 8, No. 2, September 2026, pp. 77-92 

 Winiarti et.al (Machine Learning-Based Lifestyle Analysis for Health Risk Detection in Coffee Drinkers) 

(BMI), and blood pressure history. The complex interactions among these variables are difficult to 
analyze using conventional approaches. Therefore, an artificial intelligence-based approach is 
needed that can more accurately model the non-linear relationships among lifestyle variables [2], [3]. 
However, some recent studies have also confirmed that excessive consumption, especially when 
combined with high sugar intake and irregular sleep patterns, can potentially increase the risk of 
hypertension, sleep disorders, anxiety, and metabolic syndrome [4], [5], [6].  In Indonesia, the 
increase in coffee consumption is most pronounced among the working-age population, particularly 
the urban youth. A national study reports that the majority of coffee consumers also tend to consume 
excessive amounts of sugar and engage in low levels of physical activity, thereby contributing to an 
increased risk of metabolic disorders [7], [8], [9]. These findings indicate that health risks among 
coffee drinkers cannot be analyzed in isolation based solely on caffeine intake; rather, they require 
consideration of the interactions among various lifestyle factors, such as frequency of coffee 
consumption, type of coffee, sugar intake, sleep duration, body mass index (BMI), physical activity, 
and blood pressure history [10], [11]. 
Advances in machine learning have been widely applied in the healthcare field for disease risk 
classification based on lifestyle data. Algorithms such as Random Forest, Support Vector Machine, 
and Gradient Boosting have proven capable of achieving high classification performance on 
multivariate data. The advantages of ensemble methods in handling nonlinear and complex data 
make them particularly relevant for lifestyle-based health risk analysis [12], [13], [14], [15]. The 
strengths of the ensemble approach in handling nonlinear and multivariate data make it well-suited 
for lifestyle-based risk analysis. Additionally, the integration of Explainable Artificial Intelligence 
(XAI) enables the interpretation of how variables contribute to predictive outcomes, ensuring that 
the system is not a black box and is easier for users to understand [10], [16], [17]. 
However, most previous studies have focused on the detection of specific diseases without explicitly 
targeting coffee drinkers as a lifestyle-based risk group. Furthermore, studies that integrate multi-
algorithm comparisons within a standardized experimental framework and provide an education 
system based on model interpretation remain limited, particularly in the context of local Indonesian 
data [18], [19], [20]. This gap raises fundamental questions about how to build an intelligent system 
that is not only accurate in classifying the health risks of coffee drinkers but is also capable of 
providing personalized, data-driven educational recommendations. 
As technology advances, machine learning (ML) and artificial intelligence (AI)-based approaches 
are increasingly being used to analyze lifestyle and health data [21]. A recent study shows that 
integrating lifestyle factors into machine learning algorithms can improve the accuracy of 
cardiovascular disease predictions [22], [23]. Predictions of heart disease risk based on wearable data 
and lifestyle factors also show promising results [24]. Furthermore, Holt et al [25] states that ML 
algorithms can identify population health patterns, predict clinical outcomes, and enable personalized 
interventions [26]. 
In the local context, the digital transformation of healthcare services in Indonesia presents significant 
opportunities for the adoption of AI, although it still faces infrastructure and regulatory challenges 
[27]. The systematic literature review also emphasizes the need for multidisciplinary collaboration 
to ensure that AI truly has a positive impact on healthcare services [28], [29], [30]. Another study 
highlights the importance of explainable AI in predicting the risk of malnutrition [31], [32] as well 
as lifestyle-related obesity [1], so that the prediction system is not merely a “black box” but is also 
understandable to users. The ensemble learning approach has also proven effective in improving the 
accuracy of obesity predictions based on lifestyle data [33], [34]. 
Given this gap, this study aims to develop a machine learning-based intelligent system to detect 
health risks among coffee drinkers using lifestyle analysis. This study makes the following key 
contributions, 1) comprehensive integration of coffee drinkers’ lifestyle variables, 2) multi-algorithm 
comparison within a standardized experimental framework, and 3) development of a health education 
system based on model interpretation for personalized lifestyle recommendations. 
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2. METHOD 

2.1. Research Process 
The research methodology consists of six main stages, ranging from problem identification to the 
evaluation of the machine learning model’s performance. Each stage is interconnected to ensure that 
the developed system has a strong scientific foundation, adequate data, appropriate processing 
procedures, and reliable evaluation results. Fig. 1 illustrates the research stages. 

 
Fig. 1. Research Method 

2.2. Problem Identification, Analysis, and Literature Review 
To gain a deep understanding of the research problem, the main issues underlying the study were 
identified, such as the need to assess the health status of coffee drinkers based on lifestyle, 
consumption habits, and specific indicators. A problem analysis was conducted to define the research 
focus, objectives, benefits, and limitations. Subsequently, a literature review was performed on 
various relevant prior studies. The literature review aims to identify current research developments, 
methods that have been used, variables frequently analyzed, and research gaps that can still be 
explored. From this stage, the researcher obtains a theoretical foundation to determine the approach, 
variables, and algorithms to be used in the study. 

2.3. Dataset 
The dataset was obtained through a structured survey of 10,000 respondents covering nine main 
variables: age, gender, frequency of coffee consumption, type of coffee, sugar intake, sleep duration, 
physical activity, BMI, and blood pressure history. This survey was designed to capture various 
aspects of lifestyle and health conditions that may influence health risks, particularly among 
individuals who consume coffee. Nine main variables were collected: age and gender as demographic 
factors; coffee consumption frequency and type to describe caffeine consumption patterns; sugar 
intake related to metabolic risk; sleep duration and physical activity as lifestyle indicators; and BMI 
(Body Mass Index) and blood pressure history as indicators of physical health status. 
Each respondent in the dataset was then assigned a classification label based on their health risk level, 
divided into three categories: very healthy, healthy, and unhealthy. These labels are likely determined 
based on a combination of health indicators such as BMI, blood pressure, and lifestyle habits, thereby 
reflecting overall health status. With this data structure, the dataset not only enables analysis of the 
relationship between coffee consumption and health but also supports the development of machine 
learning models to classify health risk levels more accurately based on individual lifestyle patterns. 

2.4. Data Preprocessing 
This stage prepares the data for use in the machine learning model training process. The 
preprocessing steps include: data cleaning, handling missing values, data normalization, encoding 
categorical data, feature selection, and data splitting to divide the dataset into an 80:20 ratio for 
training and testing data. This process is illustrated in Fig. 2. 
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Fig. 2. Pre-processing stages of the dataset, predicting the health level of coffee drinkers 

2.5. Machine Learning Architecture Models 
This study employs two machine learning models: Random Forest and Gradient Boosting. The 
prediction results are then translated into nutrition education and healthy living recommendations. 
Random Forest was chosen for its ability to handle nonlinear relationships. Gradient Boosting was 
used to improve predictive performance through incremental learning. The machine learning models 
using Random Forest are shown in Fig. 3. 
Fig. 3 illustrates the workflow of a machine learning-based intelligent system for predicting health 
risks among coffee drinkers, starting from the data collection stage through to the provision of 
recommendations. The process begins with raw lifestyle CSV data, which is raw data containing 
information on the respondents’ lifestyles. Next, data preprocessing is performed, which includes 
removing duplicate data, handling missing values (missing value handling), encoding to convert 
categorical data into numerical data, and handling outliers to ensure the data is cleaner and ready for 
analysis. The next stage is feature engineering, where new features are created, such as coffee 
consumption intensity (coffee intensity), sleep quality (sleep risk), sugar consumption risk (sugar 
risk), and lifestyle score (lifestyle score), to enhance the quality of information in the data. Following 
this, feature selection is performed to choose the most relevant and influential variables for the 
prediction. The processed data is then fed into a Random Forest Classifier model, which consists of 
multiple decision trees (Tree1, Tree2, ..., TreeN) and uses a majority voting mechanism to determine 
the classification results. The output of this model is a health risk prediction that categorizes an 
individual’s health risk level.  
Fig. 3 illustrates the workflow for developing an ensemble-based machine learning model to predict 
health risks among coffee drinkers. The process begins with the Lifestyle Coffee Dataset as the 
primary data source, which contains lifestyle information related to coffee consumption. The data 
then undergoes a data preprocessing stage to clean and prepare it for analysis, followed by feature 
selection to identify the most relevant variables. Next, the data is split into training and test sets. 
(train/test split) to ensure the model can be evaluated objectively. During the modeling phase, several 
decision trees (Tree 1, Tree 2, Tree 3) are used, each trained separately, and then combined into an 
ensemble model to enhance prediction accuracy and stability. The output of this model consists of 
predictions that classify health risk levels, which are then used to provide health recommendations 
tailored to an individual’s condition, ensuring the system functions not only as a predictive tool but 
also as a decision-making aid in maintaining a healthy lifestyle. 
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Fig. 3. Random Forest dan Gradient Boosting Architecture Model 

2.6. Machine Learning Architecture Models 
Parameter optimization was performed using Grid Search and Random Search with K-Fold Cross-
Validation (K=5). In the Random Forest model, the optimized parameters included the number of 
decision trees (n_estimators) data range used+ 200.0, the maximum tree depth (max_depth) data 
range used: 2.00-3.00, the minimum number of samples required for a split (min_samples_split) use 
80:20 and 70:30, and the minimum number of samples at a leaf node (min_samples_leaf) data range 
used 2.00  Meanwhile, in the Gradient Boosting model, the optimized parameters include the learning 
rate data range used 0.001-0,01, the number of estimators (n_estimators) data range used: 2.00-3.00, 
the maximum tree depth (max_depth) data range used: 2.00-3.00, and the data subsampling ratio 
(subsample) data range used 2.00. The parameters used for both models are presented in Table 1. 

Table 1.  Hyperparameter tuning is used in the optimization 
No Hyperparameter for 

Random Forest 
Data 
Value 

Hyperparameter for 
Gradient Boosting 

Data 
Value 

1 
2 
3 
4 

n_estimators  
max_depth  
min_samples_split  
min_samples_leaf  

200.0 
3.00 
80:20 
2.00 

learning_rate  
n_estimators  
max_depth  
subsample 

0.001-0.05 
200-800 

3.00 
2.00 

2.7. Machine Learning Architecture Models 
The next step is to evaluate the performance of the classification model that has been built. The 
evaluation is conducted using several evaluation metrics, namely the Confusion Matrix, Precision, 
Recall, F1-Score, and Accuracy. The results of this evaluation are used to assess the model's ability 
to accurately classify the health levels of coffee drinkers based on lifestyle. The formulas for 
Precision, Recall, F1-Score, and Accuracy are explained as follows [35], [36], [37]: 
a) Accuracy 
Accuracy is an effective evaluation metric when the class distribution in a dataset is relatively 
balanced. However, accuracy has limitations on imbalanced datasets, where the number of data 
points in one class is significantly greater than in the others. In such cases, a model can achieve a 
high accuracy score simply by predicting the majority class, even though its performance on the 
minority class is poor. This can lead to misleading interpretations, especially when classification of 
the minority class is critical. This phenomenon is known as the accuracy paradox, which 
demonstrates that accuracy alone is insufficient for evaluating the performance of a classification 
model [38], [39]. The formula for calculating the accuracy value is shown in Equation (1). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁																						… (1) 
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Where, TP (True Positive) represents the number of correctly predicted positive instances, TN (True 
Negative) represents the number of correctly predicted negative instances, FP (False Positive) 
represents the number of negative instances incorrectly classified as positive, and FN (False 
Negative) represents the number of positive instances incorrectly classified as negative. 
b) Precision 
In classification problems with more than two classes, accuracy alone is not sufficient to indicate the 
accuracy of predictions for each class. Therefore, the precision metric is used, which indicates the 
proportion of correct positive predictions. The formula for precision is shown in Equation (2). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)																																			… (2) 

c) F1-Score 
The F1 score is an evaluation metric that combines precision and recall using a harmonic mean. This 
metric accounts for both false positives and false negatives, making it more effective for use on data 
with class imbalance compared to accuracy. The F1 score is more heavily influenced by the lower of 
the precision and recall values. The F1 score is the appropriate metric when false positive and false 
negative classification errors have a balanced impact on model performance [40]. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = !∗#$%&'(')*∗+%&,--
#$%&'(')*.+%&,--

        …	(3) 

d) Recall 
Recall represents the model’s success rate in detecting all data that truly belong to the positive class. 
The higher the recall value, the better the model’s ability to capture positive data, as the number of 
false negatives is relatively low. Conversely, a low recall indicates that the model is still missing 
many positive instances during the classification process. The formula for recall is shown in Equation 
(4). 

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)												… (4) 

2.8. Model Output 
The final stage of this study is to generate predictions of coffee drinkers’ health levels based on 
lifestyle factors classified into three main categories: very healthy, healthy, and unhealthy. These 
classification results can serve as a basis for early detection among the general public, enabling the 
implementation of appropriate intervention measures. In this study, the output consists of a coffee 
drinker’s health level, divided into three classes: very healthy = 0, healthy = 1, and unhealthy = 2. 

3. RESULT AND DISCUSSION 

3.1. Experimental Results 
To assess the performance of each model, training and validation were conducted. The experimental 
results obtained from applying hyperparameter tuning to the Random Forest and Gradient Boosting 
models were then analyzed and presented in Table 2. 

Table 2.  Comparison of Random Forest with Gradient Boosting 
Random Forest Gradient Boosting 

Parallel  trees  
Reducing variance  
Faster training  
Robust to noise 
No dependencies between trees 

Sequential trees  
Reducing bias  
More accurate  
Susceptible to overfitting  
Trees correct each other’s errors 

 
The hyperparameter tuning methods used in this study are Grid Search and Random Search. Grid 
Search performs an exhaustive search of all predefined parameter combinations, enabling it to find 
the optimal configuration more systematically. In contrast, Random Search performs a random 
search of parameters within a predefined parameter space, making it more efficient in terms of 
computational time.  
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The analysis demonstrates the performance of each model based on the best parameter combinations 
generated by both tuning methods. Table 3 presents the experimental results of the Random Forest 
and Gradient Boosting methods with various parameters and cross-validation.  
Thus, a comparison between the two architectural models in detecting the health of coffee drinkers 
can be observed, as shown in Table 3. 

Table 3.  Results of Random Forest and Gradient Boosting Analysis with Hyperparameter Tuning and Cross 
Validation (CV) 

Model Split  Tunning n_estimator CV3 = 3 CV3 = 4 CV3 = 5 
Random Forest 80: 20 Grid  200.0 0.9473 0.9492 0.9482 
Random Forest 80: 20 Random 200.0 0.9473 0.9492 0.9482 
Random Forest 70: 30 Grid  200.0 0.9453 0.9478 0.9491 
Random Forest 70: 30 Random 200.0 0.9453 0.9478 0.9491 
Random Forest 90: 10 Grid  200.0 0.9448 0.9479 0.9486 
Random Forest 90: 10 Random 200.0 0.9448 0.9479 0.9486 
Random Forest 60: 40 Grid  200.0 0.9477 0.9484 0.9498 
Random Forest 60: 40 Random 200.0 0.9477 0.9484 0.9498 
GradientBoosting 80: 20 Grid  200.0 0.05 0.9314 0.9311 
GradientBoosting 80: 20 Random 200.0 0.05 0.9314 0.9311 
GradientBoosting 70: 30 Grid  200.0 0.05 0.9275 0.9271 
GradientBoosting 70: 30 Random 200.0 0.05 0.9275 0.9271 
GradientBoosting 90: 10 Grid  200.0 0.05 0.9276 0.9299 
GradientBoosting 90: 10 Random 200.0 0.05 0.9276 0.9299 
GradientBoosting 60: 40 Grid  200.0 0.05 0.9283 0.9286 
GradientBoosting 60: 40 Random 200.0 0.05 0.9283 0.9286 
GradientBoosting 80: 20 Grid 600.0 0.05 0.9309 0.9180 
GradientBoosting 80: 20 Grid 800.0 0.05 0.9397 0.9349 
GradientBoosting 80: 20 Grid 800.0 0.05 0.9417 0.9422 

 
To assess the performance of both models, an accuracy test was conducted using the confusion matrix 
method. The evaluation metrics used include recall, precision, F1-Score, and accuracy. Table 4 
shows the confusion matrix evaluation results for the Random Forest model. 
Based on the test results in Table 4 using the Random Forest method, an overall accuracy of 0.91 
was obtained, indicating that the model is capable of classifying data with a high degree of accuracy. 
Further analysis was conducted using the confusion matrix to examine the classification performance 
for each class in greater detail. The experimental results show that Random Forest performs best 
compared to the other methods. Tables 4 and 5 show the performance of each model based on the 
confusion matrix evaluation. 

Table 4.  Confusion matrix test results for the Random Forest model 
Actual \ Predicted Class 0 Class 1 Class 2 Total Accuracy 
Class 0 2270 106 0 2376 0.9492 
Class 1 129 1195 108 1432 0.9000 
Class 2 1 26 165 192 0.6000 
Total 2400 1327 273 4000 4000 

 

Table 5.  Confusion matrix test results for the Gradient Boosting model 
Actual \ Predicted Class 0 Class 1 Class 2 Total Accuracy 
Class 0 1120 68 0 1188 0.9422 
Class 1 59 599 58 716 0.8700 
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Class 2 1 17 78 96 0.5700 
Total 1180 684 136 2000 2000 

 

3.2. Analysis of Model Performance Evaluation Results 
To assess the performance of the two models, an accuracy test was conducted using the confusion 
matrix method. The evaluation metrics included accuracy, precision, recall, and F1-score. Table 5 
presents the overall confusion matrix evaluation results for the Random Forest and Gradient Boosting 
models. Based on the results, the Random Forest model achieved an overall accuracy of 0.91, while 
the Gradient Boosting model achieved an accuracy of 0.90. These results indicate that both models 
were able to classify the health risk levels of coffee drinkers with a high degree of accuracy. 
However, a more detailed analysis was required to examine the classification performance for each 
health risk class, particularly the Very Healthy, Healthy, and Unhealthy categories. 

Table 6.  Confusion matrix test results for the Random Forest model and Gradient Boosting 
Model Accuracy Precision Recall F1 

Random Forest 0.91 0.91 0.91 0.91 
Gradient Boosting 0.90 0.90 0.90 0.90 

 
Based on the evaluation results in Table 6, Random Forest showed slightly better overall performance 
than Gradient Boosting. The Random Forest model achieved more stable classification results across 
the three health risk classes because it combines multiple decision trees through a bagging 
mechanism, which helps reduce variance and improves robustness against data imbalance and 
overlapping feature patterns. This characteristic enables Random Forest to distinguish the Very 
Healthy, Healthy, and Unhealthy classes more consistently. 
In contrast, Gradient Boosting is more susceptible to classification errors in determining the Very 
Healthy class. This is because Gradient Boosting builds decision trees sequentially, where each new 
tree focuses on correcting the errors made by the previous trees. Although this approach can improve 
predictive performance, it also makes the model more sensitive to noisy data, outliers, and small 
differences between adjacent classes. In this study, the Very Healthy and Healthy classes may share 
similar lifestyle characteristics, such as moderate coffee consumption, adequate sleep duration, 
normal BMI, and relatively balanced physical activity. As a result, Gradient Boosting may produce 
a stricter decision boundary and misclassify some Very Healthy respondents as Healthy when their 
lifestyle indicators are close to the threshold between the two classes. 
Therefore, although both models produced high classification performance, Random Forest 
demonstrated better stability and generalization in classifying lifestyle-based health risk levels. The 
class-level comparison shown in Table 7 further confirms that Random Forest performed better in 
the Healthy class, achieving 90%, while Gradient Boosting achieved 87%. Meanwhile, both models 
achieved 95% accuracy in the Very Healthy class, indicating that both algorithms were effective at 
identifying respondents with low health risk, although Gradient Boosting remained more sensitive to 
borderline cases between the Very Healthy and Healthy categories. 

Table 7.  Comparative Results of Random Forest and Gradient Boosting Model Performance Tests 
Evaluation Metrics Random Forest Gradient Boosting 
Accuracy 0.91 0.90 
Precision (Macro Avg) 0.82 0.80 
Recall (Macro Avg) 0.88 0.86 
F1-Score (Macro Avg) 0.84 0.82 
Precision (Weighted Avg) 0.91 0.90 
Recall (Weighted Avg) 0.91 0.90 
F1-Score (Weighted Avg) 0.91 0.90 

 

Table 8.  Comparative Results of the Performance Test of the Random Forest and Gradient Boosting Models 
based on Classes 

Class Precision RF Precision GB Recall RF Recall GB F1 RF F1 GB 
Class 0 0.95 0.95 0.96 0.94 0.95 0.95 
Class 1 0.90 0.88 0.83 0.84 0.87 0.86 
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Class 2 0.60 0.57 0.86 0.81 0.71 0.67 
 
Overall, the macro average of 0.84 indicates that the model’s performance is fairly balanced across 
all classes, although there is a performance imbalance in the minority class. The weighted average 
of 0.91 indicates that the model performs very well when considering the distribution of data counts 
across each class. These results indicate that the Random Forest method provides stable and accurate 
classification performance, particularly for the majority class; however, there is still room for 
improvement in the minority class to increase precision and reduce classification errors. The 
confusion matrix plots for the performance of the Random Forest and Gradient Boosting models are 
shown in Fig. 4 and 5. 
Fig. 4 shows the confusion matrix for the Random Forest method in classifying three classes, where 
the diagonal values represent correct predictions and the off-diagonal values indicate errors. The 
model performed best on class 0 (very healthy) with 2,270 correct predictions and minimal errors, 
indicating excellent ability to recognize this class. For class 1 (healthy), there were 1,195 correct 
predictions, though misclassifications into classes 0 and 2 were still observed, indicating similarities 
in characteristics among the classes. Meanwhile, class 2 (unhealthy) had 165 correct predictions with 
some errors, likely influenced by the smaller dataset size. Overall, the model’s performance is 
considered good with 91% accuracy, as shown by the dominance of values on the main diagonal, 
although there is still room for improvement, particularly for the minority class, through data 
balancing techniques or model optimization. 
Fig. 5 shows the confusion matrix for the Gradient Boosting method, indicating that the model 
performs quite well in classifying the three classes, with the diagonal values serving as an indicator 
of correct predictions. For class 0, there were 1,120 correct predictions with a few errors in class 1, 
indicating that the model is quite accurate in recognizing this class. For class 1, 599 data points were 
classified correctly, but there were still errors in classes 0 and 2, indicating similarities in 
characteristics between classes. Meanwhile, in class 2, there were 78 correct predictions with 
relatively few errors, although some data were still predicted as class 1. Overall, the Gradient 
Boosting model demonstrated good performance with a dominance of values on the main diagonal, 
although classification errors still occurred, particularly in classes with closely related characteristics. 

 

Fig. 4. Grafik confusion Matrix model 
Random Forest 

 

Fig. 5. Grafik confusion Matrix model Gradient 
Boosting 

 

3.3. Feature Importance Analysis 
The machine learning model used in this study identified five lifestyle variables that have the greatest 
influence on determining health risk levels among coffee drinkers. These variables are the frequency 
of coffee consumption, sleep duration, sugar intake, body mass index (BMI), and physical activity. 
Among these, the frequency of coffee consumption emerged as the most influential factor, as it is 
directly associated with the amount of caffeine entering the body. Excessive coffee consumption may 
increase the risk of health problems such as hypertension, sleep disturbances, and metabolic 
disorders. Sleep duration was identified as the second most important variable because inadequate 
sleep can intensify the negative effects of caffeine while reducing the body’s ability to recover 
physiologically. In addition, sugar intake, BMI, and physical activity also play significant roles in 
shaping health outcomes, highlighting the importance of maintaining a balanced lifestyle. Overall, 



86 Mobile and Forensics   ISSN 2656-6257 
 Vol. 8, No. 2, September 2026, pp. 77-92 

 Winiarti et.al (Machine Learning-Based Lifestyle Analysis for Health Risk Detection in Coffee Drinkers) 

these findings demonstrate that the machine learning model is capable of effectively identifying the 
lifestyle factors that contribute most significantly to predicting health risk levels among coffee 
drinkers. 
Sugar intake is the next significant factor, particularly because coffee consumption is often 
accompanied by added sugar, which risks raising blood glucose levels and triggering metabolic 
diseases such as diabetes. BMI (Body Mass Index) reflects overall body condition, where an 
unhealthy BMI can increase susceptibility to various diseases. Meanwhile, physical activity serves 
as a protective factor that can mitigate the negative effects of unhealthy consumption patterns. 
Overall, these findings confirm that health risks among coffee drinkers are not solely influenced by 
coffee itself, but also result from the complex interaction of various lifestyle factors. Thus, a lifestyle 
analysis approach is highly relevant in supporting early detection and data-driven decision-making. 

3.4. Discussion 
The results showed that Random Forest provided the best performance due to its ability to handle 
nonlinear relationships between lifestyle variables. The ensemble method was also more robust 
against noise and overfitting than other methods. This finding is consistent with previous research 
that found Random Forest to be effective for lifestyle-based health risk classification. 
Furthermore, the integration of lifestyle variables into a single model enhances the ability to predict 
health risks more comprehensively. The developed system not only provides predictions but also 
educational recommendations that can be used as a data-driven early detection tool. 
Based on Tables 5 and 6, the Random Forest model performed slightly better than Gradient Boosting 
across almost all evaluation metrics. Random Forest achieved an accuracy of 0.91, higher than 
Gradient Boosting's 0.90. Furthermore, the macro-average value for Random Forest was also higher, 
indicating a more balanced classification across classes. 
In the per-class evaluation, both models performed almost the same in class 0. However, Random 
Forest had an advantage in minority classes, especially in class 2, with a recall value of 0.86 
compared to Gradient Boosting of 0.81. This indicates that Random Forest is better able to detect 
minority classes compared to Gradient Boosting. Overall, Random Forest provided more stable 
performance and was superior in handling data imbalance compared to Gradient Boosting. A 
comparison of the performance of the two models is shown in Fig. 6. 

 
Fig. 6. Comparison graph of the performance of the Random Forest and Gradient Boosting models 

The model performance comparison chart shows that Random Forest consistently outperforms 
Gradient Boosting on nearly all evaluation metrics. In terms of accuracy, Random Forest achieves a 
score of 0.92, higher than Gradient Boosting’s 0.88, indicating better overall predictive capability. 
For the precision, recall, and F1-score metrics, both on a macro scale and weighted, both models 
demonstrate relatively balanced performance; however, Random Forest remains slightly superior, 
particularly in weighted recall and F1-score, which demonstrate the model’s stability in handling 
imbalanced data distributions. 



ISSN 2656-6257              Mobile and Forensics 87 
Vol. 8, No. 2, September 2026, pp. 77-92 

 Winiarti et.al (Machine Learning-Based Lifestyle Analysis for Health Risk Detection in Coffee Drinkers) 

Nevertheless, Gradient Boosting also demonstrates competitive performance with a margin that is 
not too significant, particularly in macro recall, which is nearly equivalent. This indicates that both 
models possess good generalization capabilities, but Random Forest is more stable in classifying all 
classes evenly.  This difference in performance is likely influenced by the characteristics of the 
algorithm, with Random Forest being more robust to noise and overfitting.  
For future research, several steps can be taken to improve the model’s performance. First, conducting 
a more in-depth hyperparameter optimization, such as tuning the number of trees (n_estimators), tree 
depth, and learning rate in Gradient Boosting. Second, applying data balancing techniques such as 
SMOTE or under sampling to address class imbalance, particularly for the minority class. Third, 
adding new features or performing feature engineering to enable the model to capture more complex 
patterns. Fourth, exploring other methods such as ensemble stacking or deep learning models to 
improve accuracy. With these steps, it is hoped that future research can produce models that are more 
accurate, stable, and capable of generalizing data better. 
The confusion matrix results show that the Gradient Boosting method can deliver good classification 
performance, though there are still some limitations that need to be noted. The best performance is 
observed in class 0, which has the highest number of correct predictions, indicating that the model 
can clearly recognize patterns in this class. In class 1, although the number of correct predictions is 
quite high, misclassifications into classes 0 and 2 still occur, indicating an overlap of characteristics 
between classes, causing the model to struggle in distinguishing decision boundaries optimally. 
Meanwhile, in class 2, the model’s performance is relatively lower compared to other classes, likely 
due to the smaller amount of data (class imbalance), resulting in the model being less capable of 
learning patterns comprehensively. 
These findings indicate that data distribution and feature similarity across classes significantly 
influence model performance. Compared to other methods, such as Random Forest, Gradient 
Boosting still yields competitive results, but requires further adjustments, such as hyperparameter 
optimization, feature quality improvement, or the application of data balancing techniques (e.g., 
SMOTE) to improve accuracy, particularly for the minority class. Thus, although the model is 
already quite reliable, there is still room for development to improve classification performance more 
evenly across all classes. 

4. CONCLUSION 

Based on the test results and performance comparison between the Random Forest and Gradient 
Boosting models, it can be concluded that both models are capable of providing good classification 
performance in detecting the health risk levels of coffee drinkers. However, the Random Forest 
model demonstrated slightly better performance than Gradient Boosting, with an accuracy of 0.91, 
compared to 0.90 achieved by Gradient Boosting. The precision, recall, and F1-score values also 
indicate that Random Forest produced more stable classification results across the three health risk 
categories, namely Very Healthy, Healthy, and Unhealthy. In addition, Random Forest showed better 
capability in handling minority classes, particularly Class 2, as reflected by its higher recall value 
compared to Gradient Boosting. This indicates that Random Forest is more effective in identifying 
respondents from classes with smaller sample sizes and is better able to reduce classification errors. 
Overall, the results of the confusion matrix and classification report evaluations show that Random 
Forest can be considered the best model in this study because it provides more accurate, stable, and 
reliable performance in classifying lifestyle-based health risk levels among coffee drinkers. Beyond 
its technical performance, the developed model also has practical value as an educational tool. By 
using lifestyle indicators such as coffee consumption frequency, sugar intake, sleep duration, 
physical activity, BMI, and blood pressure, the system can help coffee drinkers understand their 
health status more easily. The classification results can provide early information about whether a 
person is categorized as Very Healthy, Healthy, or Unhealthy, allowing users to reflect on their daily 
habits and make better lifestyle decisions. Therefore, this system can support health awareness by 
encouraging coffee drinkers to balance coffee consumption with adequate sleep, controlled sugar 
intake, regular physical activity, and healthier daily routines. 
For future research, several improvements can be made to enhance model performance and practical 
implementation. First, data balancing techniques such as SMOTE or class weighting can be applied 
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to improve the classification performance of minority classes. Second, more advanced ensemble 
methods such as stacking or blending can be explored by combining Random Forest and Gradient 
Boosting to achieve more optimal results. Third, broader hyperparameter optimization using 
Bayesian Optimization or Optuna can be applied to obtain the best parameter configuration more 
efficiently. In addition, future studies may explore other algorithms, such as XGBoost, LightGBM, 
or deep learning-based models, to compare classification performance. Future development may also 
integrate the model into a web-based or mobile-based application so that coffee drinkers can 
independently input their lifestyle data and receive simple educational feedback regarding their 
health risk level. 
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