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Abstract−Smartphone display mode plays a significant role in preserving visual comfort and limiting the danger of digital eye 

strain due to prolonged use.  This work attempts to maximize the effectiveness of the Naïve Bayes algorithm to predict user display 

mode preferences based on seven visual ergonomics characteristics, including age, gender, duration of usage, dominant time, 

purpose of use, screen type, and lighting circumstances.  Data was acquired through an online poll of 283 respondents using 

convenience sample procedures.  The main challenge faced was the imbalance in the initial data class distribution, with a ratio of 

63% dark mode preference to 37% light mode, which could potentially cause prediction bias in the standard model.  To tackle this, 

a dual optimization technique was applied: the Synthetic Minority Over-sampling Technique for Nominal (SMOTEN) to balance 

the data, along with GridSearchCV to discover the appropriate hyperparameters.  The evaluation results indicated a considerable 

improvement in performance; the baseline model had an accuracy of 68.42% with a light mode recall value of 0.57, while the 

optimal model had an accuracy of 70.18% with a significant increase in recall to 0.71.  This improvement indicates that the 

integration of SMOTEN significantly decreases majority prejudice, resulting in a more sensitive and trustworthy model as a 

foundation for the creation of adaptive interfaces directed towards visual health. 
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1. INTRODUCTION 

Smartphone use is increasing in various daily activities, and this has an impact on the visual health of users [1]. 

Exposure to blue light and high screen brightness levels cause eye fatigue, especially when users are in low-light 

conditions [2]. Light and dark display modes were developed to reduce the visual strain caused by excessive screen 

light. This feature is an important part of visual ergonomics because it can adjust light intensity to the user's 

environmental conditions [3]. Display modes affect the visual perception of smartphone users. Dark mode can reduce 

the intensity of light entering the retina in low-light conditions [4]. Light mode still provides good readability when 

users are in bright environments because the contrast between text and background increases [5]. This condition shows 

that visual comfort depends on the suitability between the display mode and the actual lighting [6]. Factors such as 

ambient lighting, interface background color, and color composition affect the user's comfort level [7]. Previous 

studies have found that differences in interface design on Android and iOS result in varying visual experiences [8]. 

Variations in user eye conditions also affect comfort because sensitivity to light and contrast differs between 

individuals. Users with certain visual conditions are more prone to fatigue when the display does not suit their visual 

needs. These variations in visual ability result in different display mode preferences for each user [9]. Technical 

aspects of the interface also affect the visual experience. The spatial layout and color mapping of icons can increase 

visual search speed and navigation accuracy. A disproportionate interface design can increase cognitive load and 

reduce comfort [10]. Users need time to adapt to contrast changes to reduce the likelihood of eye fatigue [11]. Age 

and duration of smartphone use also influence display mode preferences. Older users more often choose light mode 

for readability. Users with long usage durations tend to choose dark mode to reduce glare [12]. 

Visual preferences are not only influenced by physiological aspects. Aesthetic preferences and emotional 

factors also play an important role. Users assess display modes based on comfort, suitability of the display to the 

context, and aesthetic preferences. This condition makes predicting display mode preferences complex because it 

involves visual, emotional, and contextual dimensions simultaneously [13]. A data-driven approach is needed to 

comprehensively understand visual ergonomics preference patterns. The Naïve Bayes algorithm can be used to predict 

display mode choices based on contextual factors such as lighting, duration of use, and screen type [14]. Previous 

research shows that Naïve Bayes is capable of processing categorical and text data well, so it is often used in sentiment 

analysis [15]. Another study proves that model accuracy increases after synthetic oversampling is performed on 

minority classes [16]. Naïve Bayes works efficiently on large data and can handle unbalanced data, but its performance 

is highly dependent on class proportions [17]. In the field of education, this method shows good predictive 

performance when processed using appropriate data processing techniques [18]. 

Class imbalance is a significant problem in Naïve Bayes-based prediction models for display mode preference 

data. Imbalance causes the model to predict the majority class more often and ignore minority patterns. This condition 

reduces performance, especially in the recall metric, which is important to ensure that the model is able to recognize 

rarely occurring class preferences. Synthetic oversampling techniques such as SMOTEN are used to overcome this 

problem by adding minority class representations based on patterns similar to the original data [16]. The urgency of 

addressing imbalance is high because visual ergonomics preference data often shows dominance in one display mode. 
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Users tend to consistently choose a particular mode, resulting in an unbalanced class distribution. This condition 

makes Naïve Bayes optimization through oversampling a key requirement for improving prediction performance. 

Previous studies have extensively examined the relationship between display modes and visual comfort. 

However, research combining predictive approaches with data optimization techniques to produce more accurate 

visual preference models is still limited [14]. Most studies still assess physiological or perceptual aspects without 

integrating them into adaptive machine learning models [13]. This opens up opportunities to develop predictive 

models capable of recognizing preference patterns by considering visual and contextual factors simultaneously. This 

study aims to optimize the Naïve Bayes algorithm to predict display mode preferences based on contextual variables 

such as lighting, duration of use, and device characteristics. This study also emphasizes class imbalance handling to 

improve model performance on recall metrics through the application of synthetic oversampling techniques. 

The contributions of this research include the development of a more accurate visual ergonomics preference 

prediction model using Naïve Bayes optimization. This research also provides an approach to handling imbalance in 

display preference data through synthetic oversampling, which improves the model's ability to recognize patterns in 

minority classes. This approach forms the basis for an adaptive interface system that can automatically adjust the 

display mode to improve visual comfort for users. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages 

The study stages were established systematically to provide a logical and replicable approach, as depicted in Figure 

1. 

 

Figure 1. Research Process Flow 

2.2 Data Collection 

The initial stage of the research was the collecting of primary data through the dissemination of online questionnaires 

utilizing the Google Forms platform.  The study used a non-probability sampling method, specifically a combination 

of purposive and convenience sampling.  The questionnaire was given to people who satisfied the requirements for 

inclusion: they were active smartphone users and understood how display modes worked.  After this process, we got 

data from 283 genuine respondents, which was then prepared for analysis.  

It's important to recognize the inherent limits of online surveys and convenience sampling. These methods can 

introduce selection bias, which means the group of people surveyed might be skewed towards those in their working 

years or those who are comfortable with technology.  Therefore, the interpretation of this study's conclusions centers 

on the specific characteristics of the sample studied, and these findings shouldn't be automatically applied to other 

smartphone users. Furthermore, the obtained questionnaire data was categorized into eight primary factors. These 

included seven independent variables, which are traits that might affect one dependent variable, the target.  Table 1 

provides a detailed description of the operational definitions and measurement methods used for each variable. 

Table 1. Operational Definitions and Measurement of Variables 

Variable Role Data Type Category/Measurement Scale 

Age Features (X1) Categorical 

< 20 Age 

21 – 25 Age 

26 – 30 Age 

> 30 Age 

Gender Features (X2) Categorical 
Male 

Female  

Duration of Use Features (X3) Categorical 
Less than 3 hours  

Between 3 – 6 hours 
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Variable Role Data Type Category/Measurement Scale 

More than 6 hours 

Dominant Time Features (X4) Categorical 

Morning (6:00 a.m. – 12:00 p.m.) 

Afternoon – Evening (12:00 p.m. – 6:00 p.m.) 

Evening (6:00 p.m. – 12:00 a.m.) 

Early morning (12:00 a.m. – 6:00 a.m.) 

Primary Objective Features (X5) Categorical 

Communication 

Social Media and Entertainment 

Gaming  

Screen Type Features (X6) Categorical 

AMOLED / OLED / Super AMOLED 

IPS LCD / LCD 

Don't know / unsure 

Light Conditions Features (X7) Categorical 

Bright room / Daytime outdoors 

Dimly lit room 

The room is very dark (e.g., before going to sleep) 

Preference Mode Target (y) Categorical 
Dark Mode 

Light Mode 

2.3 Data Pre-processing 

After collecting the main data, it undergoes pre-processing to verify its quality and preparation for the modeling stage.  

The approach involves cleaning the data to remove extraneous entries, along with transforming features using the 

Label Encoding method.  During this transformation, each unique category inside the feature is changed into distinct 

integer values, such as 0, 1, 2, and so on.  To ensure the accuracy of the data's meaning, coding is applied using a 

specified method.  For ordinal features, like age and how long something has been used, we utilize numbers to show 

the order of the different levels.  In contrast, the Categorical Naive Bayes algorithm helps reduce the possibility of 

ordering bias when dealing with nominal features that don't have a natural order.  Unlike standard methods that treat 

numbers as continuous data, this algorithm is designed to treat integer inputs as separate categories. It doesn't consider 

the size or distance between values, which helps to maintain the data structure's integrity during classification. 

2.4 Data Distribution 

After the data was cleaned (n=283), it was separated into two groups: Training Data and Test Data.  The split was set 

at 80% for Training Data, which amounted to 226 samples, and 20% for Test Data, totaling 57 samples.  The model 

was trained using the training data. In contrast, the test data, which the model hadn't seen previously, was kept separate 

to objectively evaluate the model's performance. 

2.5 Modeling and Optimization 

At this stage, a comparison modeling strategy was used, which involved creating two alternative Naïve Bayes models: 

the baseline model and the optimal model.  The Naïve Bayes Baseline model is the first one, serving as a starting point 

for comparison.  The model uses the standard Categorical Naïve Bayes technique, and it was trained directly on the 

original training data, which had 226 samples.  Because of the class imbalance between the "Dark Mode" and "Light 

Mode" categories, this model serves as the basic starting point, without any optimization.  The second model, Naïve 

Bayes Optimal, is generated by a series of optimization methods using the same training data.  The initial step in the 

optimization process is using the Synthetic Minority Oversampling Technique for Nominal (SMOTEN).  This method 

seeks to reduce class imbalance by increasing the number of instances in the less-represented class. This creates a 

more balanced training dataset, resulting in a total of 290 samples.  After the training data were balanced, the 

optimization stage continued using the GridSearchCV approach.  Using this method, the best alpha hyperparameter 

value was systematically found, which led to the most effective configuration for the Naïve Bayes model.  After these 

two optimization steps, we created an Optimal Naïve Bayes Model. This model was trained using balanced training 

data (n=290) and the best alpha value found by GridSearchCV.  The model is predicted to deliver better classification 

performance than the original baseline model. 

2.6 Model Evaluation 

Evaluating a model is a crucial step in determining how well the algorithm can accurately anticipate data it hasn't seen 

before.  To provide for a fair comparison of performance, this study evaluated the original test data (n = 57) for both 

the baseline and the best models.  The goal of this stage is to assess if the best model demonstrates better performance, 

especially in identifying minority classes, which are commonly neglected in datasets with uneven distributions.  The 

evaluation used essential metrics: the Confusion Matrix, Accuracy, Precision, Recall, and the F1-Score. 

a. Confusion Matrix 

A confusion matrix is a tabular representation of classification results that describes the relationship between actual 

labels and model predictions, consisting of four main components, namely True Positive (TP), True Negative 

(TN), False Positive (FP), and False Negative (FN) [19]. 
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This matrix forms the basis for calculating all other metrics. According to Rahman and Irwiensyah [20], the use 

of a Confusion Matrix can reveal model errors in each class specifically, allowing for a more in-depth evaluation. 

b. Accuracy 

Accuracy measures the extent to which the model successfully makes correct predictions across the entire dataset. 

The accuracy formula is given as follows [19], [21] 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (1) 

A high accuracy score indicates the model's ability to classify data correctly in general. However, in the context 

of imbalanced data, accuracy alone is not sufficient to describe the overall performance of the model. 

c. Precision 

Precision measures how accurately the model identifies positive classes correctly. The precision formula is 

expressed as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 

According to Sasongko and Hilda [21], this metric is very important for cases that are sensitive to positive errors, 

such as sentiment analysis or spam detection, because it only takes into account correct positive predictions from 

all positive predictions made by the model. 

d. Recall 

Recall, also known as Sensitivity or True Positive Rate, measures the extent to which the model is able to find all 

data that is truly positive. The formula for recall is [22] 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

A high recall value indicates the model's ability to capture all positive data, which is crucial in research with 

unbalanced data distribution such as public opinion classification [20]. 

e. F-1 Score 

F1-Score is used to balance Precision and Recall, especially when there is a large difference between the two. The 

F1-Score formula is expressed as follows [19], [21]:  

𝐹 − 1 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

This metric provides a fairer view in evaluating model performance on data with an unbalanced class distribution. 

Fadhlur Rahman and Irwiensyah [20] emphasize that F1-Score is the main indicator in determining classification 

performance balance. 

f. Bayes' Theorem as the Basis of Algorithms 

All of the above model evaluations are based on the Naïve Bayes algorithm, which works by applying Bayes' 

theorem to calculate the probability of a class based on observed features. The basic equation is written as follows: 

𝑃(𝐶|𝑋) =
𝑃(𝐶|𝑋)×𝑃(𝐶)

𝑃(𝑋)
 (5) 

This model calculates the probability of data falling into a particular class by looking at the relationship between 

features and classes. P(C|X) shows the probability of data being in class C based on its feature X. P(X|C) describes 

the probability of feature X appearing in class C. P(C) provides information about the initial probability of a class 

before looking at any features. P(X) explains the overall probability of the observed features. This theorem allows 

the model to determine the class with the highest probability. It also supports the calculations used to construct the 

Confusion Matrix and generate related performance metrics. The same probability structure helps the model 

evaluate the accuracy of predictions for each class [19]. 

2.7 Comparison of Results and Conclusions 

The final stage is Comparison of Results. The performance of the Baseline Model (trained on unbalanced data) and 

the Optimal Model (trained on balanced and optimized data) is compared directly. This comparative analysis is used 

to draw research conclusions, namely to determine whether the optimization process (SMOTEN and GridSearchCV) 

has succeeded in significantly improving the performance of the Naïve Bayes model. 

3. RESULTS AND DISCUSSION 

3.1 Data Collection 

The initial stage of the research process is data collection. The data used in this study is primary data obtained from 

an online questionnaire (Google Forms) distributed through social media. Data collection was carried out using 

convenience sampling and purposive sampling techniques targeting active smartphone users. From this process, 283 

valid and complete respondent data were collected. The first finding, presented in Figure 2, is an analysis of the main 
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reasons respondents chose their mode preferences. The results clearly show that visual ergonomics is the dominant 

driver. The majority of respondents, with a combined total of 99.9 percent, chose their preferences based on the reasons 

“The display feels more comfortable and is not glaring” (43.1%) or “Reduces eye fatigue/strain” (30%). Other factors 

such as “Display aesthetics” (16.6%) and “Battery life” (10.2%) were secondary considerations. The discussion of 

these findings is that the initial hypothesis of the study, which stated visual ergonomics as a key factor, was confirmed 

by the primary data. Users consciously prioritize eye comfort over aesthetic factors or battery functionality. 

 

Figure 2. Distribution of Main Reasons Respondents Chose Display Mode 

The second finding is a direct comparison of comfort and health perceptions, visualized in Figure 3. This data 

provides quantitative justification for the preferences reported in Figure 2. The results show a consistent advantage 

for Dark Mode in both ergonomic aspects. The average scores (scale of 1-5) for “Dark Mode Comfort” (3.65) and 

“Dark Mode Eye Health” (3.59) were significantly higher than the scores for “Light Mode Comfort” (3.14) and “Light 

Mode Eye Health” (2.99). The discussion of these findings is that user perception data reinforces the main reason data. 

The moderate advantage of Dark Mode (score ~3.6 vs ~3.1) indicates that although Dark Mode is preferred, this 

preference is not absolute. The clear preference bias in this data also implies that the dataset to be used for modeling 

is likely to be imbalanced, a challenge that must be addressed in the method implementation stage. 

 

Figure 3. Comparison of Average Visual Ergonomics Perception Scores 

3.2 Data Pre-processing 

The raw data from the questionnaire, which included 283 responses, requires preprocessing before machine learning 

algorithms can be used on it.  Converting qualitative data into a format the model can use is a crucial step.  Data 

cleaning is the initial step. This involves stripping away administrative columns that won't be useful for modeling, 

like timestamps and approval records.  Data Transformation is the next step. In this stage, the Likert scale responses, 

which are still in text format (such "5 (Strongly Agree)"), are cleaned and changed into numerical values, namely the 

number 5.  Label encoding is the third, and most important, procedure.  The Naïve Bayes method, which is based on 

mathematical principles, cannot directly analyze text data, such as strings.  Therefore, all categorical data, including 

age, gender, how long the system is used, the most used time, the main purpose, the type of screen, and the 

illumination, as well as the target data (mode choice), are translated into numerical values.  For example, the age 

feature is represented by the following mappings: "< 20 Years" is coded as 0, "21-25 Years" as 1, and so on.  In this 

context, "Dark Mode" is represented by the value 0, whereas "Light Mode" is represented by the value 1.  Table 2 

shows the consequences of this change. 
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Table 2. Example of Pre-Processed Data Results (Label Encoding) 

age (text) 
dominant_time 

(text) 

preference_mode 

(text) 
age (numeric) 

dominant_time 

(numeric) 

preference_mode 

(numeric) 

21 – 25 Age 
Evening (6:00 

p.m. – 12:00 a.m.) 
Dark Mode 1 2 0 

< 20 Age 

Afternoon – 

Evening (12:00 

p.m. – 6:00 p.m.) 

Light Mode 0 1 1 

26 – 30 Age 
Morning (6:00 

a.m. – 12:00 p.m.) 
Dark Mode 2 0 0 

3.3 Data Sharing 

The cleaned dataset, with 283 entries, was divided into two parts: 80% for training (226 entries) and 20% for testing 

(57 entries).  The analysis of the test data shows a class imbalance. The Dark Mode preference is the most common, 

making up 63% of the data (36 samples out of 57 total). In contrast, the Light Mode preference is less common, at 

37% (21 samples out of 57 total).  Therefore, the split was done using the stratification method, which helped maintain 

these proportions consistently in both groups.  A prediction model was built using the training data. The test data was 

then used to evaluate how well the model performed on new data that the system hadn't seen before.  Table 3 provides 

a detailed look at the division's structure.  

Table 3. Dataset Distribution 

Data Type Proportion Number of Samples 

Training Data 80% 226 

Test Data 20% 57 

Total 100% 283 

3.4 Modeling and Optimization 

The modeling stage was carried out using two approaches: the Naïve Bayes Baseline Model and the Naïve Bayes 

Optimal Model. The Baseline Model was built with the original training data (n=226) without class balancing. The 

Optimal Model was developed through two optimization steps. First, the SMOTEN technique was applied to balance 

the training data, resulting in 290 samples with a balanced class distribution. Second, the process of searching for the 

best alpha hyperparameter was carried out with GridSearchCV, and the optimal value found was alpha=0.001. 

3.5 Model Evaluation 

The model evaluation stage aims to assess the performance level of the Naïve Bayes algorithm in predicting user 

display mode preferences based on test data that the model has never seen before. The evaluation was conducted on 

two model versions, namely Model 1 (Baseline) and Model 2 (Optimal). The Baseline Model was built using the 

original training data without class balancing, while the Optimal Model was the result of applying the Synthetic 

Minority Oversampling Technique for Nominal (SMOTEN) and adjusting the alpha (α) hyperparameter using 

GridSearchCV. 

The testing was conducted using 57 test data samples, consisting of 36 Dark Mode user data and 21 Light Mode 

user data. This evaluation process produced several key metrics, namely Accuracy, Precision, Recall, and F1-Score, 

all of which were derived from the Confusion Matrix of each model. 

The Confusion Matrix serves as the basis for calculating the performance per class (Dark Mode and Light 

Mode), so that it can be determined how well the model recognizes each category. The values from the Confusion 

Matrix are then summarized in a Classification Report, which facilitates comparison of the performance between the 

two models. Thus, this stage not only assesses overall accuracy, but also measures the model's ability to recognize 

majority and minority classes in a balanced manner. 

a. Explanation of Metric Calculations 

1. Baseline Model  
The performance of Model 1 (Baseline) was calculated based on the results of the Confusion Matrix on test 

data consisting of 57 samples, comprising 36 Dark Mode class data and 21 Light Mode class data. The recall 

value for Dark Mode was 0.75, resulting in the number of true predictions (TP) for the Dark Mode class 

being: 

𝑇𝑃𝑑𝑎𝑟𝑘 = 0.75 × 36 = 27 

The overall accuracy of the model was reported to be 68.42%, equivalent to 39 correct predictions out of 57 

test data. Thus, the number of correct predictions for the Bright Mode class can be obtained by: 

𝑇𝑃𝑙𝑖𝑔ℎ𝑡 = 39 − 27 = 12 

https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v7i3.8665
https://creativecommons.org/licenses/by/4.0/


Building of Informatics, Technology and Science (BITS)  
Volume 7, No 3, December 2025 Page: 1910−1919 
ISSN 2684-8910 (media cetak) 
ISSN 2685-3310 (media online) 
DOI 10.47065/bits.v7i3.8665   

Copyright © 2025 Author, Page 1916  
This Journal is licensed under a Creative Commons Attribution 4.0 International License 

Thus, the total correct predictions (TP) are 27 for Dark Mode and 12 for Light Mode. Based on this, the 

accuracy of the Baseline Model is calculated as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃𝑑𝑎𝑟𝑘+𝑇𝑃𝑙𝑖𝑔ℎ𝑡

𝑁
=

27+12

57
=

39

57
= 0.6842 (68.42%)  

The Baseline Model Confusion Matrix values are presented as follows: 

Table 4. Baseline Model Confusion Matrix 

Actual / Prediction Dark Mode Light Mode 

Dark Mode (n=36) 27 9 

Light Mode (n=21) 9 12 

2. Optimal Model 

The performance of Model 2 (Optimal) reported in Table 2 is based on the calculation of metrics from the 

Confusion Matrix (Table 3). Accuracy, which measures the ratio of total correct predictions (TP + TN) to the 

total test data (N), is calculated as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃𝑑𝑎𝑟𝑘+𝑇𝑃𝑙𝑖𝑔ℎ𝑡

𝑁
=

25+15

57
=

40

57
= 0.7018 (70.18%)  

The Optimal Model Confusion Matrix values are presented as follows: 

Table 5. Optimal Model Confusion Matrix 

Actual / Prediction Dark Mode Light Mode 

Dark Mode (n=36) 25 11 

Light Mode (n=21) 6 15 

3. Comparison of Classification Reports (Baseline vs. Optimal) 

The results of the model performance evaluation on the test data are summarized in Table 6. This table 

compares the Precision, Recall, and F1-Score values between the Baseline Model and the Optimal Model to 

provide a comprehensive overview of the improvement in classification performance achieved. 

Table 6. Classification Reports (Baseline vs. Optimal) 

Model  Class Precision Recall  F1-Score Support  

Model 1 (Baseline) Dark Mode 0.75 0.75 0.75 36 

Light Mode 0.57 0.57 0.57 21 

Accuracy 0.68 57 

Model 2 (Optimal) Dark Mode 0.81 0.69 0.75 36 

Light Mode 0.58 0.71 0.64 21 

Accuracy 0.70 57 

Model 1 (Baseline): 

The precision values generated from the above matrix are: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝐷𝑎𝑟𝑘 𝑀𝑜𝑑𝑒 =
27

27+9
= 0.75  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝐿𝑖𝑔ℎ𝑡 𝑀𝑜𝑑𝑒 =
12

12+9
= 0.57  

The recall values generated from the above matrix are: 

𝑅𝑒𝑐𝑎𝑙𝑙 𝐷𝑎𝑟𝑘 𝑀𝑜𝑑𝑒 =
27

36
= 0.75  

𝑅𝑒𝑐𝑎𝑙𝑙 𝐿𝑖𝑔ℎ𝑡 𝑀𝑜𝑑𝑒 =
12

21
= 0.57  

The F-1 Score values generated from the above matrix are: 

𝐹 − 1 𝑆𝑐𝑜𝑟𝑒 𝐷𝑎𝑟𝑘 𝑀𝑜𝑑𝑒 = 2 ×
0.75×0.75

0.75+0.75
= 0.75  

𝐹 − 1 𝑆𝑐𝑜𝑟𝑒 𝐿𝑖𝑔ℎ𝑡 𝑀𝑜𝑑𝑒 = 2 ×
0.57×0.57

0.57+0.57
= 0.57  

The Support value shows the amount of actual data in each class, namely: 

Dark Mode Support = 36 

Light Mode Support = 21 

Model 2 (Optimal): 

The precision values generated from the above matrix are: 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝐷𝑎𝑟𝑘 𝑀𝑜𝑑𝑒 =
25

25+6
= 0.81  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝐿𝑖𝑔ℎ𝑡 𝑀𝑜𝑑𝑒 =
15

15+11
= 0.58  

The recall values generated from the above matrix are: 

𝑅𝑒𝑐𝑎𝑙𝑙 𝐷𝑎𝑟𝑘 𝑀𝑜𝑑𝑒 =
25

36
= 0.69  

𝑅𝑒𝑐𝑎𝑙𝑙 𝐿𝑖𝑔ℎ𝑡 𝑀𝑜𝑑𝑒 =
15

21
= 0.71  

The F-1 Score values generated from the above matrix are: 

𝐹 − 1 𝑆𝑐𝑜𝑟𝑒 𝐷𝑎𝑟𝑘 𝑀𝑜𝑑𝑒 = 2 ×
0.81×0.69

0.81+0.69
= 0.75  

𝐹 − 1 𝑆𝑐𝑜𝑟𝑒 𝐿𝑖𝑔ℎ𝑡 𝑀𝑜𝑑𝑒 = 2 ×
0.58×0.71

0.58+0.71
= 0.64  

The Support value shows the amount of actual data in each class, namely: 

Dark Mode Support = 36 

Light Mode Support = 21 

3.6 Discussion of Results 

This research endeavors to assess the efficacy of the Naïve Bayes algorithm in forecasting smartphone display mode 

preferences, grounded in visual ergonomics principles, while also evaluating the influence of model optimization via 

a combination of Synthetic Minority Over-sampling Technique for Nominal (SMOTEN) and GridSearchCV.  The 

first testing findings reveal that the base model achieves an accuracy of 68.42%. However, it has a low recall of 0.57 

for the minority class, which is the light mode.  The model's performance suggests that it failed to identify over half 

of the real user data that preferred light mode. As a result, the model tends to classify the data as belonging to the 

majority class, which is dark mode.  This trend is a common indication of class imbalance. When the data is unevenly 

distributed, the model tends to focus on the dominant class, which might lead to the minority class's features being 

ignored. 

The research dataset's class imbalance was produced by the large number of participants who preferred dark 

mode, which made light mode users a smaller group.  This situation produces bias in the learning process of Naïve 

Bayes probability parameters. These parameters are heavily influenced by how often features appear in each class, 

represented as P(X|C).  The absence of data representation inside certain classes introduces instability into probability 

estimates; this can even lead to the generation of probabilities approximating 0 for infrequent feature combinations. 

Consequently, the model's capacity to identify users who favor light mode is diminished.  To solve this challenge, the 

use of SMOTEN has proven to be an effective approach.  Unlike regular SMOTE, which works with numerical data, 

SMOTEN is specifically built to handle categorical data. This includes screen kind, how long the screen is used, and 

the main lighting conditions, as used in this study.  This method creates new examples for less common classes by 

looking at how similar the examples are in the original feature space.  By including synthetic representations of light 

mode in the training data, the model has a broader range of patterns to learn from.  Therefore, this approach leads in 

conditional probability estimates that are more stable and representative.  After oversampling, the training dataset 

becomes balanced, which directly improves the model's sensitivity. 

In addition to balancing the data, using GridSearchCV to optimize model parameters was crucial for finding 

the appropriate alpha value for Laplace smoothing.  The GridSearchCV process found that the best alpha value was 

0.001.  This tiny value suggests that the oversampled data distribution is adequately informative and representative, 

thereby eliminating the need for extensive smoothing to avoid zero probability.  Combining data balancing with 

parameter adjustment proved useful in enhancing how well the model learned.  As a result, the optimization improved 

the model's performance, achieving an overall accuracy of 70.18% and a light mode class recall of 0.71.  As a result, 

the model can now identify 71% of users who favor light mode, a huge gain above its initial ability to identify only 

57%.  In a predictive system designed for visual comfort, the ability to correctly identify this less common group is 

regarded more important than just improving overall accuracy.  If a model's main strategy is to predict the most 

common outcome, its accuracy can be misleading. In contrast, a high recall score suggests that the system is better at 

including and addressing the requirements of user groups that were previously underrepresented. 

Further study of the model's probability shows that Age, Dominant Time of Use, and Primary Purpose are the 

most important factors for identifying user preferences, more so than technical features like Screen Type.  The 

observed probability distributions suggest that users in older age groups are more likely to choose light mode. This 

could be because their visual systems require different contrast settings, which is likely owing to reduced eye 

accommodation.  In contrast, the amount of time spent using the device at night constantly increases the likelihood of 
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the dark mode class. This aligns with the visual ergonomics principle, which aims to eliminate glare in low-light 

environments.  The results demonstrate that the Naïve Bayes model successfully identifies behavioral and 

demographic patterns as important predictors, even though the assumption of feature independence is a theoretical 

constraint.  A careful look at the metric change shows that, although though recall improved in the light mode class, 

it somewhat declined in the dark mode class. However, this was accompanied by a rise in precision.  As a result, the 

model's predictions of dark mode were more conservative, which reduced the number of incorrect predictions of dark 

mode when it should have been light mode. 

The ability to move decision boundaries is beneficial in practice. This is because the most annoying error for 

users happens when the system doesn't identify the need for a bright mode and instead uses a dark display when it's 

not suitable.  The external validity of these findings also needs to be considered.  Using purposive and convenience 

sampling, we gathered data from 283 participants. This group was mostly similar in terms of their demographics, 

particularly their age and their comfort with technology.  Therefore, we should be careful when applying these findings 

to a broader group, such as older adults or people new to technology who use devices with varied screen sizes.  

Moreover, the data's subjective nature, which comes via questionnaire responses, increases the risk of response bias 

when contrasted to objective measures utilizing biometric sensors.  However, this model shows promise for a 

lightweight implementation on the device side, making it a good first step toward an adaptive interface system.  This 

study shows that the problem of data imbalance in predicting visual ergonomic preferences may be efficiently solved 

by using the SMOTEN and GridSearchCV methods.  The optimization outcomes not only enhance statistical measures 

but also advance the model's primary objective: to construct an interface system capable of more precisely interpreting 

and adjusting to users' visual comfort requirements, including crucial elements like age and the temporal context of 

usage. 

4. CONCLUSION 

The study's results indicate that the Naïve Bayes algorithm is good in predicting preferred smartphone display modes. 

This suggests that a data-driven approach can be useful for improving visual ergonomics.  Data analysis constantly 

shows that visual comfort and reduced eye strain are the main elements affecting user choices, beyond solely aesthetic 

concerns.  Although the initial model had an accuracy of 68.42%, which was limited by an uneven distribution of 

classes, using optimization methods, including SMOTEN for categorical data and GridSearchCV, led to a notable 

improvement, raising the accuracy to 70.18%.  The most important outcome was a considerable increase in the recall 

of the minority class (bright mode), which rose from 0.57 to 0.71.  The increased sensitivity has crucial practical 

effects on interface design. If a system doesn't correctly identify users' light mode preferences, it could lead to displays 

that don't fit users' visual needs. This could then reduce the overall quality of using the device.  Therefore, the improved 

model offers a better balance in meeting the different demands of users.  Considering the constraints inherent in studies 

dependent on subjective perception data and a homogenous purposive sample, subsequent investigations are warranted 

to corroborate these results. This validation should incorporate objective data derived from real-time environmental 

light intensity (lux) sensors. Furthermore, the exploration of alternative algorithms, including Random Forest, is 

suggested to facilitate the capture of more intricate feature interaction patterns, thereby enhancing model 

generalization across a wider demographic.  
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