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Introduction 

Competition in the world of marketing and sales is getting tighter along with the situation. Thus, entrepreneurs 

compete to improve established businesses by utilizing technological devices so that their companies continue to grow 

in the face of increasingly tight competition. Efforts to develop technology continue, including how to save air 

conditioning energy [1]. Managers must be able to identify the status of goods that are cheaper and know what their 

purchase history is like. Many brands may not match the buyer's desires. There are many brands of Air Conditioner 

products on the market with various specifications. In this case, an appropriate algorithmic method is needed that can 

be applied to determine the direction of favourite product choices. In the field of software development, it is one of 

the elements that causes the creation of a learning method to draw conclusions quickly and effectively. In principle, 

business intelligence is used to handle large amounts of data such as storing, obtaining, modifying, and displaying 

statistics [2]. It is capable of providing excellent and reliable information. It is critical for corporate policies to become 

more resilient. A prediction or estimation approach is one of the strategies needed to solve this challenge accurately 

[3], [4]. 

Competition in the global market is intensifying, forcing entrepreneurs to continuously improve their established 

businesses. This high-pressure environment necessitates the strategic use of technological devices to ensure companies 

remain competitive and continue to grow. These development efforts cover various critical areas, including energy 
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Abstract 

The determination of product status such as the best seller predicate for Air Conditioning products is a fundamental sales 

promotion strategy. Leveraging machine learning to analyze sales data is essential for maximizing business progress and market 

positioning within the modern electronics industry. This study aims to evaluate and compare the performance and accuracy of 

Naïve Bayes (NB) classification models in determining AC product status. The goal is to identify the most effective variant among 

BernoulliNB, GaussianNB, and MultinomialNB for this specific application. A quantitative comparative analysis was conducted 

using various data record sizes. The primary features analyzed included brand, inverter type, electrical power cooling capacity, 

address, price, and sales status. In the first scenario, testing across varying data record sizes revealed that the MultinomialNB 

variant achieved the highest average accuracy at 85.39 percent. In the second scenario, using the full dataset with an 80% training 

data split without cross-validation, the Naïve Bayes algorithm as a whole demonstrated robust classification ability, reaching a 

peak prediction accuracy of 99.312 percent. This peak performance significantly outperformed alternative methods such as SVM 

and KNeighbors Classifier within those specified parameters. This performance significantly outperformed alternative methods 

such as SVM and KNeighbors Classifier within the specified parameters. The study concludes that the Naïve Bayes model is 

highly effective for product status classification in the electronics industry. The MultinomialNB variant is identified as the most 

consistently reliable model for these specific datasets. Future research should consider incorporating cross-validation techniques 

to further validate model stability across more diverse data environments. 
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efficiency, such as how to conserve air conditioning energy. Managers, therefore, need effective tools to identify 

which products are performing well (or are more cost-effective) and to understand their historical purchase patterns. 

In a saturated market, consumers face a challenge: many available brands may not meet their specific needs or desires. 

Especially when dealing with complex items like Air Conditioners that feature numerous specifications, buyers must 

be able to determine which company's product features best align with their needs. This situation highlights the critical 

need for an appropriate algorithmic method that can be applied to accurately determine customer product preferences. 

This is where Business Intelligence (BI) and machine learning methods become essential. BI systems are used to 

efficiently handle large amounts of data, encompassing storage, retrieval, modification, and statistical analysis, thus 

providing excellent and reliable information for management. This capability is crucial for making corporate policies 

more resilient. Consequently, employing an accurate prediction or estimation approach is a vital strategy needed to 

effectively solve this challenge. 

Previous research results state that the most sold AC indicators are determined based on their brands [5], [6]. It 

predicts the sales of best-selling products using a decision tree method that can be grouped according to the level of 

certainty. Several studies have also been conducted related to Air Conditioning (AC) in the field of business 

intelligence monitoring [7], [8], [9]. The methods used include DNN (Deep Neural Network) [10], ANN (Artificial 

Neural Network)[11], Deep Reinforcement Learning [12], and Meta Ensemble Learning [13]. Furthermore, other 

research states that the apriori algorithm can be used to find knowledge about the relatedness of products ordered by 

customers. The resulting learning is how a product is related to another product with 41.67% support and 83.33% 

certainty. The application of data mining to predict the number of best-selling products can use the Naive Bayes 

Algorithm. The accuracy of the classification model using confusion matrix obtained 83.3%, precision 84.2% and 

recall 88.9%. The proposed approach is the Naive Bayes methodology which can classify the product purchasing 

patterns. The use of Naïve Bayes variations is often used in several cases [14]. It is also considered an effective and 

superior advanced machine-learning algorithm [15]. However, it is still necessary to improve the accuracy of naïve 

Bayes classification based on the type of method. There are several methods in the Naive Bayes algorithm including 

the Bernoullin method, Gaussian method, and Multinominal method. Therefore, it is necessary to compare several of 

these methods to determine the model's accuracy level. All three Naive Bayes algorithms have their advantages and 

limitations. By understanding the differences between them, choosing the most appropriate method is necessary.  

While several studies have extensively applied the Naïve Bayes algorithm for general product classification 

and customer pattern analysis [16], [17], most existing literature evaluates the algorithm as a single entity or contrasts 

it broadly against alternative machine learning models. In the domain of business intelligence and product 

recommendation, research exploring the granular performance of distinct Naïve Bayes mathematical distributions 

remains limited [18], [19]. This study addresses this gap by providing a comprehensive comparative analysis of three 

primary Naïve Bayes variants namely Bernoulli, Gaussian, and Multinomial specifically tailored for electronic product 

sales data. The scientific contribution of this research lies in its empirical evaluation of how these specific variants 

handle highly heterogeneous retail features, including continuous numerical data such as price and cooling capacity 

paired with categorical and geographical attributes like brand, inverter types, and customer addresses. By 

systematically identifying which probability distribution aligns best with mixed attribute sales datasets, this study 

establishes a more refined and computationally efficient predictive foundation for managers to optimize inventory 

positioning and data driven promotion strategies in the modern electronics industry. 

Method  

A. Product Specification Variations 

The use of air conditioning is often found in tropical areas which are known for their hot climate. Many people 

need a suitable temperature and air quality to work well in certain circumstances [20]. In general, it is 20-25 ° C and 

humidity 40-60%. Heating, humidity, mobility, and breath purity all contribute to the thermal environment of a room. 

Green products have a significant effect on air conditioning usage [21]. There are even studies controlling the use of 

air conditioning and heating for room comfort [22]. There are several assessments of quality Air Conditioning such 

as watt size, specifications, soundproofing, warranty, passing international standards, ACs with machine covers, anti-

leakage on the indoor unit, and ACs with LED indicator panels.  
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B. Operational Optimization and Thermal Comfort 

The technical aspects of determining AC operation are heavily influenced by environmental variables and human 

behavior. Aibin (2020) demonstrated that integrating real-time weather data with smart thermostats can reduce AC 

operational duration by up to four times without compromising comfort. This aligns with findings by Malik et al. 

(2022), who explored using fans to raise the temperature threshold for AC activation, significantly reducing energy 

consumption and greenhouse gas emissions. Regarding automated classification, the use of complex variables such 

as human facial expressions via Deep Reinforcement Learning and thermal comfort prediction using Artificial Neural 

Networks serve as critical foundations for determining when an AC system should be active or adjust its settings. 

C. Service Perspective and Customer Satisfaction 

Beyond technical aspects, the sustainability of AC usage is determined by service quality and user perception. 

Andrew Wijaya et al. (2025) highlighted that AC customer retention is strongly influenced by the marketing mix, 

where store location and accessibility have the most significant impact on satisfaction [23]. Furthermore, 

Khonglumtan & Srisattayakul (2023) emphasized that in automotive AC service centers, service quality dimensions 

are the primary determinants of customer satisfaction. Factors such as product quality and price perception consistently 

prove to influence customer loyalty, mediated by satisfaction [24], [25]. 

D. Classification Methodology and Data Analysis 

To support your Comparative Analysis, the literature indicates that algorithm selection depends heavily on the 

data type. Widyawati & Sutanto (2020) provide the theoretical basis for comparing Naïve Bayes variants (Bernoulli 

vs. Multinomial), noting that computational efficiency is a major advantage for large-scale data. Meanwhile, for more 

complex and non-linear data, Structural Equation Modeling (SEM) is frequently used to observe relationships between 

user behavior variables and AC usage [26], [27].  

Table 1. Summary table of Literature 

Researcher (Year) Research Focus Methods Key Relevant Findings 

Widyawati & 

Sutanto (2020) 

Comparison of Naïve 

Bayes variations. 

Bernoulli & 

Multinomial NB 

Provides the theoretical basis for choosing NB 

variants based on data type (binary vs. 

frequency). 

Aibin (2020) 
Impact of weather on 

AC operation. 

Data Correlation & 

Smart Thermostat 

Weather is a crucial feature (Gaussian) in 

determining AC active duration. 

Malik et al. (2022) 
Potential of fans to 

reduce AC use. 

Integrated Framework 

& GIS 

Activation thresholds are influenced by 

supplementary cooling (fans). 

Andrew Wijaya et 

al. (2025) 
AC customer retention. 

PLS-SEM & Marketing 

Mix 

Location and price determine customer 

satisfaction within the AC retail ecosystem. 

Wei et al. (2020) 
AC control via human 

expressions. 

Deep Reinforcement 

Learning 

Visual inputs (expressions) can be classified to 

determine AC modes. 

Irshad et al. (2020) 
Prediction of thermal 

comfort. 

Artificial Neural 

Network (ANN) 

Human comfort variables are the primary labels 

in smart AC systems. 

Khonglumtan 

(2023) 

Service quality in AC 

centers. 
Determinative Analysis 

Technical and functional quality influence user 

perception of the system. 

Wahjoedi et al. 

(2022) 

Product quality & 

loyalty. 
Smart PLS 3 

Product quality has a direct effect on user 

loyalty toward the system. 

Putri et al. (2025) 
Store atmosphere & 

comfort. 
SEM-AMOS 

Environmental factors (atmosphere) 

significantly affect user comfort. 

Yunita (2025) 
Promotion & brand 

image on satisfaction. 
SEM-PLS 

Brand image strengthens user trust in the 

system/service used. 

 

E. Classifier Model 

The method for analyzing numbers is to create automation to ensure categorization findings from the data.  

Classification methods aim to partition knowledge into groups while categorizing them based on the importance of 

parts of the dataset. Bayesian analysis is a numerical methodology for performing inductive reasoning on multiclass 

classification. Summarized by IBM, various types of Naive Bayes algorithms are distinguished based on the 
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distribution of values. Three popular types of Naive Bayes algorithms include Gaussian Naive Bayes (GaussianNB), 

Multinomial Naive Bayes (MultinomialNB), and Bernoulli Naive Bayes (BernoulliNB)[28], [29], [30]. Gaussian 

Naive Bayes (GaussianNB) is a variant of the Naive Bayes algorithm that uses a Gaussian distribution (normal 

distribution) and continuous variables. This model is used to find the mean and standard deviation. The formula for 

Gaussian Naive Bayes is: 

𝑃(𝑌 =  𝑦 | 𝑋 =  𝑥)  =  𝑃(𝑌 =  𝑦)  ∗  ∏ 𝑃(𝑋𝑖 =  𝑥𝑖 | 𝑌 =  𝑦)    (1) 

P(Y = y | X = x) is the posterior probability, the probability of class Sales_Status given the feature vector x. feature 

x meliputi Brand, Inverter, Type, Eletrical_Power, Month, Cooling_Capacity, Address, Price. P(Y = y) is the prior 

probability, the probability of class Sales_Status occurring. P(Xi = xi | Y = y) is the likelihood, the probability of 

feature Xi having value xi given the class y. In Gaussian Naive Bayes, we assume that the features Xi are conditionally 

independent given the class Y. This means that the probability of a feature value given a class is not influenced by the 

values of other features. The likelihood term P(Xi = xi | Y = y) is modeled as a Gaussian distribution: 

𝑃(𝑋𝑖 =  𝑥𝑖 | 𝑌 =  𝑦)  =  (1 / √(2𝜋𝜎²𝑦))  ∗  𝑒𝑥𝑝(−(𝑥𝑖  −  𝜇𝑦)² / (2𝜎²𝑦))   (2) 

μy is the mean of feature 𝑋𝑖  for class 𝑦. σ²y is the variance of feature 𝑋𝑖 for class 𝑦. The Gaussian Naive Bayes 

classifier predicts the class y with the highest posterior probability. Multinomial Naive Bayes (MultinomialNB) is an 

algorithm that assumes that features come from a multinomial distribution. This variant is useful when using discrete 

data, such as frequency counts. It is commonly applied in natural language processing (NLP) use cases, such as email 

spam classification. In Multinomial Naive Bayes, we assume that the features 𝑋𝑖  are categorical and follow a 

multinomial distribution. This is often used for text classification where the features represent the frequency of words 

occurring in a document. The likelihood term 𝑃(𝑋𝑖  =  𝑥𝑖 | 𝑌 =  𝑦) is modeled as a multinomial distribution: 

𝑃(𝑋𝑖 =  𝑥𝑖 | 𝑌 =  𝑦)  =  (𝑛! / (𝑥1!  ∗  𝑥2!  ∗ . . .∗  𝑥𝑘!))  ∗  ∏ (𝑝𝑦𝑖)𝑥𝑖   (3) 

n is the total number of occurrences of the feature 𝑋𝑖 for class Sales_Status. xi is the number of occurrences of the 

value 𝑥𝑖 for feature 𝑋𝑖 for class Sales_Status. pyi is the probability of the value 𝑥𝑖 for feature 𝑋𝑖 for class 𝑦. The 

Multinomial Naive Bayes classifier predicts the class y with the highest posterior probability. In Bernoulli Naive 

Bayes, we assume that the features 𝑋𝑖are binary (either 0 or 1) and follow a Bernoulli distribution. This is often used 

for text classification where the features represent the presence or absence of a word in a document. The likelihood 

term 𝑃(𝑋𝑖  =  𝑥𝑖 | 𝑌 =  𝑦) is modeled as a Bernoulli distribution [31]: 

𝑃(𝑋𝑖 =  𝑥𝑖 | 𝑌 =  𝑦)  =  𝑝𝑦𝑖𝑥𝑖 ∗  (1 −  𝑝𝑦𝑖)(1 −  𝑥𝑖)     (4) 

𝑝𝑦𝑖 is the probability of feature 𝑋𝑖 being 1 for class 𝑦. The Bernoulli Naive Bayes classifier predicts the class 𝑦 

with the highest posterior probability. The research framework of this study is shown: 

Brand

Type

Electrical 
Power

Sales Status

Price

Inverter

Address

Month

Cooling 
Capacity

Data Cleaning

Transformation
Data 

Integration

Bernoullinb 
Metode

Gaussiannb 
Metode

Multinominalnb 
Metode 

Performance 
Evaluation

 

Figure 1. Research Framework 
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The research framework emphasizes the use of various features. These features include Brand, Inverter, Type, 

Electrical Power, Month, Cooling Capacity, Address, Price, and Sales Status. Preprocessing is required before 

applying a classification model such as data cleaning, integration, and transformation. The comparison of methods in 

Naive Bayes classification is Bernoullinb, Gaussiannb, and Multinomialnb. The final step is to measure the 

performance of the classification method. 

The Naïve Bayes algorithm sometimes has the lowest performance in both accuracy and F1 score [32]. To ensure 

a comprehensive performance evaluation, the classification models are validated through two distinct testing 

scenarios. The first scenario focuses on evaluating the stability of the three Naïve Bayes variants across different data 

scales using 100, 200, and 300 data records. This scenario applies the K Fold Cross Validation technique with 

configurations of 5 fold, 10 fold, and 15 fold to measure the average accuracy of Bernoulli, Gaussian, and Multinomial 

variants. The second scenario evaluates the peak predictive performance of the models utilizing the entire dataset of 

366 records. This second approach employs the holdout validation method with a conventional split of 80 percent for 

training data and 20 percent for testing data without applying cross validation. The peak results from this 80:20 split 

are then cross evaluated against alternative algorithms namely Support Vector Machine and KNeighbors Classifier to 

determine the ultimate superior classifier for air conditioning product status. 

Results and Discussion  

Based on the data obtained, a visualization report is produced with various graphic variations depending on the 

attributes used. The graph reviewed from the attribute differences is shown: 

 

Figure 1. Visualization Report 

Figure 2 describes the difference in user interest based on the selected electrical power of Air Conditioning. The 

number of air conditioning users with electrical power of Low-Watt is the most popular type. That is 186 customers. 

Air conditioning with Middle-Watt power has 72 users. Meanwhile, the number of air conditioning users with High-

Watt power is 106. If seen from the differences based on customer location, the largest number of buyers came from 

Batam Center which reached 162 customers. The number of buyers from Sekupang was the smallest, reaching only 24 

units. The largest number of transactions occurred in September, which was 151. Meanwhile, in December the number 

of buyers was only 5. That makes it the month with the lowest number of transactions.  When viewed from the difference 
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in cooling capacity, the number of buyers who chose 1/2 - 1 PK was 254 unit. Meanwhile, buyers who chose a cooling 

capacity above 1 PK reached 110 units. The pattern of product selection by customers is shown in the following figure:  

 

Figure 3. Relationship Between Features 

The Figure 3 explains how the pattern of product purchases by customers. Based on the visualization, it is evident 

that lower-level categories (value 1.0) are the most popular and dominant across almost all variables, particularly in 

Price and Cooling Capacity, where the majority of customers are concentrated. Conversely, the highest values (such as 

level 3.0 in Electric Power or level 6 in Address) show the lowest frequency, appearing only in specific customer 

clusters, which suggests that high-specification AC units or certain locations are not the majority within this sample. In 

the Address graph, the highest concentration of customers is found in category 3, spanning IDs from approximately 175 

to 340, while categories 5 and 6 are the lowest in terms of data points. Overall, the dataset is dominated by "standard" 

or low-level choices (level 1.0), which provides a strong indication to the Naïve Bayes model that the prior probability 

for lower-specification classes will be significantly higher than for high-specification ones. One of the techniques used 

in machine learning for data preprocessing is MinMaxScaler. It functions to normalize numeric data into a certain range, 

usually between 0 and 1. The results of MinMaxScaler's work are shown in the Table 2.  

Table 2. Min Max Scaler 

Brand Type 
Electrical 

Power 

Cooling 

Capacity 
Price Inverter Address Month 

0.0 0.333 1.0 0.0 0.0 1.0 0.4 0.25 

0.0 0.000 1.0 0.0 0.0 0.0 0.0 0.00 

1.0 0.000 0.5 0.0 0.0 0.0 0.0 0.00 

0.0 1.000 0.0 0.0 0.0 0.0 0.8 1.00 

0.0 0.333 0.5 0.0 0.0 0.0 0.8 0.00 

 

The mean of a feature is the average value of all data on a particular feature in a dataset. Mean provides a midpoint 

or center of the data distribution on a feature. While Variance of feature is a measure of how spread out the data is on a 

particular feature. The greater the variance, the more spread out the data is from the average. The Table 2 below 
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describes the Mean and variance that can be used to compare the average of a feature between Most_seller and 

Least_seller: 

Table 3. The Mean and Variance 

Status 
Mean of feature 

(μ) 

Variance of 

feature(σ²) 
Status 

Mean of feature 

(μ) 

Variance of 

feature(σ²) 

Most_seller μ1: 1.047337 

μ2: 2.352071 

μ3: 1.748521 

μ4: 1.254438 

μ5: 1.094675 

μ6: 1.215976 

μ7: 3.088757 

μ8: 2.754438 

σ1²: 0.045230 

σ2²: 1.878646 

σ3²: 0.758529 

σ4²: 0.190262 

σ5²: 0.085966 

σ6²: 0.169833 

σ7²: 1.725036 

σ8²: 2.969194 

Least_seller μ1: 1.653846 

μ2: 1.653846 

μ3: 2.192308 

μ4: 1.923077 

μ5: 2.000000 

μ6: 1.500000 

μ7: 2.730769 

μ8: 1.000000 

σ1²: 0.235385 

σ2²: 0.635385 

σ3²: 0.561538 

σ4²: 0.073846 

σ5²: 0.000000 

σ6²: 0.260000 

σ7²: 2.524615 

σ8²: 0.000000 

Frequency in statistics is the number of occurrences of a value or category in a dataset. Frequency indicates how 

often something occurs in a data set. Frequency can be used to calculate the probability of an event. A table of the 

frequency and probability of each feature is shown in the Table 4. 

Table 4. The Frequency and Probability 

No Feature Frequency Probability No Feature Frequency Probability 

1 Brand_1     

Brand _2      

331 

33 

0. 909341 

0. 0.090659 

6 Inverter 

Non_Inverter 

278 

86 

0.763736 

0.236264 

2 Type_1     

Type_2      

Type_3  

Type_4      

162 

60 

12 

130 

0.445055 

0.164835 

0.032967 

0.357143 

7 Address_1      

Address_2      

Address_3   

Address_4      

Address_5      

Address_6      

53 

50 

162 

43 

32 

24 

0.145604 

0.137363 

0.445055 

0.118132 

0.087912 

0.065934 

3 Low Watt     

Middle Watt      

High Watt     

186 

72 

106 

0.510989 

0.197802 

0.291209 

8 1st_month     

2nd_month      

3rd_month      

4th_month     

5th_month     

151 

64 

31 

5 

113 

0.414835 

0.175824 

0.085165 

0.013736 

0.310440 

4 PK_1     

PK_2     

254 

110 

0.697802 

0.302198 

9 Most_seller 

Least_seller 

338 

26 

0.928571 

0.071429 

5 Low_Price     

High_Price 

306 

58 

0.840659 

0.159341 

    

Table 4 provides a basic overview of the data distribution of each feature. The table also includes information about 

probability. It is a measure of the likelihood that an event will occur. The probability value ranges from 0 to 1. Judging 

from the product features of air conditioning, the highest probability covers low-watt (electrical power), low PK 

(cooling capacity), inverter type, and low price. The results of the comparison of the three methods were obtained in 

the research conducted. The results of the comparison accuracy of the classification model obtained: 

Table 5. Accuracy Results Based on n-Fold  

Naive Bayes Classifier 
Cross Validation 

Average 
5-Fold 10-Fold 15-Fold 

GaussianNB 95% 96% 96.667% 95.89% 

BernoulliNB 97.5% 98% 98.333% 97.94% 

MultinomialNB 97.5% 98% 98.333% 97.94% 

Table 5 above describes the accuracy results of the classification model using 366 records. It shows that 

GaussianNB is the method with the lowest value compared to the others. It obtained an accuracy of 95.89%. 
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BernoulliNB and MultinomialNB obtained the same accuracy of 97.94%. The best number of fold cross-validation is 

15-fold. The accuracy data of all methods is adjusted to the data tested, which is 20% of the training data.  

Table 6. Accuracy Results Based on Data Amount  

Naive Bayes Classifier 
Number of Record 

Average 
100 200 300 

GaussianNB 70.83% 85.354% 96.875% 84.35% 

BernoulliNB 62.5% 89.899% 100% 84.13% 

MultinomialNB 70.83% 85.354% 100% 85.39% 

Table 6 explains the accuracy results of the classification model based on varying amounts of data. Changes in the 

amount of data tested affect accuracy. On average, MultinomialNB has the highest accuracy when compared to the 

others. It reaches 85.39%. The classification model is also carried out by comparing others. A comparison of accuracy 

through several classification methods can be seen in the following table: 

Table 7. Comparison of Performance Evaluation Accuracy Results 

Classifier Model Class Precision (%) Recall (%) F1-Score (%) Accuracy (%) 

NaiveBayes Most Seller 

Least Seller 

Weighted Avg 

99.45 

98.60 

99.31 

99.68 

97.58 

99.31 

99.56 

98.08 

99.31 

99.3127% 

SVM Most Seller 

Least Seller 

Weighted Avg 

98.72 

98.15 

98.62 

99.52 

95.06 

98.62 

99.12 

96.58 

98.62 

98.6254% 

KNeighborsClassifier Most Seller 

Least Seller 

Weighted Avg 

98.40 

97.74 

98.28 

99.40 

94.02 

98.28 

98.90 

95.84 

98.28 

98.2817% 

LogisticRegression Most Seller 

Least Seller 

Weighted Avg 

98.38 

97.80 

98.28 

99.42 

93.94 

98.28 

98.90 

95.83 

98.28 

98.2817% 

Based on the integration of additional evaluation metrics in the Table 7, it is clear how each algorithm performs 

when faced with class imbalance between Most Sellers and Least Sellers. The NaiveBayes algorithm proved to be the 

most robust model, not only achieving a peak accuracy of 99.3127 percent but also maintaining a very high and balanced 

F1-score across both classes: 99.56 percent for the Most Seller class and 98.08 percent for the Least Seller class. This 

indicates that NaiveBayes has excellent recall of 97.58 percent in detecting low-selling products (Least Sellers) without 

sacrificing precision. Conversely, although competing algorithms such as SVM, KNeighborsClassifier, and 

LogisticRegression recorded high global accuracy above 98 percent, their recall values for the minority Least Seller 

class decreased to between 93 and 95 percent. This decrease in recall values for the minority class reflects a tendency 

for the model to bias toward the majority Most Seller class. Thus, this comprehensive metric testing successfully 

strengthens the argument that NaiveBayes is the best and most stable model to be implemented in this AC product 

promotion business intelligence system. 

Based on the analysis results in Tables 5 and 6, determining the best algorithm must be viewed from two different 

evaluation perspectives. In Table 6, when the model was tested using a limited number of recorded data variations 

through the K-Fold Cross Validation scheme, the MultinomialNB variant showed the best performance consistency 

with an average accuracy of 85.39 percent. However, when testing was conducted using the entire dataset with an 80:20 

data split as shown in Table 5, the Naïve Bayes algorithm achieved overall peak performance with an accuracy of 

99.312 percent, significantly outperforming competing algorithms such as the Support Vector Machine and the K-

Neighbors Classifier. Thus, there is no contradiction between the two results but rather shows that MultinomialNB is 

very robust to dynamic data standardization while Naïve Bayes generally achieves the highest optimization at maximum 

data volume. 
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Discussion 

The results of this study demonstrate that the Naïve Bayes (NB) model is highly effective for classifying the sales 

status of Air Conditioning (AC) products, achieving a peak prediction accuracy of 99.312%. This performance 

significantly outperforms alternative classification methods, including SVM (98.6254%) and KNeighbors Classifier 

(98.2817%), within the specified parameters. Such a high level of accuracy indicates that the Bayesian approach is 

robust for handling the multiclass classification of sales data in the electronics industry.Regarding the comparison of 

Naïve Bayes variants, the MultinomialNB model was identified as the most consistently reliable variant for these 

datasets, achieving the highest average accuracy of 85.39% across various data record sizes. While BernoulliNB and 

MultinomialNB showed identical performance in n-fold cross-validation testing both reaching 98.333% at 15-fold the 

GaussianNB variant generally yielded lower results, with an average accuracy of 95.89%. This suggests that while 

GaussianNB is suitable for continuous variables, the frequency-based nature of the sales features in this study aligns 

better with the Multinomial distribution.The analysis of customer behavior reveals a clear preference for specific 

product features, which serve as critical indicators for "Most Seller" status. Customers show a strong preference for 

Low-Watt electrical power (186 units) compared to middle or high-wattage options. Furthermore, the highest 

probability for a successful sale is associated with products featuring low prices, low cooling capacity (1/2 - 1 PK), and 

inverter types. Geographically, the Batam Center area emerged as the primary market with 162 customers, while 

transaction volume showed significant temporal fluctuations, peaking in September and dropping to its lowest point in 

December.The implementation of MinMaxScaler was vital in the preprocessing stage to normalize numeric data, 

ensuring that features like brand, price, and cooling capacity were scaled effectively for the classification models. These 

findings align with previous literature emphasizing that algorithm selection depends heavily on data type and that 

computational efficiency is a major advantage of Naïve Bayes for large-scale data. Ultimately, this research provides a 

strategic foundation for managers to utilize business intelligence and machine learning to maximize market positioning 

by aligning product offerings with identified consumer preferences. 

Conclusion  

The distribution of sales data indicates that customers significantly prefer low watt air conditioning units over 

middle watt or high watt options. The product features with the highest purchase probability include low electrical 

power, low cooling capacity, inverter types, and lower pricing structures. Regarding the machine learning evaluation, 

the results confirm that the Naïve Bayes model is highly effective for determining product sales status. In the first 

validation scenario across varying data record sizes, the MultinomialNB variant demonstrated the highest consistency 

with an average accuracy of 85.39 percent. Furthermore in the second evaluation scenario using the complete dataset 

under an 80:20 training and testing split, the overall Naïve Bayes algorithm achieved a peak prediction accuracy of 

99.3127 percent. This optimal performance significantly outperformed alternative classification methods namely 

Support Vector Machine and KNeighbors Classifier. In conclusion MultinomialNB is established as the most reliable 

variant for handling this mixed attribute retail dataset, thereby providing a solid business intelligence framework for 

product promotion strategies in the electronics industry. 
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