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1. Introduction 

Development and expansion of business in the rapidly changing global market is becoming ever more urgent due 

to increased levels of competition in recent years. Traditionally, business decisions were made based upon 

subjective criteria, such as former experience or research results, and complementary use of AI-generated data 

to determine future directions has increased during the last decade [1]. AI has proven advantageous in assisting 

business leaders with information that could shape and affect strategic decisions, such as when to enter markets, 

how to allocate their resources appropriately, and how to best compete within their respective markets [2]. 
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Specifically, Naive Bayes classifiers have shown great promise in assisting business leaders to make data driven 

decisions that support their business growth, given the ability to provide uncomplicated, comprehensible 

outputs [3][5]. 

To date, AI is being widely used by businesses to support the decision-making process; however, there remains a 

considerable deficiency of utilization of machine learning to support decision making for complicated decisions 

such as business expansion [4]. While advancements have been made in using AI for optimizing operations and 

customer segmentation, little research has been conducted to use machine learning techniques for more 

significant strategic decisions, such as identifying the best locations for business expansion and determining the 

most effective business opportunities [6][7]. This lack of investigation points to a deficiency in AI-based decision 

support systems, particularly with respect to the applicability of models like Naive Bayes, in real life business 

situations [8]. 

This paper will assist in addressing the deficiency in the application of Naive Bayes classifiers as a decision 

support tool for making strategic business decisions related to design company expansions. The paper aims to 

create a framework for businesses to identify their key expansion opportunities through past performance data 

and predictive analytics, thereby assisting both the academic and practitioners to successfully employ AI tools 

when deciding to expand globally. In particular, this study will provide information pertaining to the potential for 

Naive Bayes classifiers to enhance the effectiveness and efficiency associated with company expansion strategies.  

This study will include discussions of the current state of the literature (Section 2); the methodology (Section 3) 

developed for predicting expansion opportunities through the use of the Naive Bayes classifier; and provide 

experimental results (Section 4) including dataset characteristics, performance metrics, and comparisons 

against alternative methodology. The importance of the study in relation to the application of the Naive Bayes 

Classifier for business decision making will be discussed in Section 5. The final section, which is section six, will 

cover the conclusion, the implication, and the future research direction. 

2. Literature Review 

Artificial Intelligence (AI) plays a key role in strategic decision-making within businesses due to its advanced 

analysis techniques that enable businesses to analyze massive amounts of data to facilitate actionability and 

decisions [9]. One of the AI applications in strategic decision making involves the Machine Learning Algorithm 

which is applied in various ways within businesses and the industry, namely, market trend prediction, 

competitive analysis, and resource optimization [10]. The application of AI technologies in business makes it 

possible for firms to make informed decisions, particularly in business environments that are constantly 

changing, since the adaptability and forecasting accuracy are crucial to achieving success [11][21]. In most cases, 

the use of AI technology within business operations and activities, especially in operational decision making, is 

widespread; however, very few firms employ AI in strategic decision-making processes [12][14]. As a result of 

the limited focus on strategic decision making, there is an opportunity for research to determine how to enhance 

Strategic Decision Making through the use of Machine Learning Models and the substantial potential of these 

models [13]. 

The Naive Bayes Classifier is one of the most basic yet effective machine learning models used extensively in 

business analytics for both Classification and Prediction Tasks [15]. The Probabilistic Nature of Naive Bayes, 

combined with its simplicity and efficiency at processing large datasets make it a very appealing machine 

learning model for use across a variety of business applications [16]. Naive Bayes has proven to be very effective 

in applications including Customer Segmentation, Market Forecasting, Sentiment Analysis, and Fraud Detection, 

as these applications utilize the ability of Naive Bayes to Classify and Predict based on the likelihood of an 

outcome based on the features it provides [17]. However, while there have been very successful applications of 

Naive Bayes in the aforementioned domains, the extent to which Naive Bayes has been explored for Strategic 

Decision Making in more complex business environments is very limited, particularly with respect to strategic 

decisions related to Business Expansion, where multiple variables such as Market Conditions, Competitive 

Dynamics, and Resource Optimization must be evaluated and considered simultaneously [18]. 

By applying the Naive Bayes classifier to aid in strategic decision-making for business expansion, this paper 

investigates previously unexplored areas where AI and machine learning have previously not been utilized when 
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deciding upon market entry, identifying growth opportunities and optimally entering new markets over a longer 

period of time than traditional methods [19][20]. The primary focus of this research is to demonstrate how Naive 

Bayes can predict and therefore assist business decision makers with their business expansion decisions; 

therefore, the intent is to add to the developing research area concerning AI and Business Strategy, specifically 

with respect to assisting with the decision-making process relating to business expansion and the benefits 

machine learning provides for C-level executives making major decisions concerning business management and 

overall success. 

3. Methodology 

The research uses a historical dataset of Business Expansion Decisions ("BED") that has been compiled by 

analyzing a large amount of business data over many years and across multiple industries, including (but not 

limited to) business performance indicators (BPI); competitor analysis (competitors); and internal metrics 

(productivity ratios) of businesses operating in various geographical regions. Five key components of the BED 

data are: 1) the size of the marketplace (the total addressable market, TAM, for a product or service within a 

given geographic area); 2) the strength of the competition (the number of competitors, market share, and growth 

over time in the target geographic area); 3) the revenue of the business over time as well as current trends; 4) 

the operational cost associated with operating in each geographical area; and 5) the customer segments and 

demographics/psychographics of the customers within the target geographical area. Data preparation includes 

cleaning, processing and transforming unstructured data into a format that can be utilized for analysis. 

Imputation techniques are used to treat missing values, while categorical variables are encoded through one-hot 

encoding. Normalization is applied to numerical features so they have the same scale when input into Naive 

Bayes, as well as normalization being recommended to remove outliers that could potentially alter model 

predictions. 

 
Figure 1. Naïve Bayes Classifier Architecture for Business Expansion Decisions 

The flow chart in Figure 1 illustrates the use of a Naive Bayes classifier for making business expansion decisions. 

The workflow starts with Raw Data Input containing key features of Market Size, Competitor Strength, Revenue 

Growth, Operational Costs, and Customer Segmentation. These key features will be used to preprocess the input 

data prior to categorizing each feature into one of three categories, or to pre-process the training data to train 

the model using the selected features and model parameters. After the new model is trained, it will provide a 

prediction of whether or not a region is suitable for future business expansion. In addition, the data used in 

developing the business expansion strategy will also indicate which regions have a greater likelihood of success 

and the overall plan for each of those regions will be built around all of the previous steps so that future business 
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expansion plans are based on well-analyzed, systematic approaches utilizing machine learning techniques as well 

as in-depth research into all applicable aspects of the business strategy. 

The Naive Bayes classifier applied in this study is a Gaussian Naive Bayes, which is suitable for continuous data. 

It assumes that the features in every class are normally distributed, and is suitable for business data like revenue 

growth, operational costs and size of the market, which tends to be Gaussian. In this model, the probability of 

each feature Xi given a class C is computed by Gaussian probability density function as shown in equation (1): 

P( Xi ∣∣ C ) =
1

√2πσ2
exp (

−(Xi − μ)2

2σ2
)          (1) 

where μ and σ2 are the mean and variance of feature Xi in class C. The model then computes the posterior 

probability of each class C given the features X1 , X2, . . . , Xn using Bayes' Theorem which is displayed in equation 

(2): 

P( C ∣∣ X1, X2, . . . , Xn ) =
P(C) ∏ P(

n

i=1
Xi ∣ C)

P(X1, X2 , … , Xn)
             (2) 

In which P(C) is the prior probability of class C, and P(X1, X2, . . . , Xn) is the evidence. 

In Feature Selection, important features are chosen by considering their relevance to the business expansion 

decisions. Market size, competitors’ strength, and revenue growth are all important factors that can be used to 

determine the likelihood of successful business expansion. Statistic tests such as chi-square test are used to 

decide which predictors are included in the model, and only the most important ones are used. 

Assumptions: Gaussian Naive Bayes classifier assumes that each feature is conditionally independent of each 

other feature, given the class. This may not be a realistic assumption in real data, but the simplicity and efficiency 

of the model make it a valuable model to use for producing interpretable results for business decision making. 

Model Setup: Naive Bayes model is trained by a training data, and is tested by a cross-validation method to 

evaluate the performance and generalization capability of the model. A set of prior probabilities for each class 

(e.g. successful expansion or unsuccessful expansion) are estimated during training as well as the likelihood of 

each feature given the class. 

Strategic Decision Framework 

The output of the classifier is directly used to suggest business expansion decisions. It categorizes the possible 

areas or markets according to their potential for success. For instance, areas with a better chance of success are 

expanded first, and those with less chance of success might be postponed or used to explore the market. The 

Naive Bayes classifier assigns probabilities to the possible expansion areas and these probabilities help in making 

decisions. Areas with higher likelihoods of success are identified for further investment, and those with lower 

likelihoods may need other initiatives or further research.  

Algorithm: Gaussian Naive Bayes Classifier for Strategic Business Expansion Prediction 

1. Input:  

   - Dataset with features (market size, competitor strength, revenue growth, etc.) 

2. Preprocess the data: 

   - Handle missing values (e.g., imputation) 

   - Encode categorical variables (one-hot encoding) 

   - Normalize numerical features 

3. Split the dataset into training and test sets: 

   - Train set (for model training) 

   - Test set (for model evaluation) 

4. Train the Gaussian Naive Bayes classifier: 
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   - For each class (successful expansion vs unsuccessful expansion): 

     - Calculate the prior probability P(C) for each class 

     - For each feature (e.g., market size, revenue growth): 

       - Calculate mean (µ) and variance (σ²) of feature values within the class 

       - Use the Gaussian distribution to model P(X_i | C) 

5. Evaluate the model: 

   - For each data point in the test set: 

     - Calculate the posterior probability P(C | X_1, X_2, ..., X_n) using Bayes' theorem 

     - Classify the data point into the class with the highest probability 

6. Output: 

   - Predicted class labels (suitable or unsuitable expansion) 

   - Evaluation metrics (accuracy, precision, recall, etc.) 

A Gaussian Naive Bayes (GNB) classifier is used to identify Business Expansion Success through an Algorithm 

created by an individual. This recognition starts with loading the Business Expansion dataset and Performing 

Data Pre-Processing on the dataset to prepare it for use in generating predictions. Preprocessing includes filling 

blank data entries in the dataset with the mean value of their respective columns and standardizing the numerical 

feature data using Standard Scaler to have consistent Range Values. Following preprocessing of the historical 

business data, the Historical Business Data is used to Train the GNB Algorithm using Market Size, Competitor 

Strength, and Revenue Growth as Features of the Training Data to Predict the Successful Business Expansion 

Likelihood. The trained GNB model was evaluated with a test dataset, and performance measurement metrics 

(Accuracy, Precision, Recall, and F1-Score) were used to determine how well the trained GNB model performed. 

Finally, the trained GNB model produced predictions of the extent to which any given region or market is Suitable 

or Not Suitable for Business Expansion from the perspective of decision making, thus providing Data-Driven 

Strategic Decisions for the GNB Algorithm.  

Dataset Description 

The historical business data used in this study contains significant features relevant to making business 

expansion decisions; therefore, it includes features such as Market Size, which reflects the Total Addressable 

Market for Potential New Regions from $50 million to $500 million; Competitor Strength, where competitor 

strength metrics include Competition by Number of Competitors (3-15 Competitors), Market Share (10-45% 

Market Share), and Annual Growth Rate (5%-20% per year); Revenue Growth, which provides the annual 

Historical Revenue Growth Rates of Existing Operations from 8%-15%; Operational Costs, which vary from 

region to region (typically $1 million to $10 million a year); and Customer Segmentation, which consists of 

Demographic and Psychographic Characteristics, (e.g., Average Income of $40,000-$80,000 a year, Age Range of 

25-45 years, and Product Preference of Eco-Friendly Products) that are utilized in predicting Successful Business 

Expansion.  

 

Software Tool Analysis 

The research used Python's Software Development Environment for both Data Processing and Model 

Development as well as for Evaluation of the model using Data Processing Tools to Support the Model and the 

Performance Metrics for the GNB Model. Author developed Data Processing Code within Python utilizing 

Libraries such as Pandas (used for Data Manipulation), NumPy (used for performing Mathematical/Statistical 

Calculations), and scikit-learn's (used for developing the Gaussian Naive Bayes Classifier) GNB Algorithm and 

Performance Metrics. All tasks relating to Data Pre-process, including filling in missing entries, normalizing 

feature columns, and encoding Categorical Variables were performed in Python using scikit-learn and 

StandardScaler. The evaluation of performance metrics was done using built-in functions from scikit-learn. 
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Evaluation Metrics 

To evaluate the performance of the Naive Bayes classifier, the following metrics were implemented:  

Accuracy described in Equation (3) is a measurement of the overall correctness of predictions. 

Accuracy =
True Positives + True Negatives

Total Samples
        (3) 

The measurement of precision in Equation (4) shows how many of the successful predictions (true positives) are 

accurate. 

Precision =
True Positives

True Positives + False Positives
         (4) 

The measurement of recall in Equation (5) shows how many of the regions that expanded were classified as 

expanding regions (true positives). 

Recall =
True Positives

True Positives + False Negatives
            (5) 

The measurement of F1-Score using Equation (6) is the overall harmonic mean of the precision and recall values. 

F1-Score = 2 ×
Precision × Recall

Precision + Recall
                        (6) 

Business KPI Alignment - This segment assesses how well the model aligns with relevant business metrics such 

as Return on Investment (ROI), customer acquisition rates, and the projected long-term profitability of expanded 

regions. These KPIs confirm that any success in the predictions aligns with the goals of the business. 

4. Results 

Based on Table 1, the Naive Bayes model performed positively when predicting a successful outcome for 

expanding businesses. An overall classification accuracy of 85% was achieved using the Naive Bayes classification 

model with 85% of all test regions being classified as successful expansions. Precision was 88%, or that 88% of 

the regions indicated to be successful expansion regions by the model ultimately were successful at expanding. 

Recall was measured at 82% meaning that the model was able to identify 82% of all regions that successfully 

expanded through use of the model. F1-Score, which is the overall harmonic mean of precision and recall values 

was 85%, showing both precision and recall of the model results are relatively balanced in identifying positive 

outcomes for business expansion. 

Table 1: Performance of Naive Bayes Classifier 

 

Metric Value 

Accuracy 85% 

Precision 88% 

Recall 82% 

F1-Score 85% 
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Figure 2: ROC Curve 

The Receiver Operating Characteristics (ROC) curve shown in Figure 2 show the relationship (trade-off) between 

recall (ways to calculate true positives) and false positives when using the Naive Bayes classification model.The 

AUC of the Naive Bayes classifier was measured at 0.92, revealing that the model provides strong evidence to 

differentiate successful from non- and succesful locations in which to expand operations. It provided insight on 

where to expand the business by providing predictive probabilities for each potential market, allowing for 

effective allocation of resources to focus on those with the highest predicted probabilities of success in the Tier 

1 and Tier 2 markets, or high growth potential. Conversely, areas with low predicted probabilities should be 

researched further, rather than invested in immediately, thereby avoiding waste. Actual business performance in 

expansion has closely matched the model's predicted business expansion success, demonstrating the practical 

applications of the model to guide strategic decisions and make the best use of future resources to expand.  

When comparing the performance of the Naive Bayes to other machine learning models such as Logistic 

Regression and Random Forest (see Table 2), there were some interesting findings. The Logistic Regression 

model had an accuracy of 82% and an F1-Score of 80%, slightly less than that of the Naive Bayes model. The 

Random Forest model had an accuracy of 88% and an F1-Score of 87%, which is similar to the Naive Bayes result, 

however, the Random Forest also required a longer training time and more complexity than the Naive Bayes 

model. Overall, the Naive Bayes classifier provided a successful prediction of retail expansion and produced 

valuable information for decision-making regarding the most effective use of resources to accomplish expansion 

at an appropriate balance between accuracy and complexity, compared to more complicated machine learning 

models such as Random Forest. Whether or not to expand your business into a new area is a significant strategic 

decision that has a huge impact on your overall success, so it is very important for you to make the best decision 

possible. The ultimate goal should be to use analytics and quantitative methods to help improve your decision-

making and performance.  

 

Table 2: Comparative Performance of Classifiers 

Model Accuracy F1-Score 

Naive Bayes 85% 85% 

Logistic Regression 82% 80% 

Random Forest 88% 87% 
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Discussion 

The Naive Bayes Classifier predicts where businesses will do well in terms of expansion through Data Outlier 

Detection and Insights. This will help businesses better understand which markets they may want to expand 

their business into, reduce their risks, and optimize how they allocate their resources. The Naive Bayes Classifier 

predicts success with a high degree of accuracy (i.e., 85%), has a balanced F1-Score (i.e., 85%) and is a strong 

predictor of business expansion opportunities. The high performance of the model would allow better 

identification of the best markets for business expansion, thereby reducing the risk to the business and 

optimizing the resources used to expand the business into these markets. In addition, the precision of the model 

(i.e., 88%) would provide businesses with a high level of confidence in their investment in those areas that are 

predicted to be suitable for business expansion and would minimize the likelihood of businesses overestimating 

successes from their expansions into these predicted areas. The recall of the model (i.e., 82%) allows most areas 

of success to be identified for future business expansion opportunities. Therefore, the Naive Bayes Classifier 

provides very useful insights to businesses when developing a business expansion strategy. Identifying regions 

that are the best to invest in based on the model will ensure that businesses are able to maximize the profit or 

return on their investments. Tier 1 and Tier 2 cities represent the areas with the highest likelihood of success. By 

identifying these areas, businesses will have more opportunity for growth. Identifying areas where there is little 

to no likelihood of success through the model will help businesses avoid making unnecessary investments in 

areas that do not have a high probability of success. Although there are some limitations to the current 

methodology, such as the assumption of conditional independence between variables, which may not hold true 

in real-world business data due to the influence of many different factors (e.g., market conditions and 

competition) on another variable, this may slightly affect the ability of the model to account for complex 

relationships between the variables. The Naive Bayes classifier also has limitations as a method in comparison 

to more advanced methods like Random Forest as it has no ability to account for correlations between features 

so it will be less accurate than Random Forest. The research findings support the previous research that had 

reported that Naive Bayes classifiers are an effective and interpretable means to support businesses in applying 

machine learning techniques to make decisions about business expansion. While some machine learning 

techniques may have similar levels of accuracy as the Naive Bayes classifier, it is clear that Random Forest 

classifiers involve higher complexity and need much time to process data. In this regard, it is important to 

remember that business leaders must make quick and easy decisions regarding the expansion of business 

operations, and hence the choice of Naive Bayes classifiers should be obvious in such situations. 

5. Conclusion 

In conclusion, this research provides strong evidence that the Naive Bayes classifier is effective in predicting the 

likelihood of success for business expansions. The model demonstrated impressive metrics with an overall 

accuracy rate of 85%, a precision rate of 88%, a recall rate of 82%, and an F1-score of 85%. These results indicate 

that the model is adept at identifying locations with a high likelihood of success while also capturing a substantial 

number of promising locations. This efficacy underscores the Naive Bayes classifier as a valuable tool for 

supporting decision-making processes related to business expansions, offering actionable insights to business 

leaders. The research carries significant theoretical implications, showcasing the application of artificial 

intelligence in guiding business leaders' decisions about expansion opportunities. The simplicity and 

interpretability of the Naive Bayes model empower organizations to make data-driven decisions that effectively 

allocate resources and mitigate risks. By identifying geographical regions with the highest expansion 

probabilities, businesses can strategically focus their efforts and reserve additional studies for regions deemed 

less favorable. However, one limitation of the Naive Bayes model is its assumption of feature independence, which 

restricts its ability to detect complex relationships between features. Future research could enhance the model's 

accuracy by leveraging more sophisticated classifiers, such as Random Forest and Deep Learning techniques, 

while integrating real-time data for timely decision-making. Expanding the sample size to include a broader array 

of industries and geographical regions would bolster the robustness and applicability of the Naive Bayes 

classifier. Furthermore, developing a hybrid model that combines the Naive Bayes classifier with other machine 

learning techniques could provide business leaders with a comprehensive decision support system, improving 

both the accuracy and interpretability of strategic business decisions. Future work in this direction could make 
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the model even more efficient using advanced classifiers, including Random Forest and Deep Learning 

techniques, combined with real-time data to facilitate quick decision making. The increase in sample size through 

consideration of a wider range of industries and locations could ensure that the robustness of the Naive Bayes 

classifier is maximized for better application. Moreover, a mixed model consisting of the Naive Bayes classifier 

and other machine learning techniques could provide business leaders with a comprehensive decision support 

tool. 
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