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Abstract: Understanding consumer buying behavior is important for organizations in order to improve targeting consumers, 

maximize marketing efforts, and increase overall sales success. In order to identify whether a consumer is tending to make a 

purchase or not, the Naïve Bayes, Random Forest, Gradient Boosting algorithms are used in this paper's predictive modelling 

technique. In this work, we used a comprehensive set of data made up of consumer behavior to forecast consumer purchasing 

behavior using these techniques. The Gradient Boosting technique is found better than the other techniques, and it is used to 

create a model for prediction because it can handle complicated connections and detect non-linear patterns. The technique 

includes a number of steps, such as feature engineering, model training, and performance evaluation. On the labelled dataset, the 

Gradient Boosting classifier is trained, with prediction accuracy being optimized. On the other hand accuracy achieved by 

Gradient Boosting, Naïve Bayes and Random Forest  are significantly improved and they are 80%, 68%, and 78% respectively.  

 

IndexTerms – Deep Learning, Naïve Bayes, Random Forest, Gradient Boosting. 
________________________________________________________________________________________________________ 

 

I. INTRODUCTION 

 

According to Porter and Millar (1985), companies should add customer value to their products or services in order to maintain a 

competitive advantage. These days, one of the most popular topics is consumer behaviour predicting. It helps solve problems in a 

wide range of areas, starting with individual purchase decision forecasting. A wide range of intricate aspects, such as the socio-

demographic characteristics of the area and the interactions between various types of nearby services, have an impact on their 

client flow[1]. 

The complex task of predicting consumer spending behaviour necessitates the integration of cutting-edge analytics methods with 

a thorough comprehension of market dynamics and consumer psychology. Businesses may drive growth, improve 

competitiveness, and cultivate long-term customer connections by utilising predictive analytics to obtain important insights into 

customer preferences and behaviours. The precision and depth of spending forecasts are anticipated to increase as technology 

develops further, giving companies the advantage to stay ahead of the curve in a market that is becoming more and more 

competitive. Understanding and forecasting consumer purchasing trends is now essential for organisations looking to prosper in 

today's dynamic and fiercely competitive business environment. Forecasting customer behaviour, especially when it comes to 

making purchases, is extremely valuable to businesses that want to properly adjust their tactics, allocate resources as efficiently as 

possible, and cultivate enduring connections with their clients [2]. Advancements in machine learning and analytics have 

provided organisations with the ability to predict future spending patterns with unprecedented precision and to delve deeply into 

the nuances of customer purchasing behaviour. The field of customer purchasing behaviour spending pattern prediction involves 

using data-driven techniques to identify the underlying factors impacting consumers' spending patterns. Businesses can gain 

important insights into the preferences, inclinations, and spending propensities of their customers by leveraging vast amounts of 

data, including transaction histories, demographic profiles, internet interactions, and market trends. These insights provide the 

foundation for creating predictive models that explain historical behaviour and forecast future behaviour, enabling businesses to 

proactively modify their tactics in response to changing customer needs [3]. This introduction seeks to clarify the approaches used 

in predictive analysis, highlight the revolutionary effects of using such insights on organisations across several sectors, and 

examine the importance of spending pattern prediction in understanding client purchasing behaviour. The ability to predict 

customer spending patterns holds immense potential for driving growth, fostering customer loyalty, and maintaining a 

competitive edge in today's dynamic marketplace. Applications for this ability range from customised marketing campaigns and 

targeted promotions to inventory optimisation and customer experience enhancement. An effective framework for evaluating 

enormous volumes of data and deriving insightful conclusions is offered by machine learning, a branch of artificial intelligence. 

Businesses can obtain a more profound comprehension of client spending behaviour by utilising algorithms that can recognise 

complex patterns and correlations within data. In order to forecast several aspects of buying behaviour, such as the likelihood that 

a consumer will make a purchase, how much they are likely to spend, and the variables affecting their decisions, this study aims 

to leverage the potential of machine learning. Finally, by enabling firms to keep ahead of market trends, increase operational 

efficiency, and foster enduring client loyalty, the study's findings may contribute to strategic decision-making processes[8]. 
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The main contribution of this paper is as follows: The dataset is first normalized using the z-score normalization technique, and 

then the attributes are reduced using correlation. Then, with these datasets, we apply machine learning techniques such as Naïve 

Bayes (NB), Random Forest (RF), and Gradient Boosting (GB). In these machine learning approaches, performance measurements 

like as accuracy, precision, recall, and F1-score are calculated and compared. 

 

The workflow diagram of the research paper is depicted in Figure 1 as follows: 

 

 
Figure 1: Workflow diagram of the research paper. 

 

The arrangement of this research work is as follows: Explanation of the literature review is incorporated in Section II. The 

methodologies are defined in Section III. The experiment which includes dataset and evaluation metrics is specified in Section IV. 

The research work concludes in Section V. 

 

II. LITERATURE REVIEW 

A fundamental component of marketing strategy has always been comprehending and forecasting consumer purchasing 

behaviour. Machine learning (ML) algorithms have given organisations new tools and methods to analyse large volumes of data 

and derive insights that can be put to use. Numerous research have looked into the use of ML algorithms to forecast the 

purchasing behaviour of customers in recent years, providing insightful information about consumer preferences, trends, and 

decision-making processes[2]. 

Various ML algorithms' predictive power over consumer buying behaviour has been the subject of several research. To analyse 

the effectiveness of several algorithms in forecasting customer attrition and purchase behaviour in e-commerce contexts, Gupta et 

al. (2019) examined the efficacy of decision trees, random forests, and support vector machines. They found that ensemble 

approaches, such random forests, are more effective at producing accurate predictions[3]. 

When developing predictive models for consumer purchasing behaviour, feature engineering is essential. The extraction of 

temporal, geographical, and contextual features is one of the novel techniques to feature engineering that researchers have 

studied. In order to effectively anticipate future purchase behaviour, Zheng et al. (2020) suggested a unique feature engineering 

approach based on consumer trajectory data and utilising recurrent neural networks (RNNs)[4]. 

To improve customer engagement and satisfaction, personalised recommendation systems have made extensive use of machine 

learning algorithms. Using deep learning methods to identify complex patterns in customers' purchase histories and preferences, 

Li et al. (2018) created a collaborative filtering-based recommendation system for e-commerce platforms. Their research showed 

a considerable increase in user satisfaction and suggestion accuracy [5]. 

Social media platforms offer a rich source of data for understanding consumer preferences and sentiments. Artificial intelligence 

(ML) systems, in particular natural language processing (NLP) methods, have been used to evaluate social media content and 

forecast consumer purchasing patterns. In order to forecast the success of movie releases, Wang et al. (2019) performed sentiment 

analysis on Twitter data, illuminating the potential of ML algorithms in predicting consumer behaviour based on social media 

signals. Additionally, to optimise price choices and increase profitability, machine learning algorithms have been applied to 

revenue management and dynamic pricing methods. Using machine learning (ML) algorithms to predict demand and modify 

prices in real-time[6]. Wang et al. (2019) created a dynamic pricing model for ride-sharing services. According to their research, 

revenue performance and customer happiness can be enhanced by using machine learning (ML) techniques. Researchers have 

underlined the significance of resolving ethical and privacy problems, even if ML algorithms have the potential to forecast client 

purchase behaviour with great power. The ethical ramifications of algorithmic bias, data privacy, and the responsible use of 

consumer data in predictive modelling have all been studied [6]. According to Acquisti et al. (2021), maintaining consumer trust 

and regulatory compliance in ML-based systems requires ensuring openness and fairness [7]. 

 

III. METHODOLOGY 

3.1 Dataset 

  

This research work made use of one dataset from the Kaggle [9]. The Mall Customers dataset applied in this research contains 

200 data instances with 4 attributes and a class identifying the Spending Score. The Mall Customers dataset is a collection of 

instances who visited a mall. This dataset includes various attributes such as customer ID, gender, age, annual income, and 

spending score. It is commonly used for customer segmentation, which is a marketing strategy to group customers based on their 
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behaviour patterns to enhance sales, revenue, and customer satisfaction. A score assigned by the mall based on customer behavior 

and spending nature, where 2 represents the highest spending when spending score is greater than or equal to 66, 1 represents the 

medium spending when spending score is greater than or equal to 26, and 0 represents the lowest spending.  The dataset’s detailed 

descriptions are presented in Table 1. 

 

Table 1. Datasets Description 

 

 
Name of Datasets 

 
Instances 

 
Attributes 

 
 

Mall Customers 
 

 
200 

 
4 

 

The attribute description of the Mall Customers dataset is given in Table 2 as follows: 

Table 2. Attribute Description of Mall Customers dataset 

 

Attribute Name Description 

 

Customer ID Customer ID, continuous from 1 to 200 

Gender Gender, continuous from 0 to 1(female/male) 

Age Age, continuous from 18 to 70 

Annual Income Annual Income, continuous from 15K$ to 137K$ 

Spending Score Spending Score, continuous from 1 to 100 

 

The Correlation among the attributes of the given dataset is shown in the Figure 2 as follows: 

 

 
Figure 2. Correlation among the attributes of the dataset. 

 

3.2 Machine Learning Techniques 
 

In this section, various Machine Learning (ML) Techniques, Performance metrics, and Feature Selection are explained as 

shown in the following sub-sections. 

 

3.2.1 Naïve Bayes 

Uncertainty presents challenges in numerous classification tasks. A measure of confidence must be associated with each pre-

diction of class labels. Probability theory accomplishes this by providing a method for quantifying and managing data uncertainty. 

A model for probabilistic classification is the Naive Bayes (NB) classifier. The classification process involves figuring out how 

likely a data instance will have a certain class label y based on its set of attribute values x[10, 11]. The posterior probability is ar-

ticulated through the Equation (3.1) as follows: 

 

                                                                

𝑃(𝑦 𝑥⁄ )=
𝑃(𝑥 𝑦⁄ )𝑃(𝑦)

𝑃(𝑥)
                                                                                           (3.1)
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Where, P(x/y) represents the conditional probability of the attributes. P(y/x) quantifies the probability of observing x given the 

distribution of instances associated with y. P(y) denotes the prior probability associated with class labels. The following Equation 

(3.2) determines the value of P(x):  

                                                         𝑃(𝑥)=∑ 𝑃(𝑥 𝑦𝑗⁄ )𝑗 𝑃(𝑦𝑗)                                                                                             

(3.2) 

This classifier uses a feature vector 𝑋=(𝑥1, 𝑥2,...., 𝑥𝑛)with n dimensions to represent each data sample. Here we look at the m 

classes(𝐶1, 𝐶2,..., 𝐶𝑚). X is an unidentified data instance classifier chosen from the class with the highest posterior probability. For 

every 1 ≤ k ≤ m, the NB classifier assigns an unknown sample X to class C1, if and only if P (C1 / X) > P (Ck / X) [13]. 

 

3.2.2 Random Forest 

Random Forest (RF) is an ML technique that uses ensemble learning to create a classifier by dividing a dataset into sub-

datasets. The ensemble models are constructed using these datasets. RF builds many decision trees without pruning, creating a 

forest that has a predicted value for a specific data sample. The majority voting of the trees determines the predicted value [13]. A 

Decision Tree model serves as the foundation for the RF machine learning (ML) model. RF models, derived from the idea of De-

cision Trees, generate a large number of trees ('n') that greatly improve prediction accuracy compared to a single tree. It is 

achieved by randomly selecting a subset of trees from the training set without replacement. Decision Trees typically have a tree-

like configuration with a primary node, the root or decision node, positioned at the top. The Random Forest approach generates M 

trees based on decision-making and compares them with a single tree to improve prediction accuracy without replacement. With-

out pruning, we create multiple Decision Trees to construct a forest that forecasts the value for sample data.  

One type of ensemble classifier is the Random Forest Classifier, which requires the setting of three important components 

before training: node size, cardinality of trees, and data points of RF. Next, we use a divider to solve regression and classification 

problems. 

 To construct each DT using data points from the training datasets also referred to as bootstrap samples, and then combine 

these DTs with Random Forest. It uses one-third of the training sample as test data, also known as a sample from the bag, and 

then returns it. The trees for each decision the majority will vote on the most common categorical features, weighting the trees to 

determine the predicted category. The RF technique predicts a result based on the result of several Decision Trees. The accuracy 

of the result increases while increasing the number of trees [14]. 

 

3.2.3 Gradient Boosting 

Gradient boosting is a machine learning technique that combines multiple weak prediction models into a single ensemble. 

These weak models are typically decision trees, which are trained sequentially to minimize errors and improve accuracy. By 

combining multiple decision tree regressors or decision tree classifiers, gradient boosting can effectively capture complex 

relationships between features[15]. 

One of the key benefits of gradient boosting is its ability to iteratively minimize the loss function, resulting in improved 

predictive accuracy. However, one must be conscious of overfitting, which occurs when a model becomes too specialized to the 

training data and fails to generalize well to new instances. To mitigate this risk, practitioners must carefully tune 

hyperparameters, monitor model performance during training and employ techniques like regularization, pruning or early 

stopping.  By understanding these challenges and taking steps to address them, practitioners can successfully harness the power of 

gradient boosting—including the use of regression trees—to develop accurate and robust prediction models for various 

applications [16].  

Mean Squared Error (MSE) is one loss function used to evaluate how well a machine learning model’s predictions match 

actual data. MSE calculates the average of the squared differences between the predicted and observed values.  

After each tree is trained its predictions are shrunk by multiplying them with the learning rate ƞ which ranges from 0 to 1. This 

prevents overfitting by ensuring each tree has a smaller impact on the final model [17]. Once all trees are trained predictions are 

made by summing the contributions of all the trees. The final prediction is given by the formula (3.3): 

 

                                                       
𝑦pred=𝑦1+𝜂 ⋅ 𝑟1+𝜂 ⋅ 𝑟2+ ⋅ +𝜂 ⋅ 𝑟𝑛

                                                                     (3.3)
 

                  

Where r1, r2, ….. ,rn are the errors predicted by each tree. 

 

3.3 Feature Selection Approaches  

 
In the field of ML, processing of high-dimensional data is a stimulating challenge. Dimensionality Reduction is important as it 

enhances data comprehension, reduces computing costs, and prevents models from becoming overly complex or simplistic by 

refining them.  

i) Pearson Correlation:  Pearson's Correlation is one way of assessing the relationship between a feature and an out-

come variable; it may also be used to choose features. Pearson's Correlation functions as a technique to examine the 

association between a feature and the response variable, and it can be employed for feature selection. This method-

ology is employed to discern the interconnections among the attributes present within a dataset. The Correlation ( r) 
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value lies between [-1,1], where -1 shows negatively correlated, +1 shows positively correlated and 0 shows no Cor-

relation as shown in Equations (3.4) & (3.5). 

 The Pearson Correlation Coefficient (r) is shown as  

                                                                              𝑟=
cov(𝑥,𝑦)

√var(𝑥)var(𝑦)
                                                                                (3.4) 

Where cov & var are Covariance and Variance respectively. Also, r can be  evaluated as follows:   

                                                      𝑟=
∑ (𝑥𝑖−𝑥)(𝑦𝑖−𝑦)
𝑚
𝑖=1

√∑ (𝑥𝑖−𝑥)
2∑ (𝑦𝑖−𝑦)

2𝑚
𝑖=1

𝑚
𝑖=1

                                                                           (3.5) 

Where 𝑥 = mean of independent data, 𝑦 = mean of dependent data, m = number of data points, 𝑥𝑖 = individual independent 

variable, 𝑦𝑖  = individual dependent variable. Correlation (r) represents the linear relation between the dependent and independent 

variables. To overcome the risk of Overfitting, simple Correlation Coefficient (r) is used for nonlinear preprocessing [10]. 

 

3.4 Normalization 

Z-Score Approach: Standardization takes place after the pre-processing phase. The given Equation demonstrates the procedure 

of standardizing data via Z-Score Standardization. This method employs a scaling range of -1 to 1 for feature values. This study 

employs the characteristics of a Normal Distribution, defined by Equation (3.6) [12]. 

                                                                                   𝑧=
𝑥−𝜇

𝜎
                                                                                           (3.6) 

Where µ is a Mean having a value of 0 and a Standard Deviation 𝜎having 1 for  each attribute.  

 

3.5   Performance Metrics 

To validate how well the machine learning algorithms perform for classification methods and a comparison with NB, RF, and 

Gradient Boosting techniques for (100%) of data, for the Mall Customers datasets, we have used performance metrics such as: 

accuracy, precision, recall, and F1-score. 

 

3.6 Confusion Matrix 

It is a square matrix that is n x n, where n is a class label, employed for assessing the performance of the ML model, given in 

Figure 3. The diagonal values in the matrix determine the accurate predictions. In this matrix, columns denote actual values and 

rows shows predicted values and vice-versa [12]. 

 

 

 

 

 

 

 

 

 

 

Figure 3: Confusion Matrix 

 

Where, Tp (True Positive): In this table of confusion matrix, it gives the actual class’s value as true, and as well as the predicted 

class’s is also true. Tn (True Negative): In this case, it is found that the actual class’s value is false, and it also shows the predicted 

value to be false. Fp (False Positive): In this case, it is said that the actual class’s value is false but the predicted class shows it as 

true. Fn (False Negative): In this case, the value of actual class is true but the value of predicted class is false. 

The formulae used for performance evaluation are as follows: 

 

i. Accuracy: It evaluates the correct predictions of the model for the overall dataset. It is a good performance measure which is 

given in the Equation (3.7), but not as good for the imbalanced data [12]. 

                                                                                Accuracy=
𝑇𝑝+𝑇𝑛

𝑇𝑝+𝑇𝑛+𝐹𝑝+𝐹𝑛
                                                                (3.7)  

 

ii. Precision: It calculates the number of the classes which is correctly predicted out of the total true values. This can be deter-

mined by using the following Equation (3.8) [14]. 

                                                                                              Precision=
𝑇𝑝

𝑇𝑝+𝑇𝑛
                                                                  (3.8) 
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iii. Recall:  Recall is the number of the actual classes to be able to predict correctly with the model, given in Equation (3.9). 

                                                                  Recall=
𝑇𝑝

𝑇𝑝+𝐹𝑛
                                                                                 (3.9) 

iv. F1-Score: It is defined by the following Equation (3.10) [12]. 

                                                         𝐹1 − Score=2 ∗
Recall*Precision

Recall+Precision
                                                           (3.10) 

v. MSE: MSE is calculated using the Equation (3.11), where n represents the number of tuples [13, 14]. 

                                                                   MSE=
1

𝑛
∑ (𝑃𝑖 − 𝐴𝑖)

2𝑛
𝑖=1                                                                      (3.11)   

IV. RESULTS AND EXPERIMENTS 

In this research work, we have used three ML Techniques: Naïve Bayes, Random Forest, and Gradient Boosting for Mall 

Customers dataset. The performance analyses of the above techniques are depicted in Table 3. 

 

Table 3.  Performance Measures 

 

Machine 

Learning 

Techniques 

Performance Measures 

Accuracy Precision Recall F1-Score MSE 

Naïve Bayes 0.68 0.78 0.68 0.66 0.475 

 

Random Forest 0.78 0.77 0.78 0.77 0.375 

 

Gradient 

Boosting 

0.80 0.83 0.80 0.80 0.425 

 

In Table 3, Gradient Boosting gives Accuracy, Precision, Recall, and F1-score as 0.80, 0.83, 0.80, and 0.80 respectively for 

dataset Mall Customers which are better than NB and RF as shown in bold. The pictorial representation of the accuracy of three 

ML techniques Naïve Bayes, Random Forest, and Gradient Boosting for Mall Customers dataset are shown in Figure 4. 

 
Figure 4.  Performance Measurements of NB, RF, and GB. 

 

The Confusion Matrix for the Gradient Boosting is shown in Figure 5 as below: 
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Figure 5. Confusion matrix of the Gradient Boosting 

 

V. CONCLUSION AND FUTURE WORK 

The knowledge collected from this study can help organizations create more successful marketing plans, individualized deals, and 

consumer retention programs. In conclusion, this study has paved the way for future research and development. Future efforts in 

this area show excellent promises for improving the estimation of customer purchase behavior and aiding informed business 

choices with more data, the improvement of features, and the development of different modelling methodologies. In this research 

work, several classifiers like Naïve Bayes (NB), Random Forest (RF), and Gradient Boosting classifiers have been applied on the 

mall dataset. Overall performance of the gradient boosting method is significantly improved compared to other classifiers and 

state-of-the-art methods.  

Although both our model's accuracy  are not as high as we are anticipating, it is crucial to highlight that there is still a lot of space 

for future enhancements and further development. Despite this, our study gave useful insight into the dataset and probable factors 

affecting purchasing decisions.  

There are various directions for future research that can be taken in order to increase the model's capacity for prediction. The 

addition of supplemental characteristics, including data on consumer browsing habits, demographics, or past purchases of the 

customer, may significantly enhance model performance. Future efforts in this area show excellent promises for improving the 

estimation of customer purchase behavior and aiding informed business choices with more data, the improvement of features, and 

the development of different modelling methodologies. 
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