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PREDICTING CONSUMER PURCHASING BEHAVIOR USING
MACHINE LEARNING METHODS

This article explores the application of machine learning methods for
predicting consumer purchasing behavior based on data analysis. Using a
dataset from Kaggle, data was analyzed and prepared, including removal of
duplicates, feature scaling, and correlation analysis. Various machine
learning models, such as Random Forest and Gradient Boosting, were tested
using different techniques, including hyperparameter optimization and class
balancing. The results showed that incorporating feature correlation and
hyperparameter optimization significantly improves the accuracy of the
models, making them effective tools for predicting consumer behavior in
online sales.
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Background

In the modern world, the demand for selling and buying goods
online is growing every year. Therefore, it is crucial for e-commerce
websites to predict whether a user will make a purchase. Fortunately,
machine learning effectively handles this task.

Machine learning (ML) allows for the study of raw data to quickly
solve complex business tasks. It helps automate routine tasks, process
large volumes of data, improve customer service quality, and gain a
competitive advantage in the market. ML enables businesses to make
more informed decisions, predict future demand, and optimize
business processes (Intelliarts, 2024; PixelPlex, 2023).
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This paper examines the prediction of consumer purchasing
behavior using machine learning methods. The "Predict Customer
Purchase Behavior Dataset" (Kaggle, n. d.)

Machine learning methods are increasingly being applied to solve
various economic problems, particularly in the financial sector. A
significant amount of research is focused on using recurrent neural
networks, such as LSTM (Long Short-Term Memory), for stock price
prediction. For example, the study (Simplilearn, 2024 b) examines the
application of LSTM networks for predicting Google stock prices,
which illustrates the effectiveness of deep learning in financial
analysis. Another study (Simplilearn, 2024 a) analyzes the process of
developing machine learning models for stock price prediction based
on historical data, emphasizing the importance of using machine
learning (ML) methods in forecasting financial indicators.

Further studies demonstrate the application of the LSTM algorithm
along with technical indicators for predicting price trends in the
Vietnamese stock market, indicating the potential for using ML in
emerging markets (Phuoc et al, 2024). In a systematic review
(Sonkavde et al., 2023) of various machine learning and deep learning
methods for stock market price prediction, a comparative analysis of
the effectiveness of different approaches is presented. This study
provides valuable recommendations for choosing the optimal method
depending on specific conditions and data.

Furthermore, the study (ProjectPro, 2024) focuses on predicting
stock closing prices using machine learning methods, confirming the
potential of ML for analyzing specific financial indicators. The
combination of these studies highlights the growing role of machine
learning in financial analysis and opens up prospects for further
improvement of existing models and approaches.

After downloading and reading the dataset, it is necessary to
conduct data analysis. In this dataset, there are no missing values, and
all data is presented in numerical format. However, 112 duplicates
were detected. Considering the negative impact of duplicates on the
machine learning process, a decision was made to remove them. The
main reasons for this are:

* Duplicates can lead to model overfitting, as the model "learns"
from the same data repeatedly, reducing its ability to generalize.
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» The presence of duplicates can distort the data distribution,
leading to model bias and decreased accuracy on new data.

* Duplicates increase the volume of data, which can result in longer
model training times without actually improving its performance.

* Duplicates can affect quality metrics such as accuracy and F1-score,
creating a false impression of high model performance (Zhao et al., 2021).

The next stage of the research is the construction and selection of
the best model for predicting consumer purchasing behavior. This stage
consists of three key parts. First, the best base model is selected,
focusing on its ability to accurately predict consumer behavior. Second,
the correlation between features is taken into account to improve the
quality of the model. Third, various techniques are applied to enhance
the chosen model, improving its performance and adaptability to
changing market conditions. This approach will not only determine the
optimal model but also ensure its high efficiency in real-world conditions.

The dataset includes the following features:

* Age: customer'sage;

* Gender: customer's gender (0: male, 1: female);

e Annual Income: customer's annual income in dollars;

* Number of Purchases: total number of purchases made by the
customer;

* Product Category: category of the purchased product (0: electronics,
1: clothing, 2: home goods, 3: beauty, 4: sports);

* Time Spent on Website: time spent by the customer on the
website, in minutes;

* Loyalty Program: customer's participation in the loyalty program
(0: no, 1: yes);

* Discounts Availed: number of discounts used by the customer
(range: 0-5);

* PurchaseStatus (target variable): likelihood of the customer
making a purchase (0: no, 1: yes) (Kaggle, n. d.).

In classical machine learning, there are two main types of tasks:
classification and regression. Classification is used to predict categorical
labels (for example, determining whether an email is spam), while
regression is used to predict numerical values (for example, predicting
real estate prices). Given the objective of the task (PurchaseStatus),
classification methods were chosen (Murphy, 2012).
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Initially, we focus on selecting the best base model among several
popular machine learning algorithms, specifically RandomForest-
Classifier, GradientBoostingClassifier, SVC (Support Vector Classifier),
and LogisticRegression. Each of these models has its unique
characteristics and areas of application, making them suitable for
different types of tasks. The research was aimed at identifying the
model that provides optimal performance and accuracy for this dataset
(Scikit-learn, n. d. b).

Data scaling is important in machine learning as it ensures the same
scale for all features, allowing models to learn faster and improve
accuracy. Using StandardScaler() from the sklearn library allows scaling
of data, reducing the impact of different feature scales and increasing
the efficiency of algorithms (Scikit-learn, n. d. d). For this purpose,
StandardScaler was specifically chosen because it standardizes the data
to zero mean and unit standard deviation (Pedregosa et al., 2011).

All features were selected for scaling, except for PurchaseStatus.
This is because PurchaseStatus already has binary values (1 or 0),
making it suitable for direct use in classification tasks. The main focus
was on scaling other features to ensure their compliance with machine
learning algorithm requirements and to improve the overall accuracy
of the model.

To split the data into training and test sets, we used the
train_test split function (Scikit-learn, n. d. ¢). In this process, all
features were split into training and test sets, and the target variable
PurchaseStatus was split into corresponding labels (y_train_b and
y_test_b). The test set comprised 30% of the total data volume, and
the stratify parameter ensured the preservation of class proportions of
the target variable in the samples.

After training the base models, we conducted additional training
taking into account the correlation between features. Correlation is a
statistical measure that reflects the strength and direction of the linear
relationship between two variables. It ranges from -1 to 1, where a
value close to 1 indicates a strong direct relationship, and a value close
to -1 indicates a strong inverse relationship. Understanding correlation
is important for making informed decisions in data analysis and model
building. This will allow for a better understanding of the relationships
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in the data and improve model accuracy by eliminating redundant
information and focusing on the most significant features (Correlation
analysis of data: What it is and how to apply it, n. d.). Fig. 1 presents
the study of feature correlation with the target variable.

Fig. 1. Correlation of features with the target variable
PurchaseStatus

The analysis of feature correlation with the target variable
PurchaseStatus showed that the features LoyaltyProgram, Discounts-
Availed, and TimeSpentOnWebsite have the strongest positive
influence. At the same time, the features ProductCategory and Gender
were found to be almost uncorrelated with the target variable, so it was
decided not to include them in further model training.

Based on the research results presented in Tables 1 and 2, the
following conclusions can be drawn regarding the selection of models
for further work.

Among all the models considered, Random Forest with Correlation
and Gradient Boosting with Correlation showed the highest accuracy,
precision, recall, and F1-score, reaching 92.33%. This indicates that
considering feature correlation significantly improves the performance
of these models. At the same time, SVM and Logistic Regression
demonstrated less impressive results, with accuracies of 86.09% and
82.73% respectively. Even accounting for correlation could not
substantially improve their performance, indicating their lower
effectiveness in this context. Given these results, two models were
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selected for further work: Random Forest with Correlation (Table 3)
and Gradient Boosting with Correlation (Table 4). These models
demonstrate a high capacity for data generalization and are the most
promising for solving tasks that require high accuracy and reliability.

Table 1
Performance results of base models
Ne Model Accuracy | Precision Recall F1-Score
Random
1 |Forest Base 0.908873 0.912551 | 0.905994 | 0.907894
Model
Gradient
2 [Boosting Base | 0.908873 0.911062 | 0.906618 | 0.908069
Model
3 |SVM Base 0.860911 | 0.861859 | 0.858766 | 0.859808
Model
Logistic
4 |Regression 0.827338 0.830673 | 0.823493 | 0.825116
Base Model
Table 2

Performance results of models considering correlation
Ne Model Accuracy | Precision Recall F1-Score
Random
1 |Forest with 0.923261 0.925669 | 0.921067 | 0.922584
Correlation
Gradient
2 |Boosting with | 0.923261 0.926409 | 0.920755 | 0.922512
Correlation
3 [SVMwith 6656115 | 0.855674 | 0.855198 | 0.855416
Correlation
Logistic
Regression
with
Correlation

0.810552 0.809724 0.80991 0.809812

After selecting the models, we focused on applying various
techniques to improve them. Initially, hyperparameter optimization
methods such as Grid Search and Random Search were used. These
methods allow finding optimal values for model parameters, which
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increases its accuracy and performance. Grid Search conducts an
exhaustive search of all possible parameter combinations, while Random
Search selectively tests random combinations, which can be more
efficient in large parameter spaces (Scikit-learn, n. d. a).

Next, ensemble methods were used, particularly bagging (Bootstrap
Aggregating). Ensemble methods combine predictions from multiple
models to improve overall accuracy and stability of results. Bagging
involves creating multiple subsets of data through random sampling
with replacement and training individual models on these subsets. The
results of these models are then averaged (or combined in another
way) to obtain the final prediction. This approach reduces variability
and increases the model's resistance to overfitting (Breiman, 1996).

Table 3
Results for Random Forest Models

Ne Model Accuracy | Precision | Recall F1-Score

1 |Random Forest 0.908873 | 0.912551 | 0.905994 | 0.907894
Base Model

, |Random Forest 0.920863 | 0.922287 | 0.919127 | 0.920269
using Bagging

3 |Balanced Random | ) o) 00 s | () 922808 | 0.918815 | 0.920201
Forest

4 |Random Forest 0.923261 | 0.925669 | 0.921067 | 0.922584
with Correlation
Random Forest

5 |using Random 0.930456 | 0.932625 | 0.928448 | 0.929873
Search

¢ |Random Forest 0.932854 | 0.934132 | 0.931324 | 0.932377
using Grid Search

The problem of class imbalance, which often arises in machine
learning tasks when one category of the target variable significantly
outweighs others, was also considered. Class imbalance can lead to
the model predicting the dominant class well, but performing poorly
on less represented classes. To address this issue, various approaches
were applied, such as data resampling (increasing the number of
examples in the less represented class or decreasing the number of
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examples in the dominant class) and the use of specialized algorithms
that account for class imbalance (He, & Garcia, 2009).

Table 4
Results for Gradient Boosting Models

Ne Model Accuracy | Precision | Recall F1-Score

1 |Gradient Boosting | 9503 | 0911062 | 0.906618 | 0.908069
Base Model

o |Gradient Boosting | ) 510165 | 919588 | 0.916875 | 0.917887
using Grid Search
Gradient Boosting

3 |using Random 0.918465 | 0.920154 | 0.916563 | 0.917818
Search

4 |Gradient Boosting | ) 5)3,61 | 926409 | 0.920755 | 0.922512
with Correlation

5 |Balanced Gradient | ) 5) 5059 | 0927762 | 0.923631 | 0.925037
Boosting

¢ |Cradient Boosting | ) 530456 1 0933341 | 0.928136 | 0.92981
using Bagging

Results

Random Forest models:

* The base model showed the lowest accuracy (90.89%).

* The best results were demonstrated by the model using Grid
Search (93.29% accuracy).

* All improved versions of Random Forest outperformed the base
model.

* Gradient Boosting models:

* The base model had the lowest accuracy (90.89%).

* The best results were shown by the model using Bagging
(93.05% accuracy).

* All modifications of Gradient Boosting outperformed the base
version.

The main objective of the study was to predict consumer
purchasing behavior using machine learning methods. The research
analyzed the performance of Random Forest and Gradient Boosting
models using various improvement techniques, including feature
correlation consideration, Grid Search, Random Search, Bagging, and
class balancing. The following results were obtained:
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Random Forest:

» The base Random Forest model showed an initial accuracy of
90.89%, serving as a baseline for further improvements.

* Adding feature correlation to Random Forest increased accuracy
to 92.33%, highlighting the importance of considering feature
correlations.

« Using Bagging and Balanced Random Forest methods led to the
same accuracy of 92.09%, demonstrating the effectiveness of these
approaches in reducing variance and increasing model stability.

* Random Search and Grid Search methods provided the highest
results, with accuracies of 93.05% and 93.29% respectively,
significantly improving model performance through hyperparameter
optimization.

* Gradient Boosting:

* The base Gradient Boosting model also showed an initial
accuracy of 90.89%.

* Adding feature correlation to Gradient Boosting improved
performance to 92.33%, confirming the importance of considering
feature correlations.

» Using Grid Search and Random Search led to an accuracy of
91.85%, indicating the effectiveness of these methods for fine-tuning
the model.

* Balanced Gradient Boosting and Gradient Boosting with Bagging
showed the highest accuracy among all Gradient Boosting models,
reaching 92.57% and 93.05% respectively, emphasizing their potential
in improving model accuracy and robustness.

Discussion and conclusions

Based on the conducted research, it can be concluded that for tasks
of predicting consumer purchasing behavior, adding feature correlation
and using hyperparameter optimization methods such as Grid Search
and Random Search significantly improve the performance of Random
Forest and Gradient Boosting models. Class balancing and Bagging
also demonstrated their effectiveness, especially in conditions of data
imbalance. For tasks requiring high accuracy and reliability, it is
recommended to use models that take into account correlation and
have optimized hyperparameters.
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JepxaBHUH TOProBe/JIbHO-eKOHOMiYHUII yHiBepcuTeT, KuiB, YkpaiHna

NMPOTHO3YBAHHA KYNIBEJbHOI NOBEAIHKH
CIIOKMBAYIB 3A JOIIOMOT' 010
METOAIB MAINIMHHOT'O HABYAHHA

JocaidiceHo 3acmocysaHHa memodie MAWUHHO20 HABYAHHS 015 npoa-
HO3Y8aHHS noeediHKU Ccnojcusavie Ha OCHO8I aHa.i3y daHux. 3 eukopuc-
maHHAM Ha6opy daHux i3 Kaggle, npoeedeHo aHai3 i nid2omoeKy daHux,
8K/1I04aioyu sudasieHHs dy6aikamie, Mmacuima6ye8aHHs 03HAK i Kopeasyitl-
Huil aHaxi3. [IpomecmogaHo pi3Hi Modesi MAWUHHO20 HABYAHHS, MAKI K
Random Forest i Gradient Boosting, i3 3acmocy8aHHAM pi3HUX MeXHIK, 30K-
pema i onmumizayii zinepnapamempis i 6aaaHcyeaHHs Kadacie. Pe3y/b-
mamu nokasaau, wo 8UKOPUCMAHHA Kope/sayii 03HaK ma onmumizayii
2inepnapamempie 3HaYHO NOKpauwjye mo4Hicme modesell, ujo po6ums ix
efhekmusHuUMuU iHCmMpymeHmamu 0158 NPo2HO3Y6AHHS N0BEJIHKU CNOXMCU-
sauie y cghepi oHaaiiH-npodadicie.

Knw4yoBi ciaoBa: mMawuHHe HABYAHHSA, NPOZHO3Y8AHHS NOBEJIHKU
cnosicueadis, aHaniz daHux, Random Forest, Gradient Boosting, onmumi3sa-
yis zinepnapamempis, kopeasyitiHuii aHa/1i3, OHAATH-NPOJaAX;CI.

ABTOpH 3asIBJISIOTH PO BiICYTHICTH KOHQUIKTY iHTepeciB. CrioHCOpU He Opany y4acTi B
PO3pOoOIIeHHI JOCTIKEHHS; y 300pi, aHaIIi31 YK IHTepIpeTallii JaHHX; Y HallMCaHHI PYKOITHCY; B
pileHHi npo MyOTiKamilo pe3yabTaTiB.
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