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Precise identification of customer churn is crucial for e-commerce companies
due to the high costs associated with acquiring new customers. In this sector,
where revenues are affected by customer churn, the challenge is intensified by
the diversity of product choices offered on various marketplaces. Customers
can easily switch from one platform to another, emphasizing the need for
accurate churn classification to anticipate revenue fluctuations in
e-commerce. In this context, this study proposes seven machine learning
classification models to predict customer churn, including decision tree (DT),
random forest (RF), support vector machine (SVM), logistic regression (LR),
naive Bayes (NB), k-nearest neighbors (K-NN), and artificial neural network
(ANN). The performances of the models were evaluated using confusion
matrix, accuracy, precision, recall, and F1-score. The results indicated that the
ANN model achieves the highest accuracy at 92.09%, closely followed by RF
at 91.21%. In contrast, the NB model performed the least favorably with an
accuracy of 75.04%. Two explainable artificial intelligence (XAI) methods,
shapley additive explanations (SHAP) and local interpretable model-agnostic
explanations (LIME), were used to explain the models. SHAP provided global
explanations for both ANN and RF models through Kernel SHAP and Tree
SHAP. LIME, offering local explanations, was applied only to the ANN
model which gave better accuracy.
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1. INTRODUCTION

Electronic commerce is a rapidly growing field in which business transactions are conducted on the
internet [1]. This evolution has transformed the way companies operate and interact with customers. In the 21
century, successful companies actively engage with their customers [2], and recognize the important role of
customer loyalty in achieving economic success [3], [4]. However, the increasing competition in the online
markets presents various challenges for companies, with customer churn emerging as one of the most critical.

Customer churn is when a customer ceases to use a company's product or service [5], posing a
significant challenge across industries due to missed profit opportunities [6]. Furthermore, acquiring new
customers often results in higher costs for companies in contrast to maintaining existing ones by satisfying
their actual needs [7], resulting in companies spending six times more to acquire customers compared to retain
them [8], [9]. This underlines the importance of customer loyalty, ensuring businesses a continuous generation
of revenue covering costs in the short, medium, and long term [3], [4], [7]. The success of a company relies on

Journal homepage: http://ijai.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

Int J Artif Intell ISSN: 2252-8938 a 287

the proactive understanding and management of customer relations [10], achieved through the implementation
of customer relationship strategies that fit their business [11]. However, businesses, irrespective of their
industry, cannot completely avoid the phenomenon of customer churn, which refers to the transition of a
customer from one service provider to another [12]. This is where the significance of predicting customer churn
becomes apparent, aiming to evaluate the proportion of customers terminating or potentially terminating their
use or subscription to a product or service provided by an organization or company [13].

Artificial intelligence (Al) is the development of computer systems that replicate human intelligence,
encompassing natural language processing, visual perception, speech recognition, and decision-making [14].
In e-commerce, Al techniques enhance network marketing, electronic payments, and logistics management,
while also allowing platforms to understand the factors influencing the purchasing behaviors of current and
potential clients, enabling the development of innovative strategies to address the evolving needs and
preferences of consumers [15]. Although Al is powerful in solving a variety of tasks, its complexity and lack
of transparency can sometimes make it inadequate. Al models are often viewed as 'black boxes', which
complicates the understanding of their internal decision-making processes and the foundations of their
conclusions. The key question is how we can bridge this gap between Al's capabilities and our understanding
of its operational mechanisms. This challenge has led to the emergence of explainable artificial intelligence
(XAl), which focuses on interpreting complex models and emphasizing the understanding of Al models and
their predictions. XAl aims to provide clarity on the processes behind these predictions, thereby fostering
trustworthiness, ensuring causal relationships, enhancing transferability, building confidence, promoting
fairness, facilitating accessibility, and encouraging interactivity [16].

2. RESEARCH CONTEXT
2.1. Problem statement and proposed solution

While e-commerce platforms apply various strategies to retain customers and reduce churn, the lack
of transparency in understanding why customers leave remains a critical issue. Traditional black-box machine
learning models used for churn prediction offer limited insights into the factors that contribute to churn, which
poses a challenge to the development of effective retention strategies. This problem necessitates the application
of XAl to enhance the interpretability of churn prediction models. By addressing this problem, e-commerce
platforms can proactively identify at-risk customers, understand the reasons behind potential churn, and
implement targeted retention efforts, ultimately improving customer satisfaction and revenue stability or
increase. This study aims to explore the application of XAl in the context of predicting customer churn in
e-commerce, with the goal of bridging the gap between machine learning accuracy and model interpretability.
The study employs supervised learning techniques, including decision trees (DT), random forests (RF), naive
Bayes (NB), logistic regression (LR), support vector machines (SVM), k-nearest neighbors (K-NN), and
artificial neural networks (ANN) for customer churn prediction. Additionally, it provides explanations for two
models with the highest accuracy using shapley additive explanations (SHAP) and local interpretable model-
agnostic explanations (LIME).

2.2. Study overview

The current study evaluates different machine learning models for predicting customer churn in the
e-commerce industry and utilizes XAl to identify the factors contributing to it. It is organized into five main
sections with this introduction offering an overview of the research, encompassing e-commerce, customer
churn, Al techniques, and XAl, while also addressing the problem statement. The second section examines an
extensive review of existing literature on the utilization of Al techniques for addressing customer churn across
various domains, including e-commerce, telecommunications, and banking. It also explores existing XAl
models in the context of customer churn. The third section explores the research methodology, covering the
methodological steps, machine learning algorithms utilized, performance metrics for classification models, and
approaches to XAl models. The fourth section presents the study's results and discusses its findings, which
include the accuracy of the applied machine learning models and the identification of the most effective model,
along with the key factors influencing customer churn. Finally, the fifth section offers a brief summary of the
overall study findings, discusses study limitations, and proposes directions for future research.

3. RELATED WORKS
3.1. Customer churn classification models

Numerous studies have focused on the classification of customer churn across varied sectors such as
e-commerce, telecommunications, banking, and other services and e-services. Baghla and Gupta [5] focuses
on predicting customer churn in the e-commerce sector, employing five machine learning techniques, including
neural network, SVM, NB, RF, and the deep learning technique Adam. The results reveal that the RF classifier
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achieves the highest prediction accuracy at 99.35%, surpassing other methods in the study. According to
Xiahou and Harada [17], a predictive model for customer churn in business-to-consumer (B2C) e-commerce
combines customer segmentation using k-means and prediction with SVM. This study demonstrates a
significant improvement in prediction accuracy after customer segmentation, emphasizing the necessity of
k-means clustering. The prediction accuracy of the SVM model is found to be superior to LR. Shi et al. [18]
proposes and assesses a classification model employing machine learning algorithms for predicting customer
churn using e-commerce customer data. Notably, the DT algorithm emerges as the most effective model.

Larasati et al. [19] examine customer churn in the Indonesian telecommunications company PT. XYZ,
presenting an optimized deep learning algorithm ANN with an accuracy rate of 76.35%. Two influential
variables, contract type, and service type are identified. Momin et al. [20] evaluates various supervised
classification methods to predict customer churn rates using international business machines (IBM) Telco data.
The examined models include K-NN, NB, RF, DT, LR, and ANN. The ANN model achieves an accuracy of
82.83% on validation data, surpassing K-NN which achieves 78% accuracy. Panjasuchat and Limpiyakorn [21]
focuses on applying the deep Q network (DQN) model in reinforcement learning, comparing it to three
supervised classification methods, namely XGBoost, RF, and K-NN. The results highlight the excellence of
DQN in terms of accuracy. Kanwal et al. [22] compares different classification algorithms, namely gradient
boosted tree (GBT), DT, K-NN, and NB. These methods demonstrate significant performance in terms of
accuracy, reaching 93%, 90%, 89%, and 89%, respectively. Amin et al. [23] proposes an innovative learning
approach for predicting customer churn using the NB classifier. This approach integrates a feature weighting
method based on a genetic algorithm, part of a broader set of evolutionary algorithms. The evaluation of the
effectiveness of this approach is done on public datasets such as BigML Telco, IBM Telco, and Cell2Cell,
demonstrating a significant improvement in predictive performance compared to several reference classifiers
(Deep-backpropagation (BP)-ANN, convolutional neural network (CNN), neural network, linear regression,
NB, XGBoost, K-NN, LogitBoost, SVM, and principal component analysis with linear boosting (PCALB)).
With respective accuracies of 0.95, 0.97, and 0.98 on the considered datasets, this adaptive approach represents
a notable contribution to predicting customer churn in the telecommunications sector. Najjar et al. [24] aims
to compare models predicting customer churn for credit cards to anticipate their behavior towards banks,
including Bayesian network, C5 tree, chi-squared automatic interaction detector (CHAID) tree, classification
and regression (CR) tree, and neural network. The results demonstrate the effectiveness of all models, with the
C5 model outperforming the others in performance, influenced by key variables such as the total number of
transactions and the total renewable balance on the credit card.

3.2. Explainable artificial intelligence models

XAl is a research field focused on interpreting complex models and emphasizing the understanding
of Al models and their predictions. Various approaches have been proposed to achieve this objective. The trend
towards referencing XAl in the scientific literature is clearly illustrated in Figure 1(a). The first mention of
XAl in Scopus, either in titles, abstracts, or keywords, was in 2018 and was associated with four studies
[25]-[28]. There was a notable growth in the adoption of XAl, reaching its peak in 2023 with 510 studies,
accounting for over half of the total studies in this area. The first research article listed on Scopus that explores
the application of XAl in the e-commerce field, illustrated in Figure 1(b), was published in 2020 [29]. This
paper demonstrates the integration of XAl into the DeepLimeSeg model to interpret results for customer
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Figure 1. Yearly number of Scopus publications from 2018 to 2023 containing the terms (a) XAl and (b) XAl
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Saitoh [30] utilizes XAl with the XGBoost model to identify potential online customers from a group
of offline customers. Mandeep et al. [31] applies XAl to forecast stock market trends and elucidates the
predictions through the utilization of SHAP and LIME. Lee et al. [32] applies SHAP to comprehend the factors
that affect customer behavior. Xuehan [33] employs SHAP models to comprehend the feature effects on
personal credit risk in the e-commerce sector.

4. METHODOLOGY

The current study aims to compare seven machine learning models for predicting customer churn in a
marketplace. The two best-performing models are further analyzed using XAl techniques to explain the
outcomes. To accomplish this, the research methodology is divided into six phases, as illustrated in Figure 2.

Data pre-processing Hyperparameter tuning Model explainability

Data collection Modeling Evaluation

Figure 2. Research methodology

4.1. Data collection and pre-processing

The data used for this study were obtained from kaggle [34], consisting of 2,841 customers, each
defined by 16 features, including gender, marital status, city tier, tenure, preferred order category, preferred
payment mode, preferred login device, coupon usage, order amount hike from last year, order count, days since
the last order, hours spent on the app, warehouse-to-home distance, number of registered devices, complaints
and satisfaction score. The target variable, ‘churn," indicates whether a customer has canceled their subscription
and is coded as either 'yes' or 'no.' Out of the 2,841 instances, 2,362 are labeled 'no’ and 479 are labeled 'yes'.

To prepare these data for machine learning prediction, cleaning steps were conducted, addressing
missing data, removing duplicates, and converting categorical variables to an appropriate format. Following
the cleaning process, the dataset was divided into two subsets: 80% of the data was allocated to the training
set, and the remaining 20% was set aside for the test set. The training set, comprising the majority of the data,
was utilized to train the machine learning model, while the test set, representing a smaller portion, was reserved
for evaluating the model's performance on previously unseen data instances.

4.2. Machine learning models

Since the utilized database contains a target variable, ‘churn’, the selected machine learning models
belong to the category of supervised learning. These models DT, RF, NB, LR, SVM, K-NN, and ANN. Each
of these models was chosen to evaluate their effectiveness in predicting customer churn.

4.2.1. Decision tree

DT employs an inductive method to learn from known data classes [35]. It takes the form of a
tree-like structure where each path from the root to a leaf is defined by a sequence of data separation leading
to an outcome. This tree represents a hierarchy of knowledge relationships comprising nodes and connections
[36]. It subdivides data into smaller groups through simple decision-making steps, promoting similarity
between values within each group. As an algorithm, it is both easy to interpret, integrate into databases, and
reliable, making it widely preferred in classification [35].

4.2.2. Random forests

RF adopts a splitting strategy for model construction. It generates various types of DT, with each tree
trained by randomly selecting an attribute from the complete set of predictive attributes. It grows to its
maximum depth based on a specific subset of features [37]. The RFs performance is influenced by the number
of DT it contains, such that an increase in this number is proportional to an improvement in the probability of
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accuracy [14]. This approach combines the strengths of different trees to enhance model reliability, thereby
contributing to improved predictive performance.

4.2.3. Naive bayes

NB, introduced by Reverend Thomas Bayes in 1,760, relies on two types of probabilities: i) P (C;) the
a priori probability of each class C; and ii) P (A;/C;) the conditional probability of each class label given the
value x of the variable [23]. The steps of the NB algorithm in classifying datasets are outlined in the study by
Afifah and Much [38]. This method can provide high accuracy and fast performance when analyzing large
datasets [39].

4.2.4. Logistic regression

LR serves as an alternative to the least squares method, particularly when dealing with multivariate
models that involve a distinction between dependent and independent variables [35]. This method is capable
of handling both real and/or categorical inputs. The prediction rule states that if the predicted probability is
above 0.5, the output is assigned to class 0; otherwise, it is assigned to class 1 [40].

4.2.5. Support vector machines

SVM, developed by Cortes and Vapnik in 1995, is particularly effective for tasks involving binary
classification [35]. The algorithm maps each data point into an n-dimensional space, where n represents the
number of features, assigning a value to each feature based on its respective coordinate. Its objective is to
define the optimal hyperplane for a perfect separation of classes [41]. New unlabeled samples are then assigned
to one of the two categories based on their position relative to the hyperplane.

4.2.6. K-nearest neighbors

K-NN, introduced by Fix and Hodges in 1951, is based on the fundamental principle that the most
similar data points belong to the same class [35]. When a new observation is presented, the algorithm assesses
its proximity to all other observations in the training dataset. It then identifies the K most similar observations.
The most frequent class among these K neighbors is assigned to the new observation, categorizing it into the
class most represented among its close neighbors. A notable feature of this method is that it does not require
prior knowledge of the data distribution for classification [42]. Additionally, it demonstrates the ability to
provide accurate predictions even with large datasets [43].

4.2.7. Artificial neural networks

ANN consists of interconnected layers of neurons, functioning as basic processing units similar to
biological neurons [44]. These units integrate weighted inputs, representing influences from synaptic
connections and simulating the roles of dendrites and axons. Signal transmission between neurons occurs
through activation functions.

4.3. Hyperparameters configuration

To select optimal hyperparameters, a grid search approach is employed. This method explores
predefined combinations of hyperparameters and evaluates the performance of each combination based on
accuracy as the optimization criterion. The combination of hyperparameters that demonstrates the best average
results is chosen as the final model for forecasting customer churn.

4.4. Performance evaluation metrics

To evaluate the performance of classification models, various metrics are applicable. Details of 16
measures are provided in [45]. This study specifically utilizes five metrics: confusion matrix, accuracy,
precision, recall, and F1-score. The confusion matrix involves marking actual values as true or false and
predicting outcomes as positive or negative. Accuracy measures the ratio of correct predictions to total
predictions. Precision measures the accuracy of positive predictions. Recall or sensitivity is the proportion of
correct positive predictions to the total number of actual positives. The F1-score is the harmonic mean of recall
and precision.

4.5. Explainable artificial intelligence

The objective of interpretable machine learning is to comprehend the prediction-making process of
models. It seeks to address questions about the relationships between input and output, as well as identify the
most influential features driving predictions [46]. This study utilizes two different XAl techniques: SHAP and
LIME. SHAP employs game theory principles to explain the functioning of a machine learning model. Using
an additive feature attribution method, SHAP seeks to make the model interpretable [47]. SHAP provides
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several specialized versions for distinct model types, such as Kernel SHAP, Tree SHAP, Deep SHAP, Gradient
SHAP, Linear SHAP, and Partition SHAP. More details about these techniques can be found in the
documentation at the SHAP tools. The SHAP documentation is available at: https://shap.readthedocs.io. LIME
falls into the category of Post-Hoc and Model-Agnostic methods, offering localized explanations for specific
predictions [48].

5. RESULTS AND DISCUSSIONS
5.1. Classification results

The performance of the seven machine learning models was evaluated using confusion matrix,
accuracy, precision, recall, and F1-score. The results are summarized in Table 1 and Figure 3, The DT model
achieved an accuracy of 89%. For each class, it showed a precision of 95%, a recall of 93%, and an F1-score
of 94% for class 0. Additionally, it demonstrated a precision of 69%, a recall of 75%, and an F1-score of 72%
for class 1. The RF model attained a 91% accuracy. It displayed a precision of 92% and a recall of 98%,
resulting in an F1-score of 95% for class 0. For class 1, it showcased a precision of 88%, a recall of 58%, and
an F1-score of 70%. The NB model achieved a 75% accuracy. It demonstrated a precision of 89% and a recall
of 80%, leading to an F1-score of 84% for class 0. In contrast, for class 1, it presented a 36% precision, a 54%
recall, and a 43% F1-score. The accuracy of the LR model was 86%, with precision and recall values of 86%
and 98%, resulting in an F1-score of 92% for class 0. Moreover, for class 1, the model showcased a precision
of 76%, a recall of 26%, and an F1-score of 39%. The SVM model delivered an accuracy of 83%, showcasing
precision scores of 83% and 100%, recall rates of 100% and 5%, and F1-scores of 91% and 10% for class
0 and class 1, respectively. The K-NN model achieved an accuracy of 84%, with precision and recall rates of
86% and 96% resulting in an F1 score of 91% for class 0. In the case of class 1, it demonstrated precision,
recall, and F1 score values of 71%, 27%, and 38%, respectively. The ANN model achieved a higher accuracy
at 92%, with precision, recall, and F1 score metrics of 93%, 98%, and 95% for class 0, and 87%, 65%, and
74% for class 1.

Table 1. The performance of various models: confusion matrix, accuracy, precision, recall and F1-score

Models  Values of the confusion matrix ~ Accuracy  Class Evaluation metrics
N FP FN TP Precision  Recall  Fl-score

DT 436 33 25 75 0.8981 0 0.95 0.93 0.94

1 0.69 0.75 0.72

FR 461 8 42 58 0.9121 0 0.92 0.98 0.95

1 0.88 0.58 0.70

NB 373 96 46 54 0.7504 0 0.89 0.80 0.84

1 0.36 0.54 0.43

LR 461 8 74 26 0.8559 0 0.86 0.98 0.92

1 0.76 0.26 0.39

SVM 469 0 95 5 0.8330 0 0.83 1.00 091
1 1.00 0.05 0.10

K-NN 452 17 73 27 0.8418 0 0.86 0.96 0.91
1 0.61 0.27 0.38

ANN 459 10 35 65 0.9209 0 0.93 0.98 0.95
1 0.87 0.65 0.74

1
ﬁ |
1
Precision Recall F1score Precision Recall F1score Accuracy
Class 0 Class 1
m Decision Tree (DT) m Random Forest (RF) Naive Bayes (NB)
Logistic Regression (LR) | Support Vector Machine (SVM) m K-Nearest Neighbors (KNN)

®m and Artificial Neural Network (ANN)

Figure 3. Evaluation model performance
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Models DT, LR, K-NN, and SVM demonstrate good performance with accuracies of 89%, 86%, 84%,
and 839%, respectively. In contrast, the NB model showed the lowest accuracy, standing at 75%, with precision,
recall, and F1 scores of 89%, 80%, and 84% for class 0, and 36%, 54%, and 43% for class 1. To identify
non-churn customers, DT achieved the highest precision with a score of 95%, followed closely by ANN with
a precision of 93% and RF with 92%. However, the lowest precision was observed with K-NN at 86%.
Conversely, to detect churn customers, SVM achieved the highest precision with a score of 100%, followed by
RF with a precision of 88% and ANN with 87%. In contrast, the NB model showed the lowest precision at
36%. When identifying non-churn customers, SVM led with the highest recall at 100%, followed by RF, LR,
and ANN, each achieving a recall of 98%, while K-NN demonstrated a recall at 96%. Conversely, NB showed
the lowest precision at 80%. On the other hand, in the case of identifying churn customers, DT attained the
highest precision at 75%, followed by ANN at 65%, RF at 58%, NB at 54%, and K-NN and LR at 27% and
26%, respectively. In contrast, the SVM model showed the lowest precision at 5%. To detect non-churn
customers, ANN and RF led with the highest F1-score at 95%, followed by DT at 94%, LR at 92% while
K-NN and SVM demonstrated each at 96%. Conversely, NB showed the lowest precision at 84%. On the other
hand, when identifying churn customers, ANN attained the highest precision at 74%, followed by DT at 72%,
RF at 70%, NB at 43%, and LR and K-NN at 39% and 38%, respectively. In contrast, the SVM model showed
the lowest precision at 10%.

5.2. Explainable artificial intelligence results

The application of XAl has facilitated the identification of dominant features influencing the
prediction of customer churn. In order to gain deeper insights into the reasons behind customer departure,
SHAP and LIME methods were applied to two high-performing models, which are the ANN and RF. This
strategic decision aims to establish a balance between precision and recall, underscoring the importance of
reaching a harmonious state. The SHAP values quantify the disparity between the actual prediction result and
the model's average prediction. Kernel SHAP was used for the ANN model, while Tree SHAP was utilized for
the RF model.

Figures 4(a) and 4(b) illustrate the global importance for the ANN and RF models, respectively. The
X-axis represents the average change in the model output when a feature is excluded. Features are arranged
based on the absolute sum value of their effect magnitudes on the model. In both models, ‘Complain’ emerges
as the most influential feature. This suggests that the presence or absence of complaints has a significant impact
on the model predictions.

compiain |
preferedordercat
eleredOrderca preferedordercat |
satisfactionscore | EEEEEEENEEN waritaistaros [
ciyrier | satistactionscore | NN
Maritalstatus | ciryrier |
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mean(|SHAP value|) (average impact on model output magnitude mean(|SHAP value|) (average impact on model output magnitude

Figure 4. Global feature importance (a) for the ANN model and (b) for the RF model

As shown in Figure 5(a), which illustrates the SHAP values for the ANN model, the placement on the
x-axis signifies the influence of that value on the model’s output. The factors contributing to an increased
likelihood of customer engagement with the company become apparent. Customers with a preferred order
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category (PreferredOrderCat=3), those who have placed multiple orders (OrderCount=1), and who haven't
raised any complaints (Complain=0) show positive influences. Coupled with their preferred payment method,
these elements collectively create a significant drive toward engagement, surpassing the negative factors.

Instead of Figure 5(b), which displays the SHAP values of the RF model, a detailed exploration of the
contributions of all attributes across both classes is offered. Notably, the '‘Complain' feature exhibits both
positive and negative SHAP values in both models, indicating a non-linear relationship with the target variable.
A positive SHAP value for 'Complain’ suggests that, in certain instances, having a complaint is associated with
an increase in the predicted outcome, potentially indicating a higher likelihood of the target variable belonging
to the ‘churn’ class.

higher = lower
2 0.03 05502
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Figure 5. SHAP values for (a) ANN and (b) RF models

The LIME method was applied to the ANN model due to its superior performance, aiming to identify
key features influencing the classification of data points into churn or non-churn categories. Figures 6(a) and 6(b)
illustrate the local feature importance generated by LIME for the ANN model, showcasing the contributions
for two specific classes: class 1 (churn) and class 0 (non-churn). As illustrated in Figure 6(a), according to
LIME's analysis, the features indicating complain, tenure, marital status and preferred order category have a
significant positive impact on the classification of this data point as a churn customer. Conversely, features
such as city tier, gender, coupon used, and warehouse to home have a negative effect on the classification. The
probability values associated with each feature in LIME's interpretation indicate the individual impact that
these features have on a specific instance for the model.

A probability value of 0.20 for the '‘Complain’ feature suggests that, in the context of this specific data
point, the presence or absence of a complaint significantly contributes to the model predicting the customer as
likely to churn. The higher the probability, the more influential the feature is in driving the prediction toward
the churn class. Similarly, other features with associated probabilities provide insights into their respective
impacts to understand the decision-making process of the model for classifying instances as churn customers.
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Figure 6(b) illustrates how features impact the classification of non-churn customers. The complaint
probability stands at 0.20. Regarding the ‘tenure’ feature, a probability value of 0.15 suggests its substantial
contribution to predicting the customer as likely to stay non-churn for this specific data point. Additionally, the
probability of 'marital status' is 0.10, and the probability for preferred category is 0.08. Most features show an
opposite effect compared to churn customers, contributing significantly to the model's prediction. However,
some features have unique contributions that don't follow this pattern.
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Figure 6. LIME interpretability graph using the ANN model for (a) churn and (b) non-churn prediction
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These findings underscore the potential of integrating machine learning and XAl in e-commerce to
develop more effective customer retention strategies. By understanding the key factors driving customer churn,
e-commerce platforms can design personalized interventions to address specific issues and improve customer
satisfaction, thereby reducing churn rates and increasing customer loyalty. This study suggests that proactive
customer service, customized marketing, specific engagement strategies, and predictive analytics are crucial
for enhancing customer retention in e-commerce. Addressing complaints promptly, utilizing tenure and order
preference data for targeted campaigns, developing strategies based on customer segments, and using methods
to identify at-risk customers early can significantly boost customer loyalty and grow revenue.

6. CONCLUSION

This research provides a comparative analysis of classification machine learning models for predicting
customer churn and explores the application of XAl within the e-commerce sector. Starting with an exhaustive
review of prior research on customer churn, it underscores the limited exploration of XAl methods for
elucidating churn models in e-commerce despite notable progress in addressing this issue. The methodology
adopted in this study encompasses five phases: data collection and preparation, model construction, model
evaluation, and model explainability. The selected models include DT, RF, LR, SVM, NB, and ANN. The
performance of these models was evaluated using five quality indicators: confusion matrix, accuracy, precision,
recall, and F1-score. Hyperparameter configuration for each model involves a grid search method aimed at
maximizing accuracy. Results indicate that the ANN model achieves the highest accuracy at 92.09%, closely
followed by RF at 91.21%. Conversely, the NB model performed the least favorably with an accuracy of 75%.
To enhance model interpretability, two explainability techniques were applied: A global SHAP model and a
local LIME model. SHAP was implemented on both ANN and RF, utilizing Kernel SHAP for ANN and Tree
SHAP for RF. Findings reveal that, in both models, the ‘complaint' feature is the most influential in predictions.
The local LIME model, applied exclusively to the ANN model, uncovered that ‘complaint,’ ‘tenure,' 'marital
status,' and 'preferred order category' positively impact churn classification, while ‘city tier,' ‘gender,' ‘coupon
used," and ‘warehouse to home' negatively impact churn classification. For the non-churn class, most features
exhibit an opposite effect compared to churn customers. This study explored a comprehensive set of machine
learning models and XAl techniques with a dataset from Kaggle. However, further and in-depth studies are
needed to confirm these findings across different datasets and e-commerce platforms, especially regarding the
generalizability of the identified key features influencing churn. Future studies may explore the integration of
other XAl methods with different machine learning models and datasets to validate and expand on these
findings, with feasible ways of producing even more refined and actionable insights for e-commerce platforms.
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