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A B S T R A C T

Understanding and predicting customer loyalty has become essential in

increasingly competitive digital markets, yet conventional behavioral models,

such as RFM, remain limited by their reliance on retrospective transactional

data. Meanwhile, vast volumes of rich, interactive customer feedback,

particularly online reviews, remain chronically underutilized for loyalty

prediction. This study introduces a novel deep learning framework that

predicts behavioral loyalty directly from customer review texts, eliminating

the need for historical purchase records. Using a large e-commerce dataset

of 58,841 samples, we combine advanced transformer-based language models

(BERT, RoBERTa, ALBERT, GPT, and Qwen) with structured features

and employ a genetic algorithm to optimize across 19,440 configurations of

loyalty labeling schemes, neural architectures, text embeddings, and feature

combinations. The resulting model achieves an accuracy of 0.92 and an F1-score

of 0.90, substantially outperforming baseline machine learning methods

and non-transformer text embedding approaches. Beyond performance, the

integration of SHAP-based explainability provides transparent insights into

the linguistic and behavioral cues driving loyalty predictions. These findings

demonstrate that customer reviews contain powerful behavioral signals that

can be transformed into actionable intelligence for real-time CRM, customer

retention, competitive analysis, and multi-channel personalization, particularly

in contexts where RFM data are incomplete or unavailable. This work offers

both a methodological advancement in loyalty prediction and a practical,

scalable tool for organizations seeking to leverage interactive feedback to build

stronger, more proactive customer relationships.
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1 Introduction

As the business environment becomes increasingly
competitive and the number of substitutable goods
and services rises, the study of customer loyalty has
become more critical than ever. In such conditions,
businesses must be able to examine and understand
consumer behavior; it can be asserted that a business

https://dx.doi.org/10.22108/jcs.2026.147672.1188
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lacking satisfied and loyal customers will lack proper
effectiveness [1, 2]. Furthermore, it is important to
note that maintaining and improving a company’s
revenue status relies more on retaining current users
than on acquiring new customers, making the analysis
of current customer behavior and the prediction of
their loyalty extremely valuable. The insights gained
from this analysis can significantly aid business own-
ers [3]. Business managers can leverage the results of
customer loyalty analysis to identify the main reasons
for customer dissatisfaction and take steps to address
these issues, thereby enhancing customer satisfaction.
Additionally, managers can use the findings to iden-
tify customers who are likely to discontinue using the
company’s products/services and allocate available re-
sources more effectively to regain their satisfaction [4].
For example, offering promotions to loyal customers
provides significant benefits, as such promotions di-
rectly enhance customer satisfaction, which in turn
strengthens loyalty and encourages repeat business [5].
Loyal customers are more likely to respond positively
to exclusive offers, such as gifts or VIP services, which
not only reward their continued patronage but also
differentiate the brand in a competitive market [5].
This cumulative effect of increased satisfaction and
loyalty contributes to sustained business growth and
long-term profitability.

Customer loyalty is commonly divided into behav-
ioral and attitudinal forms. Behavioral loyalty refers
to observable actions, such as repeated purchases or
frequent interactions with a brand, often measured
through buying frequency, spending level, and cus-
tomer tenure. It may also be influenced by switching
costs, where customers remain with a brand due to
the perceived inconvenience or expense of changing
providers rather than true satisfaction [6]. Attitudi-
nal loyalty reflects the emotional and psychological
attachment customers feel toward a brand, captured
through their attitudes, preferences, and willingness
to recommend it. Factors such as satisfaction, brand
image, and relationship quality shape this form of
loyalty. Although attitudinal loyalty can lead to be-
havioral loyalty, the reverse is not always true, as
customers may repurchase without strong emotional
commitment [6]. Both forms matter, but behavioral
loyalty is often viewed as more critical due to its direct
link with sales and long-term business sustainability.

The rise of online services has generated vast vol-
umes of unstructured textual data. Natural Language
Processing (NLP) techniques can convert this raw in-
formation into structured formats, improving human-
computer interaction and enabling diverse analytical
applications [7]. Despite the recognized importance of
customer loyalty and the availability of such data in
online retail contexts, few studies have applied textual

analysis to predict loyalty. As a result, much of this
unstructured data remains underutilized, even though
NLP and machine learning methods could effectively
estimate customer loyalty levels.

The RFM model is highly effective and valuable
for predicting customers’ future behavioral responses,
assisting business owners in achieving greater prof-
itability in a short period. This model can efficiently
identify a company’s valuable customers and provide
critical insights to owners and managers. Moreover, it
enables business owners to define timely promotions
for the right customers by identifying patterns among
them. However, the RFM model is retrospective and
requires historical data that may not always be avail-
able. In some situations, the necessary information
for constructing this model may be lacking. Therefore,
developing a model that can predict customer loyalty
based solely on available data, such as customer re-
views, would be immensely beneficial and practical.
Such a model could prove useful in the following sce-
narios:

• New Customers: For newly acquired customers
whose reviews are available, but for whom suffi-
cient data to calculate RFM metrics is lacking.

• Competitor Analysis: When customer reviews
of a competitor are publicly accessible, but the
information required to calculate RFM is not
available, the model can analyze customer loyalty
in this context.

• Social Media Contexts: In platforms like social
media, where customer information may not be
uniformly collected for RFM scoring, this model
can assess customer loyalty solely based on their
reviews.

Explainable AI (XAI) comprises methods that make
complex machine learning models, particularly “black-
box” systems, transparent and interpretable to hu-
mans. Beyond generating predictions, XAI explains
how and why a model makes certain decisions through
feature-importance scores or visualization of internal
mechanisms [8, 9]. This interpretability is essential
for trust, accountability, and actionable insights in
business applications. In customer relationship man-
agement (CRM), XAI helps translate model outputs
into strategies for acquisition, retention, and service
optimization. In text-based analytics, methods such as
SHAP and LIME identify which words or sentiments
most influence satisfaction, churn risk, or loyalty. By
offering local and global explanations, for instance,
highlighting phrases like “late delivery” or “poor sup-
port” that reduce loyalty, XAI guides marketing and
customer service teams toward targeted interventions.

Applying XAI to CRM text analysis thus enables
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firms to uncover the main drivers of sentiment and
loyalty. Insights such as “fast shipping” elevating loy-
alty or “faulty packaging” predicting churn allow busi-
nesses to tailor actions for specific segments, retrain
staff to address frequent pain points, and personalize
offers based on satisfaction factors. Combined with
NLP, XAI transforms CRM models from merely pre-
dictive to truly prescriptive, helping organizations act
on the most influential determinants of customer en-
gagement.

This study aims to predict customer behavioral
loyalty in an online store by integrating RFM-based
segmentation with textual review analysis. Using an e-
commerce dataset, we first categorize customers into
loyalty classes via various RFM configurations and
vectorize their reviews using multiple language models.
Our objective is to identify the optimal combination
of RFM labeling, language models, class counts, and
machine learning algorithms for loyalty prediction. To
ensure interpretability, we employ SHAP for local and
global explanations. This approach identifies specific
textual drivers, such as individual words or recurring
sentiment patterns, that influence loyalty predictions,
providing stakeholders with actionable data-driven
insights.

The structure of the paper is organized as follows.
Section 2 reviews previous studies in the field of cus-
tomer loyalty prediction, highlighting the gaps that
this study seeks to address. Section 3 explains the
proposed method to predict customer loyalty through
data processing and modeling of various features,
alongside the application of natural language process-
ing techniques. Section 4 presents the results and inter-
pretations obtained after implementing the proposed
methodology. Finally, Section 5 offers a comprehen-
sive summary of the paper along with limitations and
recommendations for future research.

2 RelatedWorks

This section presents a comprehensive review of studies
focused on predicting and analyzing customer loyalty.
The studies are categorized based on the type of data
utilized (structured or unstructured).

2.1 Research Utilizing Structured Data

Kishada et al. used an Artificial Neural Network
(ANN) to predict customer loyalty in Malaysian Is-
lamic banking, achieving a correlation coefficient of
0.98. Data was labeled via survey questionnaires, iden-
tifying satisfaction and service quality as key predic-
tors [10]. Alizadeh and Bidgoli proposed a hybrid
data mining model, labeling customers via K-means

clustering based on spending levels. Applying various
classifiers, their Bagging-ANN approach achieved the
highest prediction accuracy of 0.71 [11]. Machado et
al. compared Gradient Boosting models for a South
American financial company, finding that LightGBM
outperformed XGBoost in RMSE efficiency. Loyalty
scores derived from transaction histories served as the
target labels [12].

Wijaya et al. evaluated data mining algorithms for
telecom churn prediction, with customer labels de-
rived from behavioral indicators like usage frequency.
The C4.5 algorithm yielded the highest accuracy at
0.81 [13]. Sulistiani et al. utilized a Dynamic Mutual
Information and Support Vector Machine (DMI-SVM)
model on survey-labeled data; the nonlinear model
incorporating satisfaction outperformed Näıve Bayes
[14]. Figueroa applied self-organizing maps (SOM)
for RFM segmentation, followed by expert labeling
and a multilayer perceptron (MLP) classification in
Chilean retail, identifying 19% of the sample as loyal
[15]. Granov utilized clustering and Logistic Regres-
sion for a fashion e-commerce company, classifying
transaction-labeled customers with accuracies of 0.68
for churners, 0.75 for returners, and 0.98 for loyal-
ists [16]. Lee et al. combined K-means clustering of
RFM attributes with supervised classification. Label-
ing the “top 10% spenders” as the target, their Deci-
sion Tree model achieved 0.77 accuracy [17]. Abbassy
assessed e-commerce loyalty predictors, highlighting
Gradient Boosting’s high accuracy of 0.88 on data
categorized strictly as retained or churned [18]. Qin
predicted e-commerce customer churn across three
loyalty levels using an optimized XGBoost algorithm,
effectively handling imbalanced data with an F1-score
of 0.90 [19]. Sulistiani and Tjahyanto categorized in-
stant noodle questionnaire respondents as loyal or dis-
loyal, achieving 0.83 accuracy using Random Forest
with Chi-Square feature selection [20].

Wijaya et al. predicted telecommunications churn
by categorizing reasons for unsubscription. Utilizing
2,269 records, the C4.5 algorithm achieved a 0.81 accu-
racy rate [21]. Syukur et al. integrated bootstrapping,
Weighted Information Gain, and SVM grid search for
telecom loyalty prediction. Using pre-labeled service
duration datasets, they achieved accuracies of 0.93
and 0.99 [22]. Tong et al. clustered telecom customers
using k-means and labeled them via Net Promoter
Scores (NPS). Their XGBoost decision tree model
yielded an accuracy of 0.82 (training) and 0.71 (test-
ing) [23]. Wassouf et al. used the TFM model to label
loyalty. Their binary classification model achieved an
accuracy of 0.87 and AUC of 0.80, while multi-class
predictions yielded 0.73 precision and 0.74 recall [4].

Hamdan and Othman analyzed hotel loyalty via
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predefined dataset attributes, finding the decision
tree algorithm yielded the highest accuracy (0.71)
and identifying “discount” as the prime predictor
[24]. Hsu et al. modeled resort tourism loyalty using
a LISREL-integrated Bayesian Network. Validated
by survey data, it outperformed traditional neural
networks with lower mean average errors [25]. Hamdan
et al. utilized hotel reservation features to label loyalty
via purchasing behaviors, attaining a model accuracy
of 0.71 and an F1-score of 0.74 [26]. Singh predicted
airline loyalty using questionnaire-labeled passenger
data; utilizing an Artificial Neural Network, the model
reached 0.89 accuracy and identified satisfaction as
the key mediator [27].

Wu et al. predicted “class loyalty” and plagiarism
in an online programming course using convolutional
neural networks (CNNs) on student behavior logs,
reaching 0.95 accuracy for class loyalty predictions [28].
Wang et al. proposed an updated Recency, Frequency,
and Duration (RFD) model to classify mobile app
users into four loyalty segments, discovering that most
users maintain their initial loyalty status over time
[29].

2.2 Research Utilizing Unstructured Data

Noorbehabani et al. predicted attitudinal customer
loyalty for a Persian online store by analyzing product
reviews, labeling data based on customers’ willingness
to recommend. They achieved an initial accuracy of
0.67, which improved to 0.89 in a binary classifica-
tion setting [30]. Ghani et al. measured loyalty using
aggregated sentiment scores from a large dataset of
Amazon reviews. Employing NLP preprocessing and a
fuzzy logic model, they achieved 0.94 accuracy, though
the study conflates sentiment polarity directly with
customer loyalty [31].

Shahid et al. integrated sentiment analysis and user
experience data from 17,000 respondents to predict
airline loyalty. Their XGBoost model achieved an 85%
success rate in predicting return visits. However, the
study’s labeling method (based solely on continued
service use) and its exclusive focus on emotion-based
text analysis were noted as overly simplistic [32]. Khan
and Urolagin measured attitudinal loyalty by catego-
rizing customers based strictly on explicit declarations
of loyalty or disloyalty in tweets. This approach, which
relied solely on sentiment polarity, may be imprecise
as it disregards customers who do not explicitly state
their stance [33].

Kilimci designed a model to predict mobile app user
satisfaction, achieving an accuracy of 0.86. While the
study uses satisfaction to estimate loyalty, noting that
highly loyal users provided more reviews and positive
ratings, it acknowledges that satisfaction and loyalty,

despite a strong correlation, are not identical [3]. Uro-
lagin and Patel introduced new social data metrics
(such as the User Sentiment Score) to predict loyalty
for online learning platforms using Twitter data. By
classifying customers solely on tweet sentiment po-
larity, their Dense Neural Network (DNN) achieved
a 0.98 accuracy [34]. Zaki et al. modeled behavioral
loyalty for a UK heavy equipment company using sur-
veys, purchase data, sentiment scores, and RFM/NPS
metrics. Without setting a strict boundary between
loyal and non-loyal customers, their predictive model
achieved an accuracy of 0.98 and an AUC of 0.99 [35].

2.3 Findings from Related Works

There have been studies where researchers used direct
responses from customers (such as through surveys or
the NPS metric) to label customer loyalty and then
utilized structured data to predict these labels [10–13].
Researchers who have incorporated unstructured data
in their methods have also typically relied on attitu-
dinal loyalty, which reflects a customer’s willingness
to recommend products [3, 14–16]. There have been
studies that used RFM and its variants to analyze cus-
tomer loyalty, but none of them utilized unstructured
data [4, 17–19]. No research has successfully employed
optimization and labeling to accurately predict behav-
ioral loyalty from unstructured data.

Conversely, Zaki et al. aimed to assess behavioral
loyalty through purchasing patterns. However, the
study defines a customer as a “churner” if their re-
cency (days since last purchase) exceeds the overall
average inter-purchase interval (88.1 days). This sin-
gle global cut-off treats all customers identically, ig-
noring differences in typical purchase rhythms by seg-
ment, product line, seasonality, or contract structure.
In practice, this can mislabel slow but still-loyal cus-
tomers as churners, and vice versa. Moreover, the “ac-
tive customer” binary feature (loyal vs. churner based
on the same 88-day rule) is used both as an input
to the model and to construct the output label. This
creates a tautological predictor that directly encodes
the target, inflating apparent accuracy. Additionally,
this study relied solely on sentiment polarity from
review texts and did not further utilize this unstruc-
tured data, meaning that the textual data was only
used to assess sentiment scores, with no other insights
extracted from the content [35].

The study by Shahid et al. [32] derives loyalty la-
bels from the same sentiment thresholds used during
testing, rather than independent measures like repeat
purchases or surveys. As a result, its reported 94% ac-
curacy mainly reflects consistency with its own rules,
not true predictive power. Because evaluation relies
on labels generated by the same fuzzy-logic criteria,
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it becomes circular. Moreover, focusing only on sen-
timent polarity ignores key aspects of real loyalty,
such as repurchase behavior, referrals, and long-term
commitment, leading to a limited and potentially mis-
leading metric. A key limitation of Shahid et al. [32]
is its narrow definition of loyalty, based solely on
whether a customer repurchased within a year. While
this captures basic repeat behavior, it overlooks the
multi-dimensional nature of loyalty described in mod-
els like RFM, which consider recency, frequency, and
spending. This simplification may miss customers with
strong engagement who did not repurchase within
the timeframe. Additionally, the study uses LIWC-
based sentiment scoring without leveraging advanced
NLP or large language models, limiting its ability to
extract deeper insights from customer text such as
intent, emotion, and nuanced behavioral signals.

In summary, existing studies on customer loyalty
prediction generally fall into two main categories. The
first group relies on structured transactional data, par-
ticularly the RFM model and its variants, to capture
behavioral loyalty. While effective, these approaches
are inherently retrospective and require detailed his-
torical purchase data, limiting their applicability in
scenarios such as new customers, competitors, or so-
cial media contexts. The second group utilizes unstruc-
tured textual data, often focusing on sentiment anal-
ysis to estimate attitudinal loyalty. However, these
methods typically oversimplify loyalty by equating
it with sentiment polarity and fail to capture actual
behavioral patterns.

In contrast, our proposed approach bridges this gap
by integrating both perspectives. Unlike RFM-only
studies, it leverages rich textual information from cus-
tomer reviews to enable loyalty prediction even when
transactional data is unavailable. At the same time,
unlike text-only approaches, it grounds the prediction
in behavioral loyalty by generating labels using the
RFM model rather than relying solely on sentiment.
Furthermore, this study goes beyond prior work by
incorporating advanced transformer-based language
models to capture deep semantic patterns in text and
by applying a genetic algorithm to systematically op-
timize model configurations. This combination allows
for a more comprehensive, accurate, and generalizable
framework for customer loyalty prediction, effectively
overcoming the limitations of both traditional RFM-
based and sentiment-based approaches. Moreover, to
the best of our knowledge, no existing studies have
employed explainable AI methods to interpret and vi-
sualize the predictions of black-box models specifically
for customer loyalty prediction, making this study the
first to bridge that gap in explainability.

3 Proposed Method

This study proposes a unified framework for predict-
ing customer behavioral loyalty from review data by
integrating structured transactional information with
unstructured textual data. The overall objective is to
develop a model that can accurately infer customer
loyalty based on review content when traditional be-
havioral indicators (such as RFM metrics) are unavail-
able.

At a high level, the proposed method consists of four
main components: (1) data preparation and feature
extraction, (2) textual data processing and vectoriza-
tion using advanced language models, (3) behavioral
loyalty labeling using the RFM model, and (4) predic-
tive modeling and optimization. These components
are interconnected such that transactional data is first
used to generate reliable loyalty labels, while review
texts are transformed into numerical representations
and combined with structured features to train pre-
dictive models. The final stage employs a genetic al-
gorithm to identify the optimal combination of model
configurations.

More specifically, the employed dataset plays a
dual role in the framework. Transactional data (e.g.,
purchase history) is used to compute RFM metrics
and generate behavioral loyalty labels, which serve as
the ground truth for supervised learning. At the same
time, customer reviews (text, titles, and scores) are
processed and converted into feature representations
that act as inputs to the predictive models. This design
enables the model to learn the relationship between
textual expressions and underlying behavioral loyalty.
Figure 1 illustrates the proposed loyalty prediction
method, comprising 11 stages. Stages 5 through 10
involve the iterative execution and testing of various
parameters using an optimization algorithm. The steps
of the proposed method are explained in more detail
below.

3.1 Dataset Preparation

In this stage, the dataset was prepared, and order-
related features were extracted to segment customers
using the RFM model and assign loyalty labels. Ad-
ditionally, the review texts, review titles, and review
scores were extracted from the dataset. These features
were subsequently used to develop various loyalty pre-
diction models.

The dataset used in this study is the Brazilian
E Commerce Public Dataset by Olist, which con-
tains multiple related tables describing different as-
pects of an e commerce platform, including customers,
products, sellers, orders, payments, and reviews. The
dataset comprises 100,903 entries and was obtained
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Figure 1. Proposed Method.

from the official Kaggle website 1 . The Olist customers
dataset contains basic information about customers,
such as customer IDs and their geographic location
(city and state). Geographic coordinate information
based on zip codes is provided in the Geolocation
dataset, which can be used for spatial analysis of cus-
tomers and sellers. The Olist Sellers dataset includes
information about sellers, such as seller IDs and their
locations. Product-related attributes, including prod-
uct ID, category, weight, and dimensions, are stored
in the Products dataset, while the product category
name translation table provides English translations
of product category names originally recorded in Por-
tuguese.

1 https://www.kaggle.com/datasets/olistbr/brazilian-

ecommerce

Order-related information is distributed across sev-
eral tables: Orders dataset contains general order in-
formation such as order ID, customer ID, purchase
timestamp, order status, and delivery dates; Order
items dataset records the individual items within each
order, including the product, seller, price, and ship-
ping cost; and Order payments dataset includes details
about payment methods, payment installments, and
the amount paid for each order. Finally, customer feed-
back is captured in the review tables. The Olist order
reviews dataset contains review titles, review texts,
and review scores provided by customers, while the
Order reviews translate dataset provides translated
versions of these reviews to facilitate text analysis in
English.

After merging these tables, the features required for
this study have been extracted, which are explained
in Table 1.
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Table 1. Dataset Description.

Feature Description Usage

Review text Customer reviews detail-
ing their experience after
completing an order.

Customer review text has been transformed into numerical vec-
tors for building and training predictive models of customer be-
havior.

Review score Customer ratings of their
order experiences on a 1 to
5 scale.

These scores served as the foundation for developing models
that predict customer behavioral loyalty. They were also used
as labels for sentiment analysis models.

Order completion
date

The completion date
of customer orders is
recorded in this field.

This field is used to calculate the Recency (R) in the RFM
model. For each customer, the date of their most recent order
is identified, after which these dates are ranked. Customers are
then divided into equal-sized groups according to the Recency
parameter set in the model.

Customer identifier
of orders

Unique identifier for the
customer associated with
the order.

This field was used to calculate the Frequency (F) in the RFM
model by counting the completed orders per customer, ranking
customers by this count, and dividing them into equal-sized
groups based on the Frequency parameter.

Order Values Monetary value of com-
pleted orders.

The average order value for each customer is calculated and
ranked to determine the Monetary (M) in the RFM model.
Customers are then divided into equal-sized groups based on
this ranking and the calculated Monetary parameter.

Title Presence Indicates the presence or
absence of a title in re-
views.

This feature is used as an input feature to machine learning
algorithms for predicting customer loyalty.

3.2 Review Preprocessing

In natural language processing tasks, text preprocess-
ing is necessary. This process is used to prepare textual
data before analysis and includes various steps, such
as tokenization, stop word removal, and stemming.

After retrieving the text and titles of the reviews
along with their numerical scores, the data was prepro-
cessed to build models for predicting customer loyalty
labels. Both the review scores and the predicted scores
were normalized to a scale of 0 to 1 using min-max
scaling based on the dataset’s minimum and maxi-
mum values.

In the next step, for text preprocessing, all reviews
are translated from Brazilian Portuguese to English
using Google’s machine translation system. This is
done to facilitate better monitoring of the text anal-
ysis and processing, as well as to leverage stronger
models available in English. To ensure the accuracy
and reliability of this translation process, a study con-
ducted by Avelino et al. [36] as reviewed, in which
researchers used an innovative method to evaluate and
compare the performance of various machine transla-
tion systems in translating from Brazilian Portuguese
to English. The study concluded that Google’s ma-
chine translation system had the best performance in
this context, with an accuracy of 0.85, compared to

other prominent machine translation systems. Next,
all non-alphabetic characters are removed from the
review text, and all uppercase letters in the words are
converted to lowercase. Additionally, all English stop
words present in the reviews are removed.

Finally, all words in the review texts have been re-
duced to their root forms. Since lemmatization pro-
duces more accurate and context-aware results com-
pared to stemming, it is expected to perform better in
tasks such as text classification. In this study, lemma-
tization has been used for root word extraction. For
this purpose, words have been reduced to their root
forms in the dictionary using their syntactic roles in
sentences using WordNet [37].

3.3 Review Vectorization

The tokenization and vectorization process employed
model-specific tokenizers from BERT [38], RoBERTa
[39], GPT-2 [40], and Qwen 1.5-0. 5B [41]. These lan-
guage models demonstrate advanced capabilities in
capturing syntactic structures, semantic relationships
between words, and contextual understanding of sen-
tences. Qwen, developed by Alibaba Cloud, features a
hybrid architecture that combines dense and Mixture-
of-Experts (MoE) layers, enabling efficient scaling to
trillion-parameter sizes while supporting multilingual
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tokenization and dynamic context windows extending
up to 32k tokens [41]. GPT, a purely autoregressive
language model, utilizes unsupervised pre-training on
large-scale text corpora to generate coherent text se-
quences, with its 1.5-billion-parameter architecture
enabling robust performance across diverse linguistic
tasks without task-specific fine-tuning [40].

For the vectorization process, tokenized outputs
were transformed into numerical embeddings using
bidirectional attention mechanisms in BERT and
RoBERTa, autoregressive sequential modeling in GPT,
and Qwen’s domain-adaptive tokenization that dy-
namically processes code-switched text while reduc-
ing dependency on labeled data through parameter-
efficient fine-tuning techniques. GPT’s architecture,
based on transformer decoder layers, excels at mod-
eling sequential dependencies in text through next-
token prediction, making it particularly effective for
generating syntactically coherent embeddings. Qwen
enhances multilingual processing and long-context
handling through its innovative MoE architecture, ad-
dressing challenges posed by code-mixed or lengthy
customer reviews.

The use of Qwen and GPT offers significant advan-
tages for text analysis applications. Qwen’s architec-
tural scalability and multilingual capabilities improve
processing of code-mixed or lengthy review content,
while GPT’s unsupervised training on diverse text
corpora (including books, articles, and web content)
provides broad generalization for semantic feature ex-
traction. Comparative evaluations demonstrate that
both models surpass earlier architectures in few-shot
learning scenarios, as evidenced by performance bench-
marks in the Qwen Technical Report [41], and analy-
ses of GPT’s zero-shot adaptability in cross-domain
tasks [40].

In this study, to utilize these language models for
text vectorization, texts are first tokenized using a
trained tokenizer with five different language models:
BERT, ALBERT, RoBERTa, GPT, and Qwen. These
tokens are then converted into numerical vectors using
these language models. These numerical vectors can
later be used to build and train predictive models for
customer loyalty.

3.4 Sentiment Analysis

Models have been developed for sentiment analysis
of customer reviews that can predict review scores
using the text of the reviews and the presence of
the review title. Since there may be situations where
access to actual scores accompanying the reviews is
not available, an optimization algorithm is used to
build and evaluate the final model by relying on both
predicted scores and actual ones. This approach allows

(a) Regression Architecture A.

(b) Regression Architecture B.

Figure 2. Two Architectures Applied for Sentiment Analysis.

the performance of the model to be evaluated under
such conditions.

Since these models predict numerical scores along
with reviews, they have been implemented as regres-
sion models. For this purpose, ten different models
were created by combining two different architectures
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to build regression models with five language models:
BERT, ALBERT, RoBERTa, GPT, and Qwen. Then,
the R2 metric was calculated for them using 5-fold
cross-validation. Based on the obtained results, the
best model was selected and used to calculate the sen-
timent scores. Since this is a regression problem, a
simple linear activation function has been used in the
final layer of both architectures. The two architectures
employed are shown in Figure 2.

3.5 Feature Integration

At this stage, two structured features are stored along-
side the vectors generated from review texts using
language models in a new dataset. These structured
features include:

• Title Presence: If a customer has never entered a
title for any of the reviews related to their orders,
this feature is set to 0. Otherwise, if they have
entered a title for at least one of their reviews,
this feature is set to 1.

• Actual Review Score: Upon completing an order
and filling out the questionnaire, the customer
is asked to provide a numerical score between 1
and 5.

In the optimization algorithm employed, the following
three different scenarios were used for constructing
predictive models based on these features:

(1) Using only the Actual Review Score.
(2) Using the Actual Review Score along with the

Title Presence.
(3) Using the predicted score of the review along

with Title Presence.

The reason for considering the Title Presence in
constructing predictive models for reviews is based on
the initial hypothesis of the study. It was assumed that
if a customer is loyal to a company, they might be more
careful and patient when writing a review, and thus,
they might also add a title to their review. Therefore,
there might be a relationship between the presence
or absence of a title in customer reviews and their
loyalty. To test this hypothesis, in one scenario, this
feature was used to build loyalty prediction models,
while in another scenario, it was not used. The results
obtained from testing this hypothesis are presented
in Section 4.

3.6 Customer Segmentation Using the RFM
Model

Since this dataset includes customers who have placed
multiple orders from this online store over time, it is
necessary to aggregate the order information for each
customer before labeling customer loyalty using the

RFM model. In this study, weighted averaging was
employed for this purpose. The numerical vectors asso-
ciated with customer reviews, as well as the numerical
scores accompanying those reviews (both actual and
predicted), were averaged in such a way that more
weight was given to more recent orders. This is be-
cause the most recent order and the customer’s latest
opinion about the store are more important and closer
to their current view than earlier ones.

Next, different variations of the RFM model were
used for customer segmentation. To achieve this, all
possible combinations of predefined values for the
three parameters R, F, and M were utilized to segment
customers, and the results were saved in separate files.
The segmentation process was carried out by first
sorting and then dividing customers based on each of
the three mentioned parameters separately. Then, by
combining the resulting segments, the RFM loyalty
score for each customer was calculated. The predefined
values for each of the RFM model parameters range
from 3 to 5.

3.7 Loyalty Labeling Based on RFM Seg-
ments

After segmenting customers using the RFM method
and sorting the customers in descending order based
on these segments, the customers were divided into
different groups to create homogeneous loyalty groups
and label their loyalty.

In this research, two main settings were considered
for loyalty labeling:

• Two-class labeling: In this setting, the sorted list
of customers was split exactly into two halves.
Customers in the top half were classified as
“Loyal”, while those in the bottom half were
classified as “Non-loyal”.

• Three-class labeling: In this scenario, the sorted
list of customers was divided into three equal
parts. This more refined division allowed for
customers to be categorized into three groups:
“Loyal”, “Neutral”, and “Non-loyal”.

3.8 Dataset Balancing

The distribution of data across loyalty classes was un-
even, with some classes having significantly fewer sam-
ples compared to others. To balance the dataset and
improve model performance, two common sampling
techniques, Oversampling and Undersampling, were
applied in this study. In the Oversampling method,
random samples from the minority class (the class
with the fewest data) are duplicated to match the num-
ber of samples in the majority class. In other words,
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by creating random copies of the existing samples in
the minority class, the number of samples in this class
is increased. This method is particularly useful when
the number of samples in the minority class is very
small, and there is little concern about introducing
noise into the data. In the Undersampling method,
random samples from the majority class are removed
to match the number of samples in the minority class.
This method reduces the data volume and may lead
to the loss of valuable information. In this study, the
commonly used methods of Random Oversampling
and Random Undersampling were applied.

3.9 Learning Loyalty Prediction Models

In the next stage, deep neural networks were devel-
oped using structured features (Title Presence and
actual/predicted review scores) alongside review text
vectors. To prevent the numerical features from being
overshadowed by the larger text embeddings, sepa-
rate branches were designed to process these features
independently. The outputs of both branches were
then combined, enabling the use of both feature types
in the model. Four distinct feedforward neural net-
work architectures were employed to model customer
loyalty, as shown in Figure 3.

During training, the model is fed data for 200 epochs,
but to prevent overfitting and save resources, train-
ing stops if the validation loss doesn’t improve after
25 consecutive epochs. The ADAM optimizer is used,
with Categorical Cross Entropy (CCE) for multi-class
customer loyalty classification and Binary Cross En-
tropy (BCE) for binary classification. Convolutional
Neural Networks (CNNs), commonly used for image
recognition, are also applied to text classification and
sentiment analysis in natural language processing.
Therefore, CNN is also utilized in our study.

We applied TabTransformer in our study because it
excels at processing tabular data by leveraging trans-
former architectures to create contextual embeddings
for categorical features. Its self-attention mechanisms
capture dependencies and interactions among categor-
ical columns, allowing for richer feature representa-
tions. By combining these embeddings with numeri-
cal features, TabTransformer outperforms traditional
methods in modeling complex feature relationships
and making accurate predictions [42].

In architectures A and B, the first branch processes
review text embeddings through a one-dimensional
convolutional layer with a window size of 3 and 6 win-
dows, followed by ReLU activation, batch normaliza-
tion, and pooling. The second branch feeds numerical
features into a dense layer with 3 nodes and ReLU ac-
tivation. The outputs of both branches are combined
and passed through a final dense layer with one node

and a Sigmoid activation for binary classification, or
three nodes with Softmax for a three-class problem,
to predict customer loyalty.

Transformer models like BERT, RoBERTa, AL-
BERT, Qwen, and GPT excel in customer loyalty
prediction by handling both numerical and short-text
data. Their self-attention mechanisms capture seman-
tic patterns in brief texts (e.g., reviews or survey re-
sponses), and when combined with CNNs, Dense lay-
ers, or TabTransformer, they create hybrid models
that optimize both text and numerical features. This
multimodal approach scales well with large datasets,
reduces training time via transfer learning, and avoids
overfitting. It also mitigates the ”curse of dimension-
ality” by generating task-specific embeddings for text
data before combining them with numerical input.

As shown in Figure 3, Architecture A has two
branches: one uses convolutional neural networks for
review text embeddings, while the other processes
structured features with dense layers. Architecture B
increases the complexity of the convolutional layer by
using a larger window size (64) and 7 windows. Archi-
tecture C adds two dense layers with ReLU activation
to the embedding-processing branch. Architecture D
incorporates a dense layer (32 nodes) in the text em-
bedding branch and a TabTransformer module in the
numerical feature branch, followed by a dense layer
(16 nodes). All architectures have a final dense layer
with a sigmoid activation for binary classification or
Softmax for three-class scenarios.

In deep learning, batch size affects training effi-
ciency: large batches can move learning away from the
optimal point, while small batches increase training
time. In this study, batch sizes of 16, 32, and 64 were
tested. Model evaluation used 5-fold cross-validation,
with each data point serving as both training and val-
idation data. Regularization, such as batch normaliza-
tion, stabilized and accelerated training. Resampling
techniques were applied within the training data to
avoid data leakage. Finally, neural network architec-
tures and feature combinations were optimized using
a genetic algorithm based on cross-validated F1-score
to improve generalization, enhancing the reliability of
the loyalty prediction framework.

3.10 Model Evaluation

The resulting model in each scenario was evaluated
using 5-fold cross-validation, and the F1-score met-
ric was calculated according to Equations 1–3. The
obtained value was used as the output of the opti-
mization algorithm’s fitness function. This metric was
computed as a macro average for the three-class sce-
narios using Equations 4–6. This approach is useful
for datasets in which each class has equal importance,
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(a) Classification Architecture A. (b) Classification Architecture B.

(c) Classification Architecture C. (d) Classification Architecture D.

Figure 3. Architectures A, B, C, and D Applied for Loyalty Prediction.
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as it assigns equal weight to all classes. The accuracy
metric was also computed, as defined in Equation 7.

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

F1-score = 2 × Precision × Recall

Precision + Recall
(3)

Macro Precision =
1

N

N∑
i=1

Precisioni (4)

Macro Recall =
1

N

N∑
i=1

Recalli (5)

Macro F1-score =
1

N

N∑
i=1

F1-scorei (6)

Accuracy =
TP + TN

TP + TN + FP + FN
(7)

Here TP , TN , FP , FN represent True Positives,
True Negatives, False Positives, and False Negatives,
respectively, and N denotes the number of classes.

3.11 Optimization

In this study, a genetic algorithm is employed with the
primary objective of efficiently identifying the optimal
combination of model parameters for customer loyalty
prediction. Given the large and complex search space
(19,440 possible configurations derived from combina-
tions of language models, RFM settings, feature sets,
neural network architectures, and training parame-
ters), exhaustive evaluation is computationally expen-
sive and impractical. Therefore, the genetic algorithm
is used as an intelligent search strategy to explore this
space and converge toward high-performing solutions
by iteratively improving candidate models based on
their predictive performance (F1-score). This enables
the selection of a near-optimal model configuration
while significantly reducing computational cost.

The settings for the genetic algorithm were chosen
to include 50 generations, each with 10 chromosomes.
Each chromosome represents a possible combination
of parameters and is essentially a potential solution
for constructing and training the customer loyalty pre-
diction models. Consequently, 50 generations, each
containing 10 solutions, are produced and evaluated,
resulting in a total of 500 different solutions assessed.
This number is significantly smaller compared to eval-
uating the entire solution space. The details of the

genetic algorithm used in this study will be described
further.

Representation: In the genetic algorithm used in
this study, each chromosome is represented as a one-
dimensional array of parameter values. For example, a
chromosome with genes represented as [1, 1, 5, 4, 3, 1, 2,
3, 1] corresponds to a configuration including the first
language model (BERT), the first set of structured
features (title and actual review scores), RFM settings
as R=5, F=4, M=3, consideration of two different
labels for the problem, a under-sampling method, a
batch size of 64, and finally, a neural network with
the first type of architecture. Table 2 displays the
values of the genes for the chromosomes defined for
the genetic algorithm.

Initial Population: Consists of 10 individuals ran-
domly selected. Fitness Function: In the genetic al-
gorithm used in this study, the fitness function cal-
culates the F1-score for each different combination
of model construction and training (a chromosome)
using 5-fold cross-validation.

Parent Selection: Parents are selected in each
generation by randomly choosing six chromosomes
from the current population 10 times (equal to the
chromosome count). The best chromosomes based on
the fitness function are then selected as parents for the
next generation, resulting in 10 parents for that stage.

Mutation: Mutation in the genetic algorithm oc-
curs in 20% of cases. One gene of the offspring is ran-
domly selected for mutation (e.g., the gene related
to the language model) and then assigned a random
value from the permitted values for that gene.

Crossover: In this algorithm, crossover is per-
formed by selecting pairs of parents sequentially. A
random crossover point is chosen within the gene
structure of a chromosome. Genes before this random
point are transferred from the first parent to the first
offspring and from the second parent to the second off-
spring. Genes after the random point are transferred
from the first parent to the second offspring and from
the second parent to the first offspring. Thus, each
pair of parents produces two new offspring.

Next Generation Creation: After crossover and
mutation based on the selected parents, the resulting
offspring form the population for the next generation.

3.12 Model Explanations

SHAP is a model-agnostic interpretability method
that decomposes each prediction into additive con-
tributions from input features [43]. In our case, each
textual feature (word or phrase) in a customer review
is treated as a “player” whose contribution to the loy-
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Table 2. Optimization Parameters.

Parameter Values Description

LM (Language Model) 1: BERT
2: ALBERT2
3: RoBERTa
4: GPT-2
5: Qwen 1.5-0.5B

The language model used for em-
bedding customer review texts

SD (Structured Data) 1: Title Presence and Actual Review
Score
2: Title Presence and Predicted Re-
view Score
3: Actual Review Score

Structured features combined
with vectors obtained from lan-
guage models

R 3 , 4 , 5 Recency value in RFM model

F 3 , 4 , 5 Frequency value in RFM model

M 3 , 4 , 5 Monetary value in RFM model

DL (Distinct Labels) 1: Two-class
2: Three-class

Loyalty labels types

DB (Dataset Balanc-
ing)

1: Oversampling
2: Undersampling

Dataset balancing method

BS (Batch Size) 16, 32, 64 The number of training samples
in each batch during the training
of the loyalty prediction model

ML (Machine Learn-
ing)

1: Classification architecture A
(CNN(6, 3))
2: Classification architecture B
(CNN(64, 7))
3: Classification architecture C
(Dense)

Deep learning architecture em-
ployed

alty score is quantified by a SHAP value. In practice,
SHAP runs on the trained deep learning model to
produce these values: the predicted loyalty score is
broken down into the sum of feature contributions.
SHAP provides local explanations by attributing an
individual prediction to its input features, and global
explanations by aggregating these attributions over
the dataset.

SHAP values can be computed for each word in a
review to visualize its impact on loyalty prediction.
Red-highlighted words increase the loyalty score, while
blue ones decrease it. For example, “excellent service”
might be red (positive), and “wait” blue (negative).
This provides local explanations for individual pre-
dictions. Globally, averaging SHAP values across re-
views ranks words by their overall impact on loyalty.
For instance, terms like “quality” and “support” may
drive loyalty, while “delay” and “refund” indicate dis-
loyalty. SHAP enables businesses and regulators to
understand and verify the model’s behavior by iden-

tifying key review features, such as “fast shipping,”
that influence loyalty.

4 Results

4.1 Dataset description

The dataset used in this study contains information on
orders placed by customers of a Brazilian e-commerce
platform called Olist, with orders spanning from 2016
to 2018. The original language of the dataset is Brazil-
ian Portuguese, which was translated into English us-
ing Google’s machine translation system. A valid and
comprehensive dataset in English was not available at
the time of selecting a suitable dataset for this study.

On the Olist e-commerce platform, after customers
complete and receive their orders, they are asked to
fill out a questionnaire. This questionnaire captures
the customers’ textual feedback (including the title
and content of the review) as well as their numeri-
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cal score of the completed order. The dataset also
includes the necessary information for calculating cus-
tomer behavioral loyalty based on the RFM model.
Specifically, the F parameter was calculated for each
customer based on the number of orders delivered to
them, the R parameter was determined based on the
date of the most recent order delivered, and the M
parameter was derived from the total monetary value
of the orders delivered to each customer. For the RFM
scoring, only successfully delivered orders were con-
sidered; canceled or failed orders were excluded. Ad-
ditionally, for building predictive models, only orders
with non-empty review texts were included. The final
number of data points used to build and train the cus-
tomer loyalty prediction model was 58,841 samples.
Figure 4 presents the distribution of features utilized
for loyalty prediction based on the Olist dataset.

4.2 Sentiment Analysis Results

As previously mentioned, in order to use predicted
scores instead of actual scores in the structured fea-
tures, models were built and compared to predict these
numerical scores, and the best model was selected for
this purpose. To identify the suitable model, all ten
models, including two neural network architectures
and five language models for text vectorization, were
executed separately, and the R2 score was calculated
for them using 5-fold cross-validation.

The results of these executions are shown as a bar
chart in Figure 5. According to this chart, the R2 score
for the model built using the first architecture and
the ALBERT language model was 0.81, which was the
best result. Therefore, this model was used to predict
the numerical score of the reviews.

Figure 5. Evaluation Results of Sentiment Analysis Models.

4.3 Optimization Results

After running the genetic optimization algorithm to
evaluate different parameter values for building cus-
tomer loyalty prediction models, the optimal param-
eters were determined, as shown in Table 3. Table 4
illustrates the evaluation results of the optimal model
obtained through the genetic algorithm, assessed us-

ing 5-fold cross-validation.

Table 3. Optimum values of parameters obtained by genetic
algorithm for proposed method.

Parameter Optimum value

R 3

F 5

M 5

LM BERT

BS 64

DB Oversampling

ML TabTransformer

SD Title Presence & Actual Review Score

DL Two-class

Table 4. Evaluation results of the optimum model for loyalty

prediction.

Criteria Value

F1-score 90.11

Recall 88.41

Precision 91.88

Accuracy 92.03

Figure 6. The changes of F1-score for each of the 500 iterations
of training the predictive mode.

In this study, each neural network was trained for
200 epochs. To prevent overfitting, early stopping was
applied if validation loss didn’t improve for 25 epochs.
The training data was split into training and test
sets in 5-fold cross-validation, resulting in each model
being trained in five stages. The final performance
of the neural network was calculated as the average
performance across all five stages.

Since the settings used in the genetic algorithm
for this problem are configured with 50 generations,
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(a) Distribution of Review Message Length. (b) Distribution of Review Title Length.

(c) Distribution of Review Score.
(d) Distribution of Reviews Regarding Presence of Ti-
tle/Message.

Figure 4. Distribution of review features used in loyalty prediction: (a) review message length, (b) review title length, (c) review

score, and (d) number of reviews regarding the presence of title/message.

each consisting of a population of 10 chromosomes
(10 potential solutions for constructing and training
predictive models), a total of 500 different solutions
are evaluated in this algorithm. The trend of the F1-
score across each of these 500 evaluations is shown in
Figure 6.

For a deeper analysis and evaluation, the results
of the best model’s assessment are shown in Figure
7, with certain parameters frozen according to the
scenarios described in Table 5.

Figure 7. Evaluation results (F1-score) for the best models

across different scenarios.
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Table 5. Evaluation Scenarios.

Scenario Structured features # of Labels

1
Actual Review Score
Title Presence

2

2
Predicted Review
Score
Title Presence

2

3 Actual Review Score 2

4
Actual Review Score
Title Presence

3

5
Predicted Review
Score
Title Presence

3

6 Actual Review Score 3

4.4 Comparison of the ProposedMethod and
Baseline Models

To assess the effectiveness of our proposed loyalty
prediction framework, we conducted comparative ex-
periments against a series of baseline configurations
that combine non-transformer text vectorization mod-
els with classical machine learning algorithms. Non-
transformer text vectorization methods employed are
as follows.

GloVe: A foundational word vectorization algorithm
that creates word embeddings by utilizing global co-
occurrence statistics, providing robust and meaningful
representations for a wide range of NLP tasks.

fastText : An efficient word embedding method that
leverages subword information to create robust word
representations, making it especially useful for lan-
guages with complex word formation and for handling
noisy or user-generated text.

Word2Vec: A foundational technique in NLP for
generating word embeddings, enabling machines to
understand and process human language by mapping
words to a numerical space that preserves their con-
textual and semantic relationships.

Classical machine learning algorithms employed in
baseline methods are as follows.

XGBoost (eXtreme Gradient Boosting): A scal-
able and flexible tree boosting system that achieves
high predictive performance, particularly on tabular
datasets, and is a go-to method for many practical
machine learning challenges.

SVM (Support Vector Machine): A supervised learn-

Table 6. Optimum values of parameters obtained by genetic

algorithm for baseline method.

Parameter
Optimum value

(binary/three class)

R 3,4

F 4,5

M 5,5

LM fastText,GloVe

BS 64,32

DB Oversampling,Oversampling

ML RF,RF

SD Title Presence and Actual Review Score

ing algorithm that finds the best boundary (hyper-
plane) to separate classes, using only the most critical
data points (support vectors), and can be adapted to
handle non-linear data through kernel methods. RF
(Random Forest): A flexible and powerful machine
learning algorithm that builds an ensemble of deci-
sion trees to achieve high accuracy and generalization,
making it a popular choice for both classification and
regression problems.

It is noteworthy that, regarding the baseline set-
tings, a genetic algorithm with configurations iden-
tical to those employed in the proposed method was
applied to both binary and three-class classification
tasks utilizing non-transformer text vectorization tech-
niques (GloVe, FastText, Word2Vec) and classical
machine learning models (XGBoost, SVM, Random
Forest (RF)). The optimal hyperparameter configura-
tions derived for each of these two experimental setups
are summarized in Table 6.

The experimental results demonstrate that the pro-
posed method achieved a better F1-score (Figure 8).

4.5 Feature Importance Analysis

To better understand which features most significantly
influenced the performance of our customer loyalty
prediction model, we conducted a feature ablation
study. In this analysis, we systematically removed one
feature at a time from the input space and retrained
the model to observe the impact on the F1-score. Each
time, we retrained and tested the best-performing
model by excluding one feature at a time. This ap-
proach helped us quantify the marginal contribution of
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Figure 8. Comparison of the proposed and baseline loyalty

prediction methods.

each feature to the final model’s predictive capability.
The results of this analysis are summarized in Table 7.

Table 7. The impact of features on loyalty prediction perfor-
mance.

Best model F1 Score Percentage
of decline

All 90.11 0.0

All without review text 56.9 -36.85

All without title pres-
ence

81.27 -9.81

All without review rat-
ing

83.44 -7.44

The review text alone contributes the most to model
performance. Removing it resulted in a drastic 36.85%
drop in F1-score. This demonstrates the model’s heavy
reliance on the contextual and semantic richness en-
coded within customer reviews. Words and phrases
carry significant emotional and behavioral cues that
help the model infer loyalty, especially when struc-
tured signals are ambiguous or weak. This finding
supports our use of advanced transformer-based mod-
els (e.g., BERT, GPT, Qwen), which can effectively
capture these subtle textual patterns.

Excluding the binary indicator for title presence
led to a noticeable 9.81% drop in performance. While
seemingly a simple feature, the presence of a review
title may correlate with the customer’s level of engage-
ment or intent. Our statistical analysis found that loyal
customers were 11.37 times more likely to include a
title in their reviews compared to non-loyal customers.
This aligns with the hypothesis that more loyal users
are more expressive, detailed, and deliberate in their
feedback (traits captured in this behavioral indicator).

Although numerical review ratings (1 to 5 stars) are
widely used in e-commerce, removing this structured
feature only reduced the F1-score by 7.44%, indicat-
ing that while helpful, ratings are not as powerful in
isolation. This may be due to the inherent noise in
star ratings (for example, some customers may leave
a 4-star rating despite providing very positive textual
feedback, or vice versa). Thus, text-based sentiment
often provides richer behavioral signals than the rat-
ing alone.

The performance gap between “all features” and
“all without review text” suggests that structured fea-
tures (review rating and title presence) alone are in-
sufficient to robustly model loyalty. However, their
inclusion with text embeddings improves performance,
suggesting synergistic effects. The model benefits from
both the semantic nuance of text and the structured
regularity of numeric data, especially in edge cases
where one modality may be ambiguous. These insights
are critical for real-world deployment. For instance,
in environments where structured data (e.g., ratings)
is unavailable (such as social networks or third-party
review platforms), the model still performs well using
text alone. Conversely, when textual data is limited
(e.g., very short reviews), structured signals can par-
tially compensate.

4.6 Explanations

Figures 9-11 illustrate three distinct examples of local
explanations generated by SHAP. In these figures, red
highlights features with higher values (e.g., elevated
numerical measures or the presence of a categorical at-
tribute), which amplify the model’s predicted output.
Conversely, blue denotes lower feature values (e.g., re-
duced numerical quantities or the absence of a categor-
ical feature), thereby diminishing the prediction. This
color-coding illustrates how each feature’s magnitude
or status directly influences the model’s final decision.

Example 1: Loyal

Figure 9. SHAP Explanation Example 1.

Example 2: Non loyal
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Figure 10. SHAP Explanation Example 2.

Example 3: Non loyal

Figure 11. SHAP Explanation Example 3.

Across Figures 12–14, the length and hue of each
bar convey how individual words drive the model’s
loyalty prediction: red bars indicate terms whose pres-
ence raises the predicted loyalty score, whereas blue
bars indicate those that lower it. In Figure 12 (global
view over 500 reviews), the top 30 words by abso-
lute SHAP magnitude reveal which terms the model
relies on most heavily. For example, words like “rec-
ommend”, “great”, “clarify”, and “reliable” appear
as long red bars, indicating they consistently elevate
loyalty predictions when present; conversely, terms
such as “unfortunately”, “delay”, “bad”, and “stock”
show up as long blue bars, signifying they regularly
suppress loyalty scores.

Figure 12. SHAP Global Explanation for 500 Test Data.

Figure 13 isolates only those reviews that the model
labeled “Loyal.” Here, the red bars dominate among
the top 20 words, underscoring that positive sentiment
markers drive these loyalty classifications. Any shorter
blue bars illustrate that even in overall positive re-
views, occasional negative references slightly temper,

but do not overturn, the loyalty prediction. By con-
trast, Figure 14 focuses on “Non loyal” instances. The
top 20 words are predominantly blue, highlighting
that negative descriptors chiefly determine non-loyalty
labels. Red bars indicate mildly positive words that
the model found less persuasive in shifting a non-loyal
classification toward loyalty.

Figure 13. SHAP Global Explanation for “Loyal” Instances.

Figure 14. SHAP Global Explanation for “Non loyal” In-

stances.

4.7 Discussion

The results of this study demonstrate that customer
behavioral loyalty can be predicted with a high degree
of accuracy using customer review data, even in the
absence of traditional transactional indicators. Across
both binary and three-class classification settings, the
proposed framework consistently achieved strong per-
formance, confirming the effectiveness of combining
deep learning architectures with transformer-based
language models for extracting meaningful behavioral
signals from textual data.

A key finding of this study is the relatively small
performance gap between models trained using actual
review scores and those relying on predicted scores.
Although models incorporating true numerical rat-
ings achieved slightly higher F1-scores, the decrease
in performance when using predicted scores remained
limited in both classification settings. This indicates
that explicit rating information, while beneficial, is
not strictly necessary for accurate loyalty prediction.
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Instead, the semantic and contextual information em-
bedded in review texts appears to capture much of
the underlying signal associated with customer loyalty.
From a practical perspective, this finding is particu-
larly important, as it demonstrates that the proposed
approach remains applicable in environments where
numerical ratings are unavailable, incomplete, or un-
reliable.

Another important observation concerns the role
of the “title presence” feature. Excluding this feature
resulted in a noticeable decline in model performance,
highlighting its predictive value. This suggests that
seemingly simple behavioral indicators can provide
meaningful insights into customer engagement. Sup-
porting this, statistical analysis revealed that loyal
customers are significantly more likely to include ti-
tles in their reviews compared to non-loyal customers.
This behavior may reflect a higher level of involve-
ment, effort, or expressiveness, which in turn corre-
lates with stronger loyalty. The result underscores the
importance of incorporating lightweight yet informa-
tive structured features alongside text embeddings.

The findings also reinforce the dominant contribu-
tion of review text to model performance. As shown in
the feature ablation analysis, removing textual input
led to a substantial degradation in predictive accuracy,
far exceeding the impact of removing structured fea-
tures such as ratings or title presence. This highlights
the richness of unstructured textual data in captur-
ing nuanced aspects of customer experience, including
sentiment, intent, and implicit behavioral cues. At the
same time, the improvement observed when combining
text with structured features suggests a complemen-
tary relationship between these data modalities, where
each contributes distinct but synergistic information.

An additional practical consideration is the model’s
robustness in scenarios with limited customer inter-
action history. As depicted in Figure 15, the dataset
analysis showed that most customers provided only a
single review, yet the model maintained strong predic-
tive performance. This indicates that the approach is
capable of inferring loyalty from minimal input, mak-
ing it suitable for early-stage customer evaluation, new
user analysis, and cold-start scenarios where historical
behavioral data is sparse or unavailable.

Although the proposed model is developed and eval-
uated using data from a single e-commerce platform
(Olist), its design is not platform-specific. The frame-
work relies on two main components: customer review
text and behavioral loyalty labels derived from the
RFM model. Since customer reviews are widely avail-
able across various domains, including retail, hospi-
tality, telecommunications, and online services, and
RFM-based behavioral indicators can be constructed

Figure 15. Distribution of Review Counts per Customer.

wherever transactional data exists, the proposed ap-
proach can be adapted to different industries. More-
over, the use of transformer-based language models
enhances the model’s ability to generalize across do-
mains, as these models are pre-trained on diverse cor-
pora and capture broad linguistic patterns. However,
domain-specific fine-tuning and recalibration of RFM
parameters may be necessary to achieve optimal per-
formance in different markets or industries.

5 Conclusions

In the competitive landscape of virtual businesses,
the importance of customer loyalty has become in-
creasingly evident. Additionally, with the expansion
of user presence on the internet, a vast amount of
unstructured data has been generated, encompassing
extensive information on various topics, including cus-
tomer loyalty. Despite this, there is a lack of studies in
the field of customer loyalty prediction that leverage
the potential of this unstructured data. This study
addresses this gap by developing a model that pre-
dicts behavioral customer loyalty (based on the RFM
model) through the analysis of customer review texts
from an online store. This represents an innovative as-
pect of the study. In the best-case scenario, the model
for predicting customer loyalty achieved an accuracy
of 0.90 for binary classification and 0.80 for three-class
classification. Therefore, by analyzing customer re-
view texts and utilizing neural networks and natural
language processing techniques, it is possible to pre-
dict customer behavioral loyalty with a high degree
of accuracy.

The feature importance analysis not only confirms
the superiority of transformer-based textual embed-
dings but also highlights the practical value of com-
bining them with simple structured features. It also
validates our model architecture’s design decision to
process structured and unstructured inputs through
separate neural branches, ensuring both modalities
contribute meaningfully without being overshadowed.
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While the model’s predictive accuracy is technically
impressive, its real-world value becomes most appar-
ent when considering how businesses can leverage it to
improve customer retention. In many e-commerce set-
tings, behavioral loyalty is typically assessed through
retrospective transactional data, which may not be
available for new customers or competitors’ customers.
This study presents an innovative alternative, predict-
ing loyalty based solely on customer reviews, which
provides timely and actionable insights even in the
absence of long purchase histories. By integrating this
model into a company’s CRM system, businesses can
monitor incoming customer reviews in real-time and
immediately assess each customer’s likelihood of con-
tinued engagement. For instance, if the model flags a
customer as potentially non-loyal based on the tone,
sentiment, or content of their review, the business can
trigger targeted interventions such as personalized
offers, loyalty rewards, or direct follow-up communica-
tion to address dissatisfaction and prevent churn. This
makes it possible to move from reactive to proactive
retention strategies.

Additionally, because the model includes an explain-
ability layer using SHAP, it does not function as a
black box. Instead, it identifies which textual elements
most strongly influenced the loyalty prediction. This
interpretability allows marketing and customer service
teams to extract granular insights into what drives
loyalty or dissatisfaction. For example, if SHAP high-
lights that negative comments about delivery time
are strongly associated with predicted disloyalty, the
company can focus on improving logistics or better
setting delivery expectations.

Despite the promising results, this study has several
limitations that should be acknowledged. First, the
proposed model relies heavily on the availability of
sufficiently large volumes of customer review text. In
scenarios where reviews are sparse, extremely short,
or absent, the model’s predictive performance may
degrade, as the textual component plays a central role
in capturing behavioral signals. Second, the quality of
the predicted loyalty labels is inherently dependent on
the initial RFM-based segmentation. Any noise, bias,
or suboptimal parameter selection in the RFM labeling
process may propagate into the training data and
affect the model’s accuracy. Furthermore, although
the use of a genetic algorithm helps optimize RFM
configurations, the labeling process still reflects an
approximation of true customer loyalty rather than a
ground-truth measure.

The model is trained and evaluated on data from
a single e-commerce platform, which may limit its
generalizability across different industries, cultural
contexts, or customer behavior patterns. While the

methodology is transferable, domain-specific adapta-
tion and validation are required. Moreover, the ap-
proach depends on the quality of textual data, which
may include noise such as informal language, gram-
matical errors, sarcasm, or translation artifacts. These
factors can reduce the effectiveness of NLP models in
accurately capturing sentiment and intent.

The proposed direction for future research is to en-
hance the current method of customer loyalty labeling
by implementing a combined approach. This would
involve labeling customer loyalty in a manner that
considers both behavioral and attitudinal loyalty, thus
covering the limitations and challenges of each type
of loyalty.

The current segmentation approach is based solely
on the traditional RFM model. Exploring alternative
customer segmentation techniques, particularly more
recent methods that leverage machine learning, could
further enhance the accuracy and effectiveness of the
predictive model.

Additionally, extending the model to incorporate
temporal trends in customer scores or other dynamic
features could enhance loyalty prediction. Analyzing
how changes in customer attributes over time influ-
ence loyalty outcomes may yield deeper insights and
improve predictive accuracy. This direction aligns with
the growing need for adaptive models in customer
relationship management.
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