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Abstract

The growing convergence of personalized recommendations and pricing strategies has
created new opportunities for retailers to support more targeted promotional decisions
and potentially improve revenue-related outcomes, provided that such systems are im-
plemented with appropriate managerial and fairness safeguards. This study introduces
a Transformer-driven modeling approach that jointly performs product recommendation
and personalized price-level assignment by modeling observed discount-level acceptance
as an operational proxy for consumers’ willingness to pay (WTP). Instead of handling price
as an auxiliary or fixed attribute, the proposed model learns patterns of observed price re-
sponsiveness from sequential purchase histories that integrate user actions, item attributes,
and discount exposure. The learning task is cast as a multi-class classification problem
with five outcomes—non-purchase and purchases occurring at 0%, 10%, 20%, and above
30% discount levels—enabling the system to recommend not only relevant products but
also economically appropriate pricing options. Empirical evaluation on the Dunnhumby
retail dataset, which provides rich information on transactions and promotions, shows con-
sistent performance across multiple evaluation criteria, including macro- and micro-level
classification metrics, ranking-based measures such as NDCG@5, and Macro averaged
AUC. Across the reported metrics, the Transformer-based framework performs better than
our earlier deep reinforcement learning approach in this five-class setting, suggesting that
sequence-based self-attention can better capture observed behavioral patterns related to
discount-level acceptance. By producing integrated product—price recommendations, the
proposed framework contributes toward closing the methodological gap between recom-
mendation systems and dynamic pricing, and offers a scalable decision-support framework
for data-driven, value-sensitive promotion design in retail and e-commerce contexts, subject
to future validation in real-world and fairness-aware implementation settings.

Keywords: recommendation systems; willingness to pay; transformers; intelligent marketing
promotions; dynamic pricing

1. Introduction

The accelerating expansion of the Internet, the emergence of the Fourth Industrial
Revolution, and rapid advances in Artificial Intelligence (AI) have reshaped organizational
workflows and customer-facing business processes. In retail and e-commerce, where
customer profiles and detailed purchase histories are strategic assets, intelligent and data-
driven promotional strategies have become essential for improving operational efficiency,
customer engagement, and purchasing behavior.
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A strong emphasis on customer retention further underscores the importance of per-
sonalized promotion. Multiple studies indicate that acquiring a new customer can cost
five to seven times more than retaining an existing one [1-3]. As a result, personalized and
Al-enabled promotions have become central to sustainable growth strategies. However,
the relationship between personalized pricing and customer loyalty is not automatically
positive. Prior research also shows that affective and cognitive mechanisms shape loyalty
and decision-making in promotional contexts [4,5]. If customers perceive that individ-
ualized prices or discounts systematically disadvantage loyal or frequent buyers, such
strategies may generate perceptions of price unfairness and weaken trust [6-8]. Therefore,
Al-driven promotional systems should be designed not only to improve short-term conver-
sion and promotional efficiency, but also to account for customer-relationship outcomes
and perceived fairness.

Al-powered marketing systems enable firms to analyze large-scale behavioral data
and adapt promotional strategies more precisely, thereby supporting more efficient resource
allocation and potentially improving conversion through targeted offers [9]. Personalization
plays a central role in these intelligent marketing ecosystems and provides the foundation
for advanced pricing strategies such as Dynamic Pricing (DP) [10]. DP techniques are widely
adopted in e-commerce to fine-tune discounting policies, balance supply and demand,
and optimize inventory flows [11]. In competitive markets, such strategies increasingly
rely on models capable of capturing complex temporal and behavioral patterns, as shown
in recent work on spatial and temporal price prediction [12].

Recommendation systems (RSs) are widely used in digital commerce to learn user
preferences, support product discovery, rank alternatives, and recommend complementary
or substitute items [13,14]. In e-commerce, RSs help identify products that match individ-
ual tastes, rank alternatives during search sessions, and recommend complementary or
substitute goods, thereby improving the efficiency of consumer decision-making.

Despite their effectiveness, conventional RS frameworks generally prioritize predict-
ing whether a user will like, click, or purchase a product, while overlooking one of the
most influential determinants of purchase decisions: price. This limitation can produce
recommendations that are behaviorally relevant but economically misaligned with the
customer’s budget or willingness to pay (WTP). To generate actionable recommendations
in retail settings, pricing must therefore be treated as an essential dimension of personal-
ization. When profit margins, discount levels, or price sensitivity are excluded from the
recommendation objective, the system remains incomplete from both a marketing and
business perspective [15]. Moreover, although RS research often emphasizes accuracy-
oriented metrics such as click-through rates, ranking effectiveness, or prediction precision,
these models frequently ignore DP considerations that directly influence revenue and sales
outcomes [16].

Based on this gap, the central research question of this study is how product rec-
ommendation and personalized price-level prediction can be integrated within a single
Transformer-based framework. To address this question, the study models observed
discount-level acceptance as a five-class prediction task and uses it as an operational proxy
for customer WTP. Rather than treating price only as an auxiliary input feature, the pro-
posed framework incorporates discount level into the recommendation output, enabling
product-price prediction based on historical customer—product interactions.

The use of a Transformer architecture is motivated by its ability to model sequential
customer—product interaction histories through self-attention. In this study, self-attention
is used to identify behavioral signals related to purchase likelihood, discount responsive-
ness, and product relevance from historical retail sequences. Unlike uniform promotional
strategies, which apply the same discount to broad customer groups, the proposed frame-
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work supports more targeted discount allocation based on observed discount-response
patterns used as a proxy for WTP. However, such personalization should not be interpreted
as unrestricted surplus extraction from high-WTP customers. In practical applications,
WTP-based pricing must be combined with fairness safeguards and customer-relationship
considerations, particularly when high-WTP customers are also loyal or frequent buyers.

The proposed framework is evaluated using the Dunnhumby sales dataset, a large-
scale retail dataset containing transaction, product, price, and discount information. The em-
pirical results show stable performance in the multi-class purchase—discount prediction
task, indicating that the model can distinguish between non-purchase, full-price purchase,
and purchases under different discount levels. These results suggest that integrating
pricing into the recommendation output can improve the practical relevance of RSs in
price-sensitive retail environments.

This study makes three main contributions. First, it extends RS research by formulating
recommendation as a joint product—price prediction problem rather than a product-only
ranking task. Second, it operationalizes WTP through observed purchase and discount-level
outcomes, allowing price sensitivity to be modeled directly within the recommendation
output. Third, it indicates the applicability of Transformer-based sequence learning to multi-
class product-price recommendation in retail data. At the same time, because personalized
pricing may affect perceived fairness, trust, and loyalty, the framework is positioned
as a decision-support tool whose real-world implementation should be supported by
managerial constraints and fairness guardrails.

2. Related Work
2.1. RS

RSs have emerged as a key technological solution across various domains, particularly
in e-commerce and retail. By leveraging patterns in user behavior, customer profiles,
and product-related information, RSs identify customer preferences and suggest items that
users are likely to engage with or purchase [17]. Beyond personalization, these systems
reduce users’ cognitive load and improve the overall quality of their decisions by filtering
vast product collections into tailored suggestions [18]. Industry analyses indicate that
adopting RS technologies can boost total purchase volume by approximately 30-35% in
online retail platforms [19]. Personalized recommendation has also been studied in social-
media and cognitive recommendation contexts, highlighting the broad applicability of
user-centered recommendation methods [20,21].

2.1.1. Data Sources in RS

The performance of RSs depends on how users, products, and interactions are repre-
sented. Most recommendation models rely on user—item interaction data, customer-level
information, and product-level attributes. User—item interactions may include explicit
feedback, such as ratings, reviews, or stated preferences, and implicit feedback, such as
clicks, page views, add-to-cart actions, purchases, and repeated transactions. While explicit
feedback provides clearer preference signals, it is often sparse and difficult to collect at
scale. Implicit feedback is more common in retail environments, but it is noisier because
observed behavior does not necessarily indicate satisfaction or long-term preference [22].

For this reason, implicit behavioral signals must be interpreted together with broader
customer and product information. Customer-level variables, such as purchase frequency,
customer lifetime, spending patterns, and demographic attributes, help describe relatively
stable behavioral tendencies. Product-level variables, including category, brand, price,
sales volume, and discount exposure, help distinguish preference-driven behavior from
price-driven purchase responses. Contextual and session-level signals, such as temporal
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attributes, location, or current interaction sequences, can further enrich recommendation
models when combined with transactional histories [13,23-27]. Recent work on implicit
feedback and dynamic preference modeling further shows that recommendation inputs
and objectives may evolve over time [28-30].

In price-aware recommendation, price and discount information are especially impor-
tant. A purchase at full price may indicate a different level of observed price responsiveness
from a purchase made only under a high discount. Similarly, repeated purchases under
promotional conditions may suggest discount dependence rather than general product
preference. Therefore, price and discount variables should not be treated only as auxiliary
product attributes; they are central signals for modeling purchase likelihood and observed
discount-level acceptance.

This issue is particularly relevant in retail datasets, where explicit ratings are often
unavailable and customer behavior must be inferred from transaction records. The present
study therefore combines customer, product, and interaction-level features with price-
discount information to model both product relevance and discount-level acceptance within
a unified Transformer-based framework. In doing so, it moves beyond traditional RSs that
predict only which product to recommend and instead addresses the joint question of which
product should be recommended and under which observed price-discount condition.

2.1.2. Types of RS by Output

Most real-world RSs generate recommendations for individual items that a user is
likely to prefer or purchase. Other output formats, such as bundle recommendation and
group recommendation, have also been studied to address settings where users may need
product sets or shared recommendations [31-35]. These approaches show that recommen-
dation outputs can be designed beyond single-item prediction when the decision context
requires a more structured output.

In this study, the output is extended in a different direction. Rather than recommending
only a product, the proposed framework predicts a product—price outcome by incorporating
discount level into the recommendation output. This allows the model to address not only
what should be recommended, but also under which observed price-discount condition
the recommendation is most likely to be accepted.

2.1.3. Transformer-Based Models in RS

Transformer architectures have become increasingly important in sequential RS be-
cause self-attention can capture dependencies across long, sparse, and heterogeneous
user—item interaction histories. Unlike models that process interactions mainly in chrono-
logical order, Transformer-based approaches can attend to multiple parts of a sequence
simultaneously and identify the interactions most relevant to the next prediction task. This
capability is particularly useful in retail settings, where purchase decisions may depend on
temporally distant events, repeated product exposure, and previous responses to discounts
or promotions [36,37].

Early models such as SASRec and BERT4Rec demonstrated the value of self-attention
and bidirectional sequence modeling for next-item recommendation [38,39]. Later studies
extended Transformer-based RS by incorporating self-supervised learning, auxiliary objec-
tives, item attributes, textual reviews, heterogeneous event types, contextual information,
and hybrid session-based structures [40—45]. Taken together, this literature shows that
Transformers provide a flexible representation-learning architecture for modeling complex
behavioral signals in RS.

In the context of price-aware recommendation, this flexibility is especially relevant
because the model must represent not only product preference, but also observed price
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responsiveness. The present study builds on Transformer-based sequential RS by using
self-attention to model customer—product interaction histories together with price and
discount exposure. Rather than focusing only on next-item prediction, the proposed
framework estimates observed discount-level acceptance as part of the recommendation
output, thereby linking product relevance with price-level prediction.

2.2. Price in RS

Al-driven marketing systems have transformed promotional strategies by enabling
firms to analyze large-scale behavioral data and personalize offers according to customer
needs [9]. In retail and e-commerce contexts, the effectiveness of a promotion depends not
only on product relevance, but also on timing, discount level, perceived value, seasonality,
promotion framing, and customer-specific price responsiveness [46,47]. Price is therefore
a central determinant of purchase behavior: even when a product matches customer
preferences, it may still be rejected if the offered price exceeds the customer’s reservation
price [48-50].

As RSs have evolved into decision-support tools, several studies have argued that
recommendation quality should not be evaluated only through accuracy or ranking metrics,
but also through business-oriented criteria such as price, profit, and promotional effi-
ciency [16,51]. Value-aware, price-aware, profit-aware, and discount-sensitive RSs address
this issue by incorporating economic information into recommendation models [52-54]. Re-
lated work has also examined discount rates, complementary product pricing, personalized
price thresholds, personal price-aware recommendation, and price-integrated interaction
models, including graph-based approaches [15,55-59].

Despite these advances, price is often treated as an input feature, a post-processing
criterion, or a separate dynamic pricing decision rather than as part of the recommendation
output. This separation limits the ability of RSs to jointly account for product relevance
and observed discount-level acceptance. In personalized promotion settings, delivering the
right product at a price aligned with inferred WTP may support conversion and customer
satisfaction, but such effects depend on fairness, transparency, and customer-relationship
safeguards [60]. Therefore, the present study treats discount level as part of the prediction
task and uses observed purchase-discount behavior as an operational proxy for WTP, rather
than assuming that true WTP is directly observed.

2.3. Challenges and Research Gap

Despite the progress of RS research, most existing approaches remain primarily fo-
cused on predicting product relevance. Conventional RSs are typically designed to answer
the question of which item a user is likely to prefer or purchase, while price is either
ignored, treated as a fixed product attribute, or used only as an auxiliary input feature.
This creates an important limitation in retail and e-commerce contexts, where purchase
decisions depend not only on product preference but also on whether the offered price or
discount level matches the customer’s WTP.

A second challenge concerns the separation between recommendation and pricing
decisions. Dynamic pricing models can support price adjustment, while RSs can rank
relevant products; however, these two decisions are often modeled independently. As a
result, a system may recommend a relevant product at an unsuitable price or offer a discount
without adequately considering the customer’s sequential behavior and product preference.
This separation limits the ability of existing models to generate recommendations that are
simultaneously relevant to the customer and economically meaningful for the firm.

A further methodological challenge arises from the nature of retail data. In many
real-world datasets, explicit preference ratings are unavailable, and customer responses
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must be inferred from implicit transaction histories, observed prices, and discount exposure.
This makes it difficult to distinguish between product preference and price sensitivity using
static or non-sequential models. Sequence-learning architectures are therefore particularly
relevant because they can capture how prior purchases, discount responses, and product
interactions jointly shape future purchase behavior.

The present study addresses these limitations by proposing a Transformer-based
framework that integrates product recommendation and personalized price-level prediction
within a single multi-class sequence-learning model. Unlike traditional RSs that output
only product recommendations, the proposed model predicts purchase outcomes across
multiple discount classes, including no purchase, full-price purchase, and purchases under
different discount levels. In this way, the framework treats price not merely as an input
variable but as part of the recommendation output, thereby bridging the gap between RSs
and personalized pricing.

This formulation allows the model to operationalize WTP through observed price-
discount behavior and to generate recommendations that jointly reflect customer preference,
price responsiveness, and business value.

To clarify the positioning of the proposed framework within the existing literature,
Table 1 summarizes the main differences between traditional RSs, price-aware RSs, dy-
namic pricing models, and sequential Transformer-based RSs. This comparison shows
that previous approaches have typically addressed product recommendation and pricing
as separate or only partially connected tasks. In contrast, the present study integrates
these two decisions by treating the discount level as part of the recommendation output.
This positioning highlights the main contribution of the proposed framework: moving
from product-only recommendation toward joint product-price recommendation based on
customer interaction sequences and predicted WIP-related discount acceptance.

Table 1. Positioning of the proposed framework relative to existing RS approaches.

Research Stream

Main Focus

Main Limitation

Position of This Study

Traditional RSs

Predict relevant products based
on user—item interactions and
preference patterns.

Price is usually ignored or treated
as a fixed product attribute rather
than a decision variable.

Integrates product relevance
with personalized
price-level prediction.

Price-aware RSs

Incorporate price, profit, or
economic value into
recommendation models.

Price is commonly used as an
input feature, while the
recommendation output
remains product-oriented.

Treats the discount level as part
of the recommendation output.

Dynamic pricing
models

Adjust prices according to
demand, customer
characteristics, competition,
or expected revenue.

Pricing decisions are often
modeled separately from product
recommendation and sequential
preference learning.

Jointly models product
recommendation and
WTP-related discount classes.

Sequential and
Transformer-based
RSs

Capture temporal dependencies

and long-range behavioral pat-

terns in user interaction histories.

Most applications focus on next-
item prediction rather than per-
sonalized product-price recom-
mendation.

Uses self-attention to predict
product—discount outcomes from
customer interaction sequences.

3. Proposed Method

This section presents the proposed Transformer-based model for product recommen-
dation aligned with each customer’s WTP. Instead of learning through interactions as in
reinforcement learning, the new framework models the problem as a sequence predic-
tion task, in which customer behavior is represented as an ordered series of historical
interactions processed through a multi-head self-attention architecture.
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Each customer is represented by a chronological sequence of behavioral signals, in-
cluding purchases across product categories and price tiers, transactions with and without
discounts, browsing actions, preferences, and product evaluations. These interaction se-
quences are enriched with static user attributes—such as total number of purchase invoices,
customer lifetime, Average amount paid, and RFM score—to provide contextual grounding
that enhances personalization. Similarly, each product is encoded through descriptive
attributes including original product price, category and number of unique customers who
bought the product.

The primary objective of the proposed model is to support product recommendation
and discount-level prediction by aligning product—price offers with observed discount-
response patterns used as a proxy for WTP. From a marketing perspective, effective price-
sensitive recommendation can improve short-term conversion and promotional efficiency,
but it should not be interpreted as directly maximizing customer satisfaction, retention,
or organizational value. The Transformer-based architecture directly supports this objective
by capturing long-range dependencies in user histories and extracting latent purchase
patterns relevant to price responsiveness.

In the proposed framework, the model predicts the product and discount class most
consistent with the customer’s observed purchase and discount-response history. This
is achieved by jointly encoding customer attributes, product features, and sequential
interaction histories through stacked self-attention layers. The output is a probability
distribution over purchase classes (e.g., no purchase, purchase at full price, purchase under
various discount levels), allowing the system to identify the price—product combination
with the highest likelihood of acceptance.

Consistent with the principles of value-aware recommender systems (VARSs), which
emphasize the integration of user utility and business value into recommendation mod-
els [16], the proposed Transformer-based approach incorporates price-related information
and discount mechanisms directly into the prediction task. This enables the system to gener-
ate recommendations that are both preference-aware and value-informed, without relying
on online interaction or reward estimation as in reinforcement learning.

3.1. Problem Definition

This paper introduces a product recommendation and price-personalization frame-
work that leverages Transformer-based sequence modeling to align product suggestions
with each customer’s WTP. The proposed approach formulates the task as a supervised
prediction problem over sequential purchase histories enriched with contextual customer
and product attributes.

The problem setting incorporates several categories of features essential for modeling
price-sensitive recommendation behavior. Customer features include detailed interaction
histories—such as the diversity of past purchases, frequency of discount usage, preferred
categories, and temporal patterns like purchase intervals and responsiveness to promotions.
These behavioral indicators are complemented by user-level characteristics including
inferred price sensitivity. Product features capture pricing and positioning elements such
as the product’s price rank within its category, its overall sales performance, the proportion
of discounted versus regular-price transactions, and the diversity of its customer base.

Observed discount-response patterns are modeled by jointly using customer and prod-
uct attributes within a sequence-learning architecture. The Transformer captures local and
long-range dependencies in user behavior, enabling the system to infer price responsiveness
and predict the product and discount class most consistent with the customer’s observed
purchase and discount-response history. This allows the recommendation mechanism to
incorporate not only preference matching but also pricing alignment.
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Unlike traditional RSs that focus primarily on predicting user—item relevance, the pro-
posed method integrates pricing considerations directly into the recommendation task.
By conditioning predictions on WTP-related signals and historical discount interactions,
the model generates recommendations that are both relevant and economically optimized.
This dual consideration enables the system to address demand-level preferences and pricing
sensitivity simultaneously, delivering a more comprehensive recommendation solution.

The proposed model is applicable across a broad set of marketing use cases. By predict-
ing observed discount-level acceptance, it can inform personalized promotional strategies
in which discount levels and special offers are tailored to each customer’s purchasing
profile in order to increase conversion likelihood. At the same time, the inferred WTP can
be leveraged to support dynamic pricing mechanisms by providing guidance for price
adjustments that reflect observed behavioral patterns. In addition, the framework may
inform customer retention and loyalty programs when its outputs are combined with
relationship-oriented rules, such as avoiding systematic disadvantage for loyal customers
and limiting excessive personalized price differences.

Price plays a pivotal role in marketing because it strongly shapes customer purchase
decisions [6]. Customers who consistently buy products only when discounts are available
typically exhibit high price sensitivity and lower acceptance of full-price offers. By modeling
this pattern within a sequential Transformer architecture, the system can identify discount-
dependent purchasing behaviors and adjust recommendations accordingly. This enables
businesses to deliver personalized price incentives that better match each customer’s
inferred WTP and may support purchase likelihood and sales performance. However,
long-term loyalty cannot be assumed to follow automatically from personalized pricing;
it depends on whether customers perceive the pricing policy as fair and relationship-
oriented [8,61].

In addition to defining the problem, it is important to emphasise the generalisation ca-
pability of the proposed framework. The Transformer-based sequence modelling approach
developed in this paper is domain-agnostic, as it relies on self-attention over interaction
sequences rather than domain-specific state—action-reward dynamics. With appropri-
ate retraining and fine-tuning on domain-specific features and target tasks, the model
can be adapted from retail to other industries such as fashion, electronics, or digital ser-
vices—where consumer behaviour may differ in terms of purchase frequency, price sen-
sitivity, and seasonal patterns. Recent research shows that Transformer architectures can
generalise across different domains or data distributions, especially when exposed to
diverse interaction data and adapted appropriately [62].

3.2. Problem Modeling Using a Transformer-Based Sequence Framework

In the proposed model, the problem of simultaneous product recommendation and
pricing is reformulated using a Transformer-based sequence modeling approach. The Trans-
former framework learns behavioural patterns directly from historical interaction se-
quences, enabling the system to jointly recommend the most suitable product and its
corresponding price tier. Owing to the characteristics of attention-based models—such as
their ability to capture long-range behavioural dependencies, incorporate heterogeneous
customer and product features, and learn complex purchase dynamics—the proposed
method is expected to provide a suitable representation for the five-class product-price
prediction task.

The overall architecture of the proposed framework, from input representation to
output generation, is illustrated in Figure 1 and summarized as follows:

1. Inputs: The model receives structured information describing customers, prod-
ucts, and their interaction histories. These inputs include sequential records of cus-
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tomer—product interactions, purchase events under different discount levels, and de-
scriptive product attributes, forming the basis for sequence-aware modeling.

2. Data Representation and Encoding: Customer interaction histories are transformed
into ordered sequences that preserve temporal structure and purchasing context.
These sequences are encoded into dense representations that capture both behavioral
dynamics and price-related signals relevant to WTP.

3. Transformer-Based Sequence Modeling: The encoded interaction sequences are pro-
cessed through a Transformer architecture built on multi-head self-attention. By attend-
ing to different parts of the interaction history, the model learns latent dependencies
between past behavior and price sensitivity, enabling a unified representation of
preference and responsiveness.

4. Outputs: Based on the learned representations, the model predicts a probability distri-
bution over purchase outcomes, including non-purchase and purchases at different
discount levels. The final output consists of personalized product—price predictions
based on observed discount-level acceptance patterns.

In this modeling approach, the prediction task is formulated as a sequence-to-class
problem. Each input sequence represents the joint temporal information of a customer and
the products they interact with, enriched with demographic and product-level attributes.
A sequence embedding thus reflects whether a customer with certain characteristics is
likely to purchase a particular product at a given price or discount level.

Within this framework, the Transformer encoder captures the contextual relationships
among interactions, products, and prices. The model outputs a probability distribution
over possible product—price pairs, allowing the system to identify the most promising rec-
ommendation for each customer based on predicted purchase likelihood and inferred WTP.

By capturing both immediate and longer-term behavioral dependencies through
self-attention, the Transformer-based approach supports value-aware product—price pre-
diction while remaining suitable for retraining or fine-tuning as new interaction data
become available.

Joint Product—Price Recommendation via Sequential Transformer Modeling

@ Representation Transformer—Based\ Product recommendation with pricing
and Encoding Sequence Model at four different price levels

Purchase with 0% discount

Purchase with 10% discount
Purchase with 20% discount
Purchase with 30% or more

X discount

Predicted Non-Purchase
Q / Outcome /

Figure 1. Overview of the proposed Transformer-based framework for joint product and price recom-

Sequential Sequence Modeling .
Interaction with .

Encoding Self-Attention

Customer, Product, and Interaction Sequences

mendation.

Figure 1 summarizes the proposed framework for joint product-price recommenda-
tion. The framework takes customer, product, and interaction sequences as input and
converts them into a sequential interaction representation. This representation is then
passed to a Transformer-based sequence model, where self-attention is used to capture
dependencies across previous interactions and to identify the behavioral patterns that are
most informative for predicting the customer’s next response.
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The Transformer-based model was configured to balance predictive performance,
computational efficiency, and the risk of overfitting. Given the five-class prediction task and
the structured retail nature of the Dunnhumby dataset, a compact Transformer architecture
was selected rather than a very deep model. The final model used an embedding dimension
of 128, two Transformer encoder layers, four attention heads, a feed-forward hidden
dimension of 256, and a dropout rate of 0.20. The maximum sequence length was set to
50 previous customer—product interactions, allowing the model to capture meaningful
purchase and discount histories while avoiding excessive noise from very long sequences.

The model was trained using the Adam optimizer with a learning rate of 1 x 1074
and a batch size of 256. Training was conducted for a maximum of 30 epochs, with early
stopping applied when validation performance did not improve for five consecutive epochs.
The output layer used a softmax activation function to predict one of five mutually exclusive
outcome classes: non-purchase, purchase with no discount, purchase with a 10% discount,
purchase with a 20% discount, and purchase with a discount of 30% or more. The final
configuration was selected based on validation-set performance, with particular attention
to Macro F-score and NDCG@5, because these metrics reflect both balanced classification
performance and ranking quality across discount classes. Final hyperparameter settings
are shown in Table 2.

Table 2. Final hyperparameter settings of the Transformer-based model.

Hyperparameter Selected Value
Embedding dimension 128

Number of Transformer encoder layers 2

Number of attention heads 4
Feed-forward hidden dimension 256

Dropout rate 0.20

Maximum sequence length 50 interactions
Output classes 5

Batch size 256

Learning rate 1x1074
Optimizer Adam
Maximum number of epochs 30

Early stopping patience 5 epochs
Output activation Softmax
Primary validation criteria Macro F-score and NDCG@5

To assess the sensitivity of the model to architectural complexity, alternative config-
urations with smaller and larger embedding dimensions, different numbers of attention
heads, and different sequence lengths were considered during model development. Very
small configurations reduced the model’s ability to capture heterogeneous purchase and
discount patterns, whereas larger configurations increased computational cost and the risk
of overfitting without providing proportional gains in validation performance. The selected
configuration therefore represents a balanced architecture for the five-class product—price
prediction task.

The prediction task is defined as a multi-class outcome that combines purchase likeli-
hood and discount-level acceptance. The model can predict a non-purchase outcome when
the customer is unlikely to buy the product. When a purchase is predicted, the framework
assigns the recommendation to one of four pricing outcomes: purchase with a 0% discount,
purchase with a 10% discount, purchase with a 20% discount, or purchase with a discount
of 30% or more. Thus, the framework extends conventional product recommendation by
integrating personalized pricing into the recommendation output and by operationalizing
WTP as a discount-level prediction problem.
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To capture the role of price in shaping customer behavior and to provide a structured
input representation for sequence modeling, the proposed framework begins by construct-
ing descriptive representations of customers and products. Rather than serving as explicit
decision states, these representations provide contextual information that complements the
sequential interaction histories used by the Transformer model.

Customer, product, and interaction data are jointly utilized to derive a set of static
attributes and dynamic signals that characterize purchasing behavior and price exposure.
Customer profile attributes summarize long-term purchasing tendencies, such as spend-
ing levels, purchase frequency, and discount usage, while product attributes describe
market-related characteristics, including price positioning and aggregate demand pat-
terns. In parallel, interaction-level information is preserved as ordered sequences of events,
allowing the model to retain the temporal structure of customer—product relationships.

These static customer and product attributes are embedded as contextual inputs and
combined with sequential interaction representations to form the complete input to the
Transformer encoder. Through multi-head self-attention, the model learns latent depen-
dencies between historical behavior and price-related outcomes, enabling the extraction of
meaningful representations associated with WTP and purchase propensity.

The full set of input features used to construct customer profiles, product attributes,
and interaction sequences is summarized in Table 3.

Table 3. Input features used for customer, product, and interaction representations in the proposed
Transformer-based model.

Product Attribute Embeddings

P1 Original product price

P2 Average original price across transactions

P3 Number of unique customers who purchased the product
P4 Total number of product sales

P5 Average time interval between product purchases

Customer Profile Embeddings

C1 Total number of purchase invoices
C2 Customer lifetime (time since first purchase)
C3 Number of unique products purchased
C4 Average amount paid per transaction
C5 Average realized purchase value after discount
C6 Average discount amount used by the customer
Cc7 Average time interval between consecutive purchases
C8 Average time interval between discounted purchases
9 RFM score
Sequential Interaction Signals
In Historical purchase events ordered by time
12 Product categories and price tiers in interaction sequence
I3 Discount usage indicators within interaction history

Prediction Target (Purchase Outcome)

T1 Purchase outcome class (no purchase, 0%, 10%, 20%, >30% discount)

By structuring the input space around aggregated behavioral indicators and tem-
porally ordered interaction signals, the proposed representation reduces the ambiguity
typically associated with implicit feedback data. Instead of relying on isolated purchase
events, the model captures broader behavioral regularities, including discount sensitivity,
spending consistency, inter-purchase timing, and sustained engagement across product
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categories. This representation encourages the learning of stable behavioral patterns that
support reliable inference of customer preferences and WTP.

The prediction task is formulated as a five-class classification problem, corresponding
to non-purchase and purchases occurring at different discount levels (0%, 10%, 20%, and at
least 30%). These output classes are summarized in Table 4.

Model training is conducted using a multi-class cross-entropy loss function, which
measures the discrepancy between the predicted purchase outcome and the observed
customer behavior. Correct identification of both purchase occurrence and discount level
leads to lower loss values, while incorrect predictions are penalized according to their
deviation from the true class. This supervised objective enables the Transformer to jointly
learn purchase likelihood and price sensitivity within a unified modeling framework.

Table 4. Purchase outcome classes used for supervised product—price prediction.

Class Purchase Outcome Description
Co No purchase event
C1 Purchase at full price (0% discount)
C2 Purchase with low discount (10%)
C3 Purchase with medium discount (20%)
C4 Purchase with high discount (>30%)

3.3. Training the Model

The proposed model employs a Transformer-based sequence learning approach to
jointly predict product recommendations and their corresponding price or discount levels.
The Transformer framework learns from historical interaction sequences through super-
vised learning. This enables the model to capture long-range behavioral patterns and
predict observed purchase—discount outcomes.

The dataset used for training and evaluation contains 1,817,012 samples, including
both positive and negative interaction records. Positive samples correspond to completed
transactions in which the customer purchased the product at the observed discount level,
whereas negative samples represent instances in which no purchase occurred. The large
scale of the dataset provides sufficient variation for model training and enables evaluation
on unseen customer—product interactions.

The proposed neural architecture is built upon a Transformer encoder and is de-
signed to jointly model sequential customer behavior and price-related purchase outcomes.
The model consists of the following components:

¢ Input Representation Layer: Customer profile attributes, product characteristics,
and temporally ordered interaction histories are mapped into dense embedding
spaces. Static customer and product embeddings provide contextual information,
while interaction-level embeddings preserve the temporal structure of purchasing
behavior. These representations are combined to form the input sequence to the
Transformer encoder.

e  Transformer Encoder: The embedded sequences are processed through multiple
stacked Transformer encoder layers based on multi-head self-attention. This mech-
anism enables the model to selectively attend to different parts of the interaction
history, capturing long-term dependencies, recurring purchasing patterns, and latent
relationships between past behavior and price sensitivity.

e  Position-wise Feed-Forward Network: Each encoder layer is followed by a fully
connected feed-forward network with ReLU activation, which introduces non-linearity
and refines the representations produced by the attention mechanism.
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¢ OQutput Layer: The final sequence representation is passed to a softmax classifica-
tion head that outputs a probability distribution over discrete purchase outcomes,
including non-purchase and purchases under different discount levels (0%, 10%, 20%,
and >30%).

The training procedure for the Transformer-based product-price recommendation
model is summarized in Algorithm 1. The model is trained using supervised mini-batch
learning, where the objective is to minimize the categorical cross-entropy loss between the
predicted purchase outcome and the observed customer behavior.

This loss function penalizes incorrect predictions proportionally to their divergence
from the true class, encouraging the model to jointly learn purchase likelihood and discount
sensitivity within a unified framework. By optimizing this objective, the model aligns
sequential behavioral representations with economically meaningful pricing outcomes.

After training, model performance is evaluated on a held-out test set using classifica-
tion and ranking-based metrics. The results demonstrate that the Transformer architecture
effectively captures long-range behavioral dependencies and nuanced price responsiveness
patterns that are often missed by conventional recommendation approaches.

An additional advantage of the proposed framework is its adaptability to evolving
customer behavior. As new interaction data become available, the model can be retrained
or fine-tuned to reflect changes in purchasing patterns and market conditions, allowing rec-
ommendation and pricing strategies to remain accurate, relevant, and responsive over time.

Algorithm 1 Training Procedure for Transformer-Based Product-Price Recommendation

1: Input: Training dataset D; batch size B; learning rate #; maximum epochs E
2: Initialize Transformer model parameters ¢

3: forepoch =1to E do

4: for each mini-batch {(X;,y;)}2, from D do

5: Encode customer, product, and interaction features into embeddings
6: Construct ordered interaction sequences
7: Process sequences through Transformer encoder layers
8: Compute purchase outcome probabilities ; = softmax(fg(X;))
9: Compute categorical cross-entropy loss:
1B
L=—5) yilog(y)
B i=1
10: Update parameters using Adam optimization:
0 0—1nVyl
11: end for
12: Apply early stopping based on validation loss
13: end for

14: Output: Trained Transformer-based product-price recommendation model

3.4. Evaluation Criteria

Evaluation metrics are defined and selected according to the problem structure and
its outputs. In this problem, product recommendations along with pricing are provided.
The output of the problem is defined as multi-class. Therefore, multi-class classification
metrics such as Macro average accuracy, Macro average recall, Macro F-score, Micro F-
score [63], One-vs-Rest (OvR) Macro averaged AUC [64] and Normalized Discounted
Cumulative Gain (NDCG) are used. Additionally, weighted multi-class accuracy is pro-
posed for evaluation based on different preferences.
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Considering that the model output is a type of multi-class classification output, multi-
class evaluation methods are used to evaluate this model. The confusion matrix for multi-
class classification for one sample class is shown in Table 5, and the metrics of Macro
average accuracy, Macro average recall, Macro F-score, Micro F-score, Macro averaged
AUC and NDCG are used to evaluate this model.

Table 5. Metrics in multi-class classification for the class ‘Purchase with 10% Discount’.

Actual Predicted
No Purchase 0% Discount 10% Discount 20% Discount >30% Discount
No Purchase TN N FpP TN N
0% Discount TN TN FP TN TN
10% Discount ~ FN FN TP FN FN
20% Discount TN TN FP TN TN
>30% Discount TN TN FP TN TN
In addition to standard multi-class evaluation metrics, we use a weighted multi-
class accuracy measure to provide a complementary business-oriented interpretation of
prediction errors. This metric assigns different weights to correct and incorrect predictions
according to the relative managerial cost of each outcome, as shown in Table 6. The purpose
of this metric is not to replace standard measures such as Macro F-score, AUC, or NDCG,
but to reflect that different types of pricing errors may have different business implications.
Table 6. Weights for predicting different classes to calculate weighted multi-class accuracy.
Prediction
Actual
No Purchase 0% Discount 10% Discount 20% Discount >30% Discount
No Purchase 10 —4 -3 -2 -1
0% Discount —4 10 -1 -2 -3
10% Discount —4 -3 10 -1 -2
20% Discount —4 -3 -2 10 -1
>30% Discount —4 -3 -2 -1 10

The weighting scheme in Table 6 is intended as a managerial cost-sensitive evaluation
tool rather than a universal performance metric. Correct predictions receive a positive
coefficient of +10 because they correctly identify both purchase occurrence and discount
level. Incorrect predictions receive negative coefficients according to their expected business
implications. The largest penalty (—4) is assigned to errors that may lead to missed
purchases or inefficient targeting, such as predicting non-purchase when a purchase occurs
or predicting a purchase when no purchase occurs. Smaller penalties are assigned to errors
between adjacent discount classes because they imply smaller deviations in promotional
intensity. For example, if the actual outcome is a purchase with a 20% discount, predicting
non-purchase receives the largest penalty, while predicting a nearby discount class receives
a smaller penalty.

After assigning the corresponding coefficient to each observation, the weighted multi-
class accuracy is calculated by summing all weighted values and normalizing by the
maximum possible score, as follows:
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Sum of all positive and negative values

Weighted Multi-Class Accuracy = Total number of samples x 10

1)

Because these weights are managerially motivated and may vary across firms, the se-
lected weighting scheme should be considered illustrative rather than universally optimal.
Therefore, this metric is interpreted as a complementary business-oriented measure along-
side standard metrics such as Macro F-score, AUC, and NDCG. Future research should test
alternative weighting structures and compare the results with established cost-sensitive
evaluation approaches.

3.5. Challenges and Innovations

The main methodological challenge in this study is to model product relevance and
discount-level acceptance within a single supervised sequence-learning framework. Un-
like conventional RSs, which usually focus on item relevance, the proposed framework
must jointly represent customer behavior, product attributes, and observed price-discount
responses. This requires input representations that capture purchase frequency, discount ex-
posure, spending patterns, temporal interaction structure, and product-level characteristics.
The Transformer architecture is used because self-attention can model these heterogeneous
and sequential signals within a unified representation.

The main contribution of the proposed framework is its formulation of product rec-
ommendation as a five-class product—price prediction task. Instead of predicting only
whether a product is relevant, the model predicts whether the customer is unlikely to
purchase, likely to purchase at full price, or likely to purchase under different discount
levels. This makes discount level part of the recommendation output and allows the
system to estimate observed discount-level acceptance as an operational proxy for WTP.
The resulting framework provides a value-aware decision-support approach for retail
recommendation, while practical deployment should still consider fairness safeguards,
customer trust, and long-term relationship outcomes.

4. Experiments

This section presents a comprehensive analysis of the experimental results. We begin
with a detailed description of the dataset used for training, validation, and testing the
Transformer-based pricing and recommendation model. We then describe the evaluation
methodology, which includes training the model on sequential interaction data, validating
its performance during training, and testing its generalization on a separate held-out dataset.
Standard performance metrics such as precision, recall, F1 score, and overall accuracy are
employed to assess both the quality of product recommendations and the correctness of
discount-class predictions. Finally, we analyze the experimental results, demonstrating
substantial improvements in recommendation accuracy and pricing alignment compared
to other approaches, and highlighting the model’s ability to adapt to evolving customer
behavior through periodic retraining and fine-tuning.

4.1. Dataset Description

The Dunnhumby dataset is selected due to its relevance to the problem at hand and
its extensive use in numerous studies. This dataset adequately covers features related to
discounts, pricing, and promotional attributes. The Dunnhumby dataset is an extensive
collection of retail transaction data, encompassing 2,595,732 purchase transactions from
2500 unique customers over 711 days. It includes detailed customer demographics, product
attributes, and transactional specifics such as pricing and discounts. This dataset is instru-
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mental for developing and testing machine learning algorithms, particularly in customer
segmentation, product recommendation, DP, and market basket analysis. Its structure
makes it suitable for evaluating data-driven retail models that use transaction, product,
price, and discount information [65].

Some specifications of the Dunnhumby dataset are presented in Table 7.

Table 7. Dunnhumby dataset specifications.

Feature Value
Number of Transactions 2,595,732
Number of Customers 2500
Number of Products 92,339
Time Period 711 days
Number of Invoices 276,484
Number of Product Categories 308
Number of Product Subcategories 2383

Table 8 presents the distribution of samples used for training and testing the
Transformer-based recommendation and pricing model. Following a standard 70-30 split
strategy, a total of 1,817,012 samples (70%) were allocated to the training set, enabling the
model to learn customer behavioral patterns, discount responses, and product interactions
from a sufficiently large dataset. The remaining 778,720 samples (30%) constitute the test set,
which is used exclusively to evaluate the model’s generalization performance on unseen
customer—product interactions. This split ensures a balanced and reliable assessment of the
model’s predictive accuracy and robustness.

Table 8. Train and test split.

Category Percentage Number of Transactions
Training 70% 1,817,012
Testing 30% 778,720

4.2. Experimental Results

The proposed framework formulates product recommendation and personalized
pricing as a five-class prediction problem. The output classes include non-purchase, pur-
chase with no discount, purchase with a 10% discount, purchase with a 20% discount,
and purchase with a discount of 30% or more. This formulation differs from most existing
recommendation and pricing studies, which typically address either next-item recommen-
dation, binary purchase prediction, or price optimization as a separate task. As a result,
direct comparison with many previous methods is not straightforward, because their out-
put structure does not correspond to the joint product—price prediction task considered in
this study.

Because the study relies on historical offline retail data, the output labels were con-
structed from observed customer responses under the prices and discount levels that were
actually offered. The five classes used in the model therefore should not be interpreted
as direct observations of a customer’s true latent WTP. Instead, they represent observed
purchase-discount outcomes and are used as an operational proxy for discount-level accep-
tance. Specifically, each customer—product interaction was assigned to one of five mutually
exclusive classes: non-purchase, purchase with no discount, purchase with a 10% discount,
purchase with a 20% discount, or purchase with a discount of 30% or more.

Importantly, the non-purchase class does not imply that the customer would necessar-
ily have purchased the product if a discount had been offered. Similarly, a purchase under
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a given discount level does not prove that the same customer would not have purchased
under a lower discount or at full price. The label only records the observed outcome
under the price and discount condition that appeared in the historical data. Therefore, no
unobserved counterfactual price response was imputed, and no non-purchase at full price
was automatically converted into evidence of discount requirement.

This labeling strategy follows the empirical constraints of offline pricing data. As also
recognized in our previous reinforcement-learning-based work, historical retail datasets
often lack information on inaction and counterfactual actions: we observe the price or
discount that was offered and the resulting customer response, but we do not observe
how the same customer would have responded to alternative price points. Consequently,
the model learns patterns of observed discount acceptance rather than true causal WTP.
This distinction is important for interpreting the results and for avoiding overstatement of
the model’s revenue implications.

In our previous reinforcement-learning-based study [66], the same business problem
was modeled through a sequential decision-making framework. In that work, the state
space represented customer, product, and interaction information, the action space corre-
sponded to pricing or discount decisions, and the reward function was designed to reflect
purchase response and economic value. However, because most existing benchmark meth-
ods in the literature were formulated as binary prediction models, the original multi-class
discount structure had to be transformed into a binary purchase/non-purchase setting
for comparison with those methods. While this enabled comparison with conventional
models, it also reduced the granularity of the pricing decision and did not fully preserve
the five-class WTP-related structure used in the present study.

For this reason, the comparison with the RL-based approach is used as the closest
available benchmark from our prior work, because it addresses the same retail pricing
context and uses related customer—product interaction information. At the same time,
we acknowledge that the difference in modeling logic between reinforcement learning
and Transformer-based supervised sequence learning limits direct one-to-one comparison.
The present model preserves the five-class output structure and directly predicts the
discount-level outcome, which is central to its contribution.

The RL-based benchmark [66] differs from the proposed Transformer model in both
learning objective and output structure. In the RL formulation, the pricing problem is
represented as a sequential decision process. The state contains information about the
customer, product, and historical interactions; the action corresponds to selecting a price or
discount decision; and the reward reflects the observed purchase response and the economic
value associated with the selected action. The model therefore learns a policy that maps
customer—product states to pricing actions. In contrast, the proposed Transformer-based
framework treats the problem as supervised sequence learning and directly predicts the
probability of each purchase-discount class from historical interaction sequences. This
difference is important because the Transformer model preserves the full five-class struc-
ture, whereas the RL-based study required a binary reformulation when compared with
conventional prediction methods.

The evaluation of this model utilizes multi-class classification metrics and the proposed
weighted multi-class accuracy based on Table 6. Figure 2 shows the confusion matrix for
this modeling approach.

The confusion matrix in Figure 2 illustrates the performance of the Transformer-based
pricing and recommendation model across the five outcome classes: no purchase, 0%
discount, 10% discount, 20% discount, and more than 30% discount. The true labels are
displayed on the Y-axis and represent actual customer behavior, while the predicted labels
on the X-axis indicate the model’s output. Each cell reports both the number of instances
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and the row-wise percentage, providing a detailed view of prediction accuracy for each
behavioral category.

A key result is the model’s strong ability to identify customers who are unlikely
to make a purchase. The “Don’t Purchase” class exhibits a high true—positive count of
441,225, corresponding to 87.4% of all actual non-purchasing instances. This high degree
of accuracy is vital in practice, as it allows businesses to avoid allocating unnecessary
marketing resources to low-engagement customers, thereby improving the efficiency of
promotional strategies.

The model also indicates stable performance in predicting purchasing behavior across
discount categories. For example, the 0% discount class achieves 146,019 correct predic-
tions, representing 87.6% recall in that row. This indicates that the model is effective at
identifying cases in which a purchase may occur without a price reduction. From an oper-
ational perspective, such predictions may help firms reduce indiscriminate discounting
and support margin protection, provided that they are implemented with fairness and
relationship-oriented safeguards.

Discount + 30 % 2699 (5%) 2772 0 1467 (2%) 2060 (3%) 50,697 (85%) 400k

350k

Discount 20 % 1898 (6%) 1045 (3%) 1019 (3%) 29,535 (86%) 743 (2%)
300k
250k

Discount 10 % 1315 (3%) 1635 (4%) 31,778 (84%) 1682 (4%) 1574 (4%)
200k

True Labels

150k
Discount 0 % 10,369 (6%) 146,019 (88%) 3112 (2%) 1333 (1%) 5794 (3%)

100k

Dont Purchase 441,225 (87%) 52,565 (10%) 4436 (1%) 3283 (1%) 3480 (1%)

Dont Purchase Discount 0 % Discount 10 % Discount 20 % Discount + 30 %
Predicted Labels

Figure 2. Confusion matrix for the Transformer-based pricing and product recommendation model.

For customers who require moderate discounts, such as the 10% and 20% classes,
the model achieves 83.7% and 86.3% row-wise accuracy, respectively. These results show
that the Transformer captures mid-range price sensitivity patterns, a crucial capability for
efficient allocation of promotional budgets across different customer segments.

Importantly, the model also performs well in identifying customers who respond
only to substantial discounts. The “more than 30%” discount class reaches a correct
prediction count of 50,697, corresponding to 84.9% accuracy. Customers in this group
exhibit high price sensitivity and are typically difficult to convert without significant
incentives. Accurate identification of this segment may help businesses apply high-value
discounts more selectively, potentially supporting conversion while reducing unnecessary
promotional spending. However, the profitability implications should be validated in
future experimental or real-world deployment settings.

Accurate discrimination across discount classes provides multiple practical benefits:
(1) cases with high full-price purchase likelihood can be identified without relying on broad
discount campaigns; (2) highly price-sensitive cases can be approached with appropriate
incentives; and (3) mass-discounting strategies can be replaced with more precise, customer-
specific promotional decisions. This targeted allocation of promotional resources can
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support short-term sales performance and improve the relevance of offers. Nevertheless,
long-term customer satisfaction depends on whether personalized price differences are
perceived as fair and whether loyal customers are protected from systematic disadvantage.

Taken together, the confusion matrix results show that the Transformer-based model
delivers strong predictive accuracy across the five observed outcome classes and may sup-
port data-driven promotional decisions when implemented with appropriate safeguards.

Table 9 summarizes the performance of the proposed Transformer-based pricing and
product recommendation model on the test dataset. A comprehensive set of evaluation
metrics was employed to assess both multi-class classification accuracy and ranking quality
across the five discount categories.

Table 9. Evaluation results for the Transformer-based pricing and product recommendation model.

Metric Test Data
Macro Average Precision 0.8066
Macro Average Recall 0.8597
Macro F-score 0.8302
Micro F-score 0.8702
Macro Averaged AUC 0.8912
NDCG@5 0.9065
Weighted Multi-class Accuracy 0.8265

The results in Table 9 show that the model performs consistently across both clas-
sification and ranking-based metrics. The Macro F-score of 0.8302 and Micro F-score of
0.8702 indicate balanced performance across the five outcome classes and stable aggregate
prediction quality. The Macro Averaged AUC of 0.8912 and NDCG@5 of 0.9065 further
suggest that the model ranks product—discount outcomes effectively in the observed test
data. Finally, the Weighted Multi-class Accuracy of 0.8265 provides a complementary
business-oriented view of performance by accounting for the relative importance of differ-
ent prediction errors. Overall, these results suggest that the model can predict observed
purchase—-discount outcomes reliably, while the revenue and managerial implications
should be interpreted as predictive rather than causal.

The detailed precision, recall, and Macro F-score values for the five output classes
are presented in Tables 10, 11 and 12, respectively. These metrics provide a class-wise
evaluation of the Transformer-based pricing and recommendation model and highlight its
strengths and areas for refinement.

Table 10. Precision evaluation for classes in the Transformer-based pricing and product recommenda-

tion model.
Classes Precision
Class 1—No Purchase 0.9644
Class 2—Purchase at Full Price 0.7156
Class 3—Purchase with 10% Discount 0.7600
Class 4—Purchase with 20% Discount 0.7794
Class 5—Purchase with 30% Discount or More 0.8139

Precision Results. Table 10 shows that the model achieves exceptionally high precision
for the No Purchase class (0.9644), indicating that when the model predicts that a customer
will not make a purchase, it is correct in the vast majority of cases. This is crucial for
operational efficiency, as it reduces unnecessary marketing expenditures for customers
unlikely to respond to promotions.
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Precision for purchase-related classes shows solid performance as well: full-price
purchases (0.7156), 10% discount purchases (0.7600), 20% discount purchases (0.7794),
and high-discount purchases (0.8139). These results suggest that the model is capable of
accurately distinguishing customer groups with varying price sensitivities, though there
remains room for improvement in full-price and 10% discount categories.

Table 11. Recall evaluation for classes in the Transformer-based pricing and product recommenda-

tion model.
Classes Recall
Class 1—No Purchase 0.8737
Class 2—Purchase at Full Price 0.8763
Class 3—Purchase with 10% Discount 0.8366
Class 4—Purchase with 20% Discount 0.8625
Class 5—Purchase with 30% Discount or More 0.8492

Recall Results. As shown in Table 11, recall is strong across all classes. The model
correctly identifies 87.37% of non-purchasing customers, reflecting excellent coverage for
customers who do not engage in transactions. Recall is also high for full-price purchases
(0.8763), 10% discount (0.8366), 20% discount (0.8625), and high-discount (0.8492) cate-
gories. These results indicate that the Transformer model captures the majority of relevant
purchasing patterns across different discount levels, ensuring broad behavioral coverage.

Table 12. Macro F-score evaluation for classes in the Transformer-based pricing and product recom-
mendation model.

Classes Macro F-Score
Class 1—No Purchase 0.9168
Class 2—Purchase at Full Price 0.7878
Class 3—Purchase with 10% Discount 0.7964
Class 4—Purchase with 20% Discount 0.8189
Class 5—Purchase with 30% Discount or More 0.8312

Macro F-score Results. Table 12 presents the Macro F-scores, which combine precision
and recall. The No Purchase class achieves the highest F-score (0.9168), confirming strong
balanced performance in identifying non-buying behavior. Discount-related classes also
show consistent F-scores: full price (0.7878), 10% (0.7964), 20% (0.8189), and 30%+ (0.8312).
These results demonstrate that the model performs stably across categories, with slightly
better performance for customers requiring moderate or high discounts.

Overall, the Transformer-based model excels at distinguishing non-purchasers from
buyers and performs reliably in predicting discount-dependent purchasing behavior. While
full-price and low-discount classes exhibit slightly lower precision, the recall and F-scores
indicate that the model still captures essential patterns, suggesting that further refinement
of feature representation or class-balancing techniques may enhance performance.

Recent work in our previous study [66] proposed a deep reinforcement learning-based
model for joint product recommendation and pricing, evaluated in a five-class setting
that distinguishes between no purchase and purchases at different discount levels. In the
present work, we adopt a Transformer-based sequence learning framework while keeping
the same five output classes, which allows a direct, like-for-like comparison between the
two approaches.

Table 13 reports the multi-class evaluation metrics for both the RL-based model [66]
and the proposed Transformer-based model. The RL approach achieved a Macro Average
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Precision of 0.8059, Macro Average Recall of 0.8243, Macro F-score of 0.8108, Micro F-score
of 0.8560, Macro Averaged AUC of 0.8743, NDCG@5 of 0.8947, and a Weighted Multi-class
Accuracy of 0.8082. In comparison, the Transformer-based model reaches a Macro Average
Precision of 0.8066, Macro Average Recall of 0.8597, Macro F-score of 0.8302, Micro F-score
of 0.8702, Macro Averaged AUC of 0.8912, NDCG@5 of 0.9065, and a Weighted Multi-class
Accuracy of 0.8265.

Table 13. Comparison of multi-class evaluation metrics between the RL-based model [66] and the
proposed Transformer-based pricing and product recommendation model. Bold indicates the best
score per metric.

Method . . Macro Recall Macro Macro AUC NDCG@5 Weighted
Precision F-Score Accuracy

RL-based 0.8243 0.8108 0.8743 0.8947 0.8082

model [66]

Transformer-

based model 0.8597 0.8302 0.8912 0.9065 0.8265

(this work)

These results show that, in the reported five-class setting, the Transformer-based
framework achieves higher scores than the RL-based model across the selected multi-class
metrics. The gains are particularly notable in Macro Average Recall (+3.54 percentage
points) and Macro F-score (+1.94 percentage points), indicating that the Transformer cap-
tures a broader set of relevant purchasing behaviors while maintaining high precision.
The increases in Macro Averaged AUC and NDCG@5 demonstrate a stronger ability to rank
customer—product-discount combinations according to purchase likelihood and business
value. Likewise, the higher Weighted Multi-class Accuracy confirms that the proposed
model performs better even when class importance and imbalance are taken into account.

The results in Figure 3 show higher scores for the Transformer-based model across
the reported metrics. These differences suggest that self-attention may be useful for repre-
senting sequential interaction histories and observed discount-response patterns in this
dataset. Overall, these findings support the effectiveness of the proposed Transformer-
based pricing and recommendation framework as an advance over our previous RL-based
solution in the same five-class setting. Nevertheless, the empirical comparison remains
limited. The RL-based model provides the closest available benchmark because it addresses
the same product—price recommendation problem and uses the same five-class output
structure. However, the present study does not include additional comparisons with recent
Transformer-based sequential recommendation baselines. A direct comparison with these
models is not straightforward because they are typically designed for next-item recom-
mendation rather than joint product—price prediction with discount-level outputs. Future
research should therefore adapt such sequential recommendation architectures to the same
five-class product—price setting and evaluate whether the proposed framework maintains
its performance advantage against these stronger Transformer-based baselines.

4.3. Error and Misclassification Analysis

To provide a more nuanced interpretation of model performance, we further examined
the patterns of misclassification across the five output classes. The most important errors
occur in borderline cases between adjacent discount levels, where the behavioral distinction
between neighboring classes is naturally less clear. For example, customers predicted to
purchase with a 10% discount may sometimes be classified as full-price purchasers or as
requiring a 20% discount. Such errors are less severe than misclassifications between non-
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purchase and high-discount purchase classes, because adjacent discount classes represent
smaller deviations in promotional intensity.

I 0874

Figure 3. Comparison of multi-class evaluation metrics between the RL-based model [66] and the
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proposed Transformer-based pricing and product recommendation model in the five-class setting.

From a business perspective, misclassification errors have asymmetric implications.
Underestimating the required discount may reduce conversion, while overestimating it
may preserve conversion but reduce margin. Therefore, these errors should be interpreted
not only as classification mistakes, but also as pricing decisions with different business
consequences. In practical deployment, firms may need cost-sensitive rules that penalize
over-discounting and under-discounting differently according to product margin, customer
segment, and relationship value. Table 14 summarizes the main business implications of
different misclassification types in the proposed product-price prediction task. Because er-
rors in discount-level prediction do not have equal consequences, the table distinguishes
between errors that may reduce conversion, reduce profit margins, create inefficient target-
ing, or lead to missed sales opportunities. This interpretation helps connect the model’s
classification performance with practical pricing and promotion decisions.

Table 14. Business implications of main misclassification types.

Misclassification Type Potential Business Implication = Managerial Interpretation
Predicted lower discount than needed =~ Lower conversion probability Risk of losing sales due to insufficient incentive
Predicted higher discount than needed = Reduced profit margin Risk of unnecessary promotional cost

Predicted purchase instead
of non-purchase

Predicted non-purchase
instead of purchase

Adjacent discount-class error

Inefficient targeting Recommendation may not generate conversion

Potentially valuable customer—product
match not activated
Moderate pricing deviation Less severe than errors across distant classes

Missed sales opportunity

4.4. Analysis of Experimental Results

The comparison should therefore be interpreted with caution. The RL-based model
provides the closest benchmark because it addresses the same product-pricing problem
in a related retail setting. However, it is not fully equivalent to the present framework
because it follows a policy-learning logic and, in previous comparisons with conventional
models, required the output to be simplified into a binary purchase/non-purchase structure.
The proposed Transformer-based model retains the five-class structure and is therefore able
to distinguish between different discount levels. This distinction is central to the objective
of modeling WTP as discount-level acceptance rather than merely predicting whether a
purchase will occur.
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The proposed Transformer-based model for joint product recommendation and pricing
indicates consistently stable performance across all five output classes. The multi-class
evaluation confirms that the model accurately predicts both non-purchasing behavior
and purchases at varying discount levels, validating the feasibility and effectiveness of
integrating pricing directly into the recommendation output. The ability to distinguish
among five observed outcome classes indicates that the model captures patterns of purchase
behavior and discount-level acceptance, rather than directly estimating true latent WTP.

A key advantage of this work is that it allows a direct comparison with our previous
RL-based model [66], which was evaluated under the same five-class structure. As shown
in Table 13, the new Transformer-based framework consistently achieves higher scores
than the RL-based approach across all major multi-class metrics, including Macro Precision,
Macro Recall, Macro F-score, Macro AUC, and NDCG@5.

From a marketing perspective, accurately predicting purchasing behavior across differ-
ent discount levels allows for more precise promotional targeting. By identifying which cus-
tomers are responsive to full-price offers, moderate discounts, or high discounts, the model
supports finer customer segmentation and reduces marketing inefficiency. The high recall
achieved across classes ensures that relevant customer segments are not overlooked, thereby
maximizing the reach and impact of promotional campaigns. At the same time, individual-
ized discounts that reflect observed price sensitivity may be perceived as more relevant by
some customers. However, positive effects on satisfaction, engagement, and long-term loy-
alty should be treated as conditional rather than automatic, since they depend on perceived
fairness, transparency, and the presence of customer-relationship safeguards.

In terms of short-term conversion and promotional efficiency, the model’s ability
to forecast the discount level associated with purchase outcomes can help businesses
deploy more targeted pricing strategies. By avoiding indiscriminate deep discounts and
directing stronger incentives to highly price-sensitive cases, firms may reduce promotional
overspending and preserve margins. However, this revenue-oriented use of the model
should not be interpreted as an unrestricted strategy for extracting surplus from high-
WTP customers. If high-WTP customers are also loyal or frequent buyers, systematically
offering them less favorable prices than other customers may generate perceptions of price
unfairness and weaken trust. Therefore, the model’s predictions should be combined with
fairness guardrails and long-term customer-relationship metrics before being implemented
in practice.

Despite the strong results, some challenges remain in differentiating between adjacent
discount categories, particularly those with similar behavioral profiles. Future work may
focus on enhancing feature representation through clustering-based customer and product
embeddings, incorporating richer temporal patterns, or integrating contextual signals
such as seasonal effects and product attributes. Additionally, leveraging larger datasets,
tuning model hyperparameters, and exploring hierarchical sequence encoders may further
improve predictive granularity. These refinements would strengthen the model’s ability
to discriminate among closely related discount levels, leading to even more precise and
effective personalized pricing strategies.

5. Conclusions and Future Works

This research presented a Transformer-based framework for personalized product
recommendation and pricing. By incorporating observed discount-level acceptance as
an operational proxy for WTP, the proposed model can support product-price matching
and more targeted promotional decision-making. The empirical results show consistent
performance across Precision, Recall, F1-score, AUC, and NDCG, indicating that the model
can predict observed purchase-discount outcomes and rank product—price combinations
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according to relevance and discount-level acceptance. However, these results should be
interpreted as predictive rather than causal, and their managerial implications should
distinguish between short-term conversion efficiency and long-term customer relation-
ship outcomes.

Theoretically, this study contributes to the RS literature by reframing product rec-
ommendation as a joint product—price prediction problem. While most existing RS ap-
proaches focus mainly on identifying products that users are likely to prefer or pur-
chase, the proposed framework incorporates discount level directly into the prediction
output. This extends price-aware and value-aware recommendation research by mod-
eling observed purchase—discount behavior in a multi-class prediction setting. Method-
ologically, the study shows how Transformer-based self-attention can be used to model
customer—product interaction histories and observed price responsiveness within a unified
sequence-learning framework.

From a practical perspective, the framework can help retailers and e-commerce plat-
forms design more targeted promotion strategies. Instead of applying uniform discounts
to broad customer groups, the model can identify cases associated with full-price purchase,
moderate discounts, or higher discount levels. This may support promotional-budget allo-
cation, reduce indiscriminate discounting, contribute to margin protection, and improve the
relevance of product-price offers, provided that the system is implemented with fairness
safeguards and validated in real-world settings. Thus, the framework bridges traditional
product recommendation and DP by supporting revenue-related decision-making together
with customer relationship management.

At the same time, personalized pricing should be implemented with caution. Cus-
tomers with high predicted discount-level acceptance for full-price purchases may include
loyal or frequent customers. If such customers are systematically offered less favorable
prices than less loyal or more price-sensitive customers, the strategy may generate percep-
tions of price unfairness and betrayal, reducing trust and weakening long-term loyalty [6-8].
Therefore, the proposed model should be understood as a decision-support tool rather
than a fully autonomous pricing mechanism. Firms should combine model predictions
with managerial and ethical safeguards, including limits on personalized price differences,
protection against systematic disadvantage for loyal customers, monitoring of complaints
and churn, and integration of long-term relationship metrics such as CLV [61]. It should
also be noted that fairness is discussed here as a managerial and ethical implementation
consideration, not as an experimentally optimized model objective. The present framework
does not include fairness-aware constraints or fairness metrics in training or evaluation,
and future research should explicitly incorporate and test such mechanisms.

Several limitations should be acknowledged. First, the model’s output space is re-
stricted to four fixed discount levels plus a no-purchase option. Although these thresholds
reflect common stepwise discounting practices and support managerial interpretability,
they do not fully capture the continuous nature of pricing decisions. Future studies could
explore finer-grained or continuous price recommendations through regression heads,
ordinal classification, or mixture-density outputs. Second, the empirical evaluation is based
on the Dunnhumby retail dataset. Customer responses to personalized pricing may differ
across product categories, markets, and platform environments; therefore, the framework
should be tested on additional domains such as fashion retail, grocery e-commerce, travel,
or subscription-based services. Third, the offline nature of the data creates an inherent
counterfactual limitation. The model observes only the prices and discounts that were
actually offered, while alternative price points remain unobserved. Therefore, predicted
discount classes should be interpreted as estimates of observed discount-level acceptance
rather than direct measures of true WTP. The model may partly reflect the historical pric-
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ing policy embedded in the data, and offline evaluation may overstate expected revenue
gains if previous discount exposure was biased. Future validation through A /B testing,
randomized discount exposure, or off-policy evaluation is therefore needed.

Future work can extend the framework in several directions. First, richer temporal, be-
havioral, and contextual variables—such as promotion calendars, seasonality, competitive
prices, inventory constraints, loyalty-program status, browsing behavior, customer life-
cycle stages, and CLV—could be incorporated to improve predictive granularity. Second,
the model should be compared with adapted sequential recommendation baselines, includ-
ing SASRec, BERT4Rec, and other modern Transformer-based architectures, reformulated
for the same product—price prediction setting. Third, hybrid approaches could combine
Transformer-based sequence encoders with demand forecasting, CLV estimation, profit-
based decision layers, reinforcement learning, bandit-based methods, or fairness-aware
constraints. Finally, periodic or near real-time updating mechanisms should be explored
so that recommendation and pricing policies can adapt to changing customer behavior
and market conditions while monitoring fairness perceptions, complaints, churn, repeat
purchasing, and long-term customer value.

In summary, this research establishes a foundation for Transformer-based, price-aware
RS in a multi-class product—price prediction setting. Future studies should refine the mod-
eling components, test the framework across additional real-world domains, operationalize
fairness-aware evaluation, and validate the system through online or experimental meth-
ods. These extensions can help develop data-driven marketing and pricing strategies that
are not only value-oriented, but also more transparent, responsible, and sustainable.
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