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Abstract—In offline retail settings, there are two major chal-

lenges: improving the customer experience through personalized

product recommendations and optimizing inventory management

through accurate sales forecasting. Conventional recommenda-

tion systems assist customers in selecting goods based on personal

preferences, similar user behavior, and popularity trends, while

forecasting systems help managers predict future sales and

optimize inventory levels. However, existing approaches face

limitations in offline retail environments due to the scarcity

of explicit feedback and the complexity of in-store interac-

tions. To address these limitations, this paper introduces a

hybrid intelligent system that combines multiple recommendation

paradigms with predictive modeling techniques. By leveraging

Recurrent Neural Networks and data-driven statistical models,

the system improves both recommendation accuracy and demand

forecasting reliability compared to traditional approaches. The

effectiveness of the proposed system has been thoroughly evalu-

ated using standard metrics such as Mean Reciprocal Rank at

K (MRR@K) and Hit Rate at K (HR@K). Experimental results

confirm the effectiveness of the proposed approach in balancing

personalization and accuracy, offering significant benefits in

offline retail environments.

Index Terms—Recommender Systems, Predictive Analytics

Systems, Retail stores

I. INTRODUCTION AND RELATED WORK

Recommender systems are intelligent tools that predict and
suggest items, content, or services based on a user’s past
preferences or the behavior of similar users. These systems
are an important paradigm in many applications, from video
streaming platforms to e-commerce and social media, where
they personalize the user experience by identifying relevant
items to recommend. Such suggestions reflect the highly varied
preferences of users, which can be captured either explicitly,
such as through ratings on a defined scale, or implicitly, such
as by tracking interactions with content or products [1].

In the domain of non-online retail environments, such as
supermarkets, recommender systems take on a unique role,
acting as intelligent assistants that aid decision making for
both customers and store managers, and these applications
highlight how recommender systems can enhance the shopping
experience while addressing the specific logistical challenges
of offline retail. Despite their success, due to some data
characteristics, RS may encounter significant difficulties, and
the quality of their recommendations is strictly limited by the

density of interactions in the collected data, which is often
very sparse [2]. One of the most challenging issues in the
design of recommender systems is the cold-start problem,
which arises when new users interact with the system without
an existing profile, making it difficult to generate personalized
suggestions [3]. Common methods to mitigate these challenges
include collaborative filtering, which leverages user similarity,
content-based filtering, which focuses on item attributes, and
hybrid approaches that combine multiple strategies. The devel-
opment of recommendation systems for offline retail environ-
ments has been widely explored in the literature, with several
studies addressing the unique challenges of this domain, such
as the difficulty in collecting customer interaction data and
conducting real-world in-store experiments [4].

In parallel to recommendations, forecasting systems also
provide essential tools for store managers by predicting future
trends based on historical data. Techniques such as Recurrent
Neural Networks (RNNs) are particularly suited for these tasks
due to their ability to model sequential data, recognize patterns
over time, and predict future sales trends [5]. In addition,
while RNNs leverage their dynamic hidden states to store and
process past signals due to their ability to identify patterns
and model the complex temporal dependencies [6], statistical
models provide complementary capabilities by identifying
trends and correlations within data, offering valuable insights
that support data-driven decision-making [7].

The proposed intelligent hybrid system integrates a recom-
mendation module with a forecasting subsystem to effectively
address the complex challenges encountered in non-online
retail environments. The hybrid recommendation module em-
ploys a multifaceted approach that integrates content-based fil-
tering, user-based collaborative filtering, and popularity-based
methods to recommend items to customers. The content-based
filtering method identifies item affinities [8], the user-based
collaborative filtering method recommends items based on the
predilections of comparable customers, and the popularity-
based methods accentuate the most efficacious products. These
recommendations are delivered to customers through a mobile
application, which interacts with several sensory devices in-
store that collect raw measurements, such as cameras, RFID
readers, and bluetooth beacons [9], to provide personalized
offers in real time.



Fig. 1. The architecture of the proposed hybrid system.

The forecasting subsystem provides store managers with
predictive analytics tools that leverage RNNs and statistical
models. RNNs are employed to analyze temporal sales data,
while statistical models uncover macro-level trends, enabling
managers to anticipate demand and optimize inventory. The
integration of these two modules, as proposed, establishes a
bridge between customer personalization and operational effi-
ciency. For example, a forecasting module might identify an
upcoming spike in demand for specific products, prompting the
recommendation module to prioritize these items in customer
offers.

The proposed system is designed to offer a cohesive,
adaptive framework suited to the dynamic nature of non-
online retail. By leveraging the strengths of recommendation
and forecasting technologies, the proposed system offers a
comprehensive solution that enhances customer satisfaction
while driving business growth.

A series of experiments conducted on a publicly available
dataset have demonstrated the efficacy of the proposed system,
thereby validating its capacity to address the challenges faced
by non-online retail stores. The evaluation process focused on
metrics such as MRR@K and HR@K. Initial findings indicate
the system’s capacity to deliver robust performance and sup-
port retail decision-making processes. The remainder of this
paper is organized as follows: Section II details the architecture
and components of the proposed hybrid system. Section III
evaluates the system’s performance through experiments, and
Section IV concludes with insights and future directions.

II. PROPOSED ARCHITECTURE

In this work, we propose a hybrid system that integrates
multiple recommendation and prediction modules to enhance
decision-making in offline stores. The system has been specif-
ically designed to address the dual goals of improving cus-
tomer experience through personalized recommendations and
optimizing store operations through accurate forecasting. The
system’s distinct yet complementary modules enable a unified

approach to addressing the challenges faced in offline retail
settings.

In offline retail environments, the acquisition of direct
ratings on individual items is inherently challenging due to
the absence of online tracking mechanisms. As discussed
in [10], user preferences are often only discernable through
indirect feedback methods. This can be illustrated by repeated
purchases of the same item or patterns in shopping behavior.
These may reflect user preferences that would otherwise be
captured by explicit ratings. Addressing this challenge requires
the integration of a preprocessing component which, upon
receiving raw data from in-store sensors and sales records, ap-
plies data fusion and machine learning techniques to transform
them into a structured rating system [11]. This system can then
be incorporated into recommendation algorithms, facilitating
more precise and nuanced insights. In this paper, we assume
that this entity is already existing.

The core of the hybrid system lies in its ability to analyze
user interactions, sales data, and item attributes to extract
meaningful patterns and provide insights. The system is de-
signed to operate in two primary phases: the recommendation
phase and the forecasting phase. These phases are elaborated
upon in the subsequent sections of this paper. The idea behind
the proposed hybrid recommender system is to use three well-
known recommender paradigms, analyze the output of each
of them, and then combine them to obtain a list of suggested
items to be sent to the user’s mobile phone, as illustrated in
Figure 1.

The algorithm handles five key parameters: the unique
identifier of the user u, who receives suggestions, the set of
feedback (Ru) given by users, the number of items (nitems) to
be suggested in the output of the recommendation algorithm,
the store’s sales history, and all data relating to the items
i in the store. The output of each module will be a list of
recommended items, which will be combined in a weighted
way to create the final proposals.

A. Switch module
The primary function of the switch module is to determine

whether the incoming request is directed to the recommenda-
tion system or the prediction system.

Furthermore, in the event that the request pertains to the
recommender system, the module ascertains the availability
of previous user feedback and adapts its operations to activate
the appropriate paradigms. In instances where such feedback
is present, the module meticulously prepares the data to
align with the stipulated criteria of the three recommendation
paradigms. Conversely, in the absence of feedback, the module
defaults to activating only the popularity-based recommender.
In the case of novice users or those with limited interactions,
the absence of sufficient data precludes the formation of mean-
ingful patterns or preferences. The switch module, therefore,
dynamically adjusts its behavior based on the availability of
data, thereby ensuring the system’s continued functionality and
the provision of useful recommendations, even in the absence
of user interaction.



B. Popularity-Based module

This module functions independently of user interaction
history, thereby ensuring its reliability as a component capable
of generating recommendations based solely on item sales
data. The algorithm first analyzes the input sales data and
creates two distinct subsets: one that includes the entire sales
history and another that focuses only on sales data from the
last seven days. This dual approach enables the module to
account for both long-term trends and recent fluctuations in
item popularity within the store. To achieve this, the system
employs a weighted formula that combines the rankings de-
rived from the entire sales history (PHistory) and the most
recent sales data (PLastWeek). This formula is adapted from
the method described in [12], which integrates categorical and
quantitative data:

Opb(i) = ω · PHistory(i) + (1→ ω) · PLastWeek(i), (1)

where i represents an individual item, and ω is a parameter that
balances the importance of long-term and recent sales data.

C. User-based module

The method starts by establishing a similarity measure,
which in the proposed module is defined as the cosine simi-
larity [12].

The output of the cosine similarity computation is an n x n

matrix, where rows and columns correspond to users and each
cell contains the similarity score between two users. The range
of these scores is from -1, indicating completely opposing
preferences, to 1, indicating identical preferences. The de-
termination of recommendations is then made by computing
a weighted average of similarity scores and individual item
ratings. Items that have been evaluated by users with higher
similarity scores are assigned a greater weight.

D. Content-based module

Content-based recommender systems have been shown to
perform optimally in scenarios where items can be described
through rich sets of attributes. These systems depend on a
user’s own ratings and interactions with other items to identify
relevant recommendations. This methodology is especially
beneficial for novel items with limited or no reviews, as
recommendations are based on item attributes rather than
user correlations. The objective of such systems is to match
users with items that bear similarities to those previously
liked by the user, with the use of item-specific attributes
serving as the foundation for comparison. Using data analysis
combined with natural language processing, this module is
able to enrich unstructured data, extracting pertinent features
from textual elements such as product name, category, and
description [13]. A pivotal aspect of this module pertains to
the Tf-Idf (Term Frequency - Inverse Document Frequency)
function, a numerical metric that quantifies the importance of
words within a document, particularly in the context of a larger
document collection. The function is further divided into two

components: Tf and Idf, described in [12]. The Tf-Idf score
combines these two components as follows:

(tf -idf)i,j = tfi,j ↑ idfi (2)

The proposed algorithm processes categorical information
about products, such as the product’s name, description, brand,
and category. The text undergoes tokenization and analysis
through a natural language processing pipeline, including steps
such as tokenization, part-of-speech tagging, and dependency
parsing. The utilization of this pipeline ensures the systematic
conversion of textual data into a structured form, thus enabling
detailed linguistic analysis and facilitating subsequent numer-
ical representation.

Subsequent to the aforementioned tokenization, the Tf-Idf
function transforms the processed descriptions into numerical
vectors, thereby creating a matrix wherein each word is
assigned a weight based on its importance in the document
relative to the entire corpus. To recommend items, the system
computes a ranked list of the most similar products for each
user’s top-ranked items, sorted by similarity score.

E. Recurrent Neural Network module
The Recurrent Neural Network (RNN) module for sales

forecasting has been developed to capitalize on the temporal
dependencies inherent in historical sales data. This module em-
ploys Long Short-Term Memory (LSTM) [14] layers, selected
for their capacity to remedy the vanishing gradient problem,
a prevalent challenge in standard RNNs when processing
extensive sequences [5]. The employment of LSTMs in this
context is particularly advantageous due to their capacity to
discern short-term and long-term patterns, a necessity for sales
data influenced by seasonal trends and external factors [15].

The model accepts as input a tensor representing sequences
of historical data, with each sequence comprising multiple time
steps. These time steps can contain features such as historical
sales data, environmental factors (e.g., temperature readings
captured at store entrances via sensors [16]), and the average
number of customers entering the store at varying times of the
day. The structured nature of these inputs enables the model to
discern complex interdependencies among features over time.

Furthermore, layering multiple LSTM layers enhances the
model’s ability to learn hierarchical representations of the
input data. Each layer processes the output of the previous one,
thereby enabling the network to extract increasingly abstract
features. However, it should be noted that an excessive number
of layers can lead to overfitting and increased computational
demands. To mitigate this, dropout regularization [17] is
applied between layers, randomly deactivating neurons during
training to improve generalization. The final fully connected
layer transforms the output of the LSTM’s final time step
into the desired number of outputs. In the context of sales
forecasting, the output is a single value representing the
predicted sales for the subsequent time step. This design
ensures that the model remains flexible and can be adapted to
other forecasting tasks by modifying the output size or input
features.



F. Statistical module
The statistical module has been developed for the purpose

of analyzing historical sales data and predicting future sales.
It accomplishes this through the implementation of machine
learning techniques that are based on temporal and trend-
based features. To forecast sales, the module implements
gradient boosting, a machine learning technique that repeat-
edly constructs predictive models by integrating weak learners
(typically decision trees) into a robust ensemble [18].

The algorithm starts with an initial model, often based
on a simple prediction such as the mean of the target vari-
able. Subsequent models are sequentially added to correct
residual errors from previous predictions. Each new tree in
this ensemble minimizes the gradient of the loss function,
thereby identifying areas that are underperforming and refining
the overall model. This iterative process persists until either
a predetermined number of trees is constructed or further
enhancements in model performance become negligible. This
ensures an optimal balance between accuracy and computa-
tional efficiency. The final prediction is an ensemble of all
trees, with their outputs weighted based on the learning rate.

In the context of retail, Gradient Boosting Decision Tree
models have been shown to significantly outperform tradi-
tional forecasting methods, producing more accurate sales
forecasts [19]. The output of the gradient boosting module
can be expressed using the formulation presented in [18], and
corresponds to a numerical prediction of sales for the next
time period.

G. Weight Process Module
The Weight Process Module plays a crucial role in both

the recommendation subsystem and the prediction subsystem,
ensuring a balanced integration of multiple sources of infor-
mation. Its primary function is to aggregate the outputs of
the individual modules within each subsystem, weighting their
contributions according to specific application requirements
and optimization constraints.

In the recommendation subsystem, this module weights the
outputs of the popularity-based, user-based, and content-based
recommendation approaches. This ensures that the final rec-
ommendations effectively balance long-term popularity trends,
collaborative filtering insights, and item-specific attributes.
The weighted combination is computed as follows:

Ors(i) = ε ·Opb(i) + ϑ ·Oub(i) + ϖ ·Ocb(i), (3)

where Ors(i) represents the final recommendation score for
item i, while Opb(i), Oub(i), and Ocb(i) denote the scores
derived from the popularity-based, user-based, and content-
based recommendation modules, respectively. The parameters
ε, ϑ, and ϖ are weighting coefficients that satisfy the constraint
ε + ϑ + ϖ = 1. These coefficients allow the system to
dynamically adjust the influence of each module based on
user preferences, contextual needs, or business requirements,
ensuring a robust and adaptable recommendation strategy. This
weighted approach is intended to mitigate the limitations of

each individual technique, such as the cold-start problem in
user-based systems and the limited scope of content-based
systems.

Similarly, in the prediction subsystem, the module combines
the forecasts generated by the Recurrent Neural Network
(RNN) and the Statistical Model to enhance predictive accu-
racy and stability. The final sales forecast is computed as:

Ops = ϱ ·ORNN + ς ·Ostat, (4)

where Ops is the final prediction, ORNN is the forecast
produced by the RNN module, and Ostat is the output of
the statistical model. The coefficients ϱ and ς determine the
relative contributions of the two models and are optimized
during the training phase to minimize validation error, subject
to the constraint ϱ + ς = 1.

The RNN is capable of capturing sequential dependencies
and long-term trends in data, while the statistical model
demonstrates proficiency in identifying structured patterns and
external influences, such as seasonal variations or market
trends. The integration of these two distinct paradigms into
a unified system serves to mitigate the risk of overfitting
to a single type of pattern and enhance its generalization
capabilities.

Both the RNN and statistical modules produce a scalar
output representing the predicted sales for the upcoming
time step. This architectural design enables a straightforward
integration of the two outputs through weighted linear aggre-
gation. The resulting prediction, Ops, preserves the temporal
resolution of the input data while capturing a balanced combi-
nation of sequential modeling and statistically derived patterns.
Performing this fusion at the output level ensures that the
system remains modular, interpretable, and easily adaptable
to a variety of forecasting scenarios.

This hybrid approach provides a cohesive framework that
aligns recommendation strategies with sales forecasts. The
system’s integration of predictive analytics and personalized
recommendations enables informed decision-making processes
in inventory management, dynamic pricing, and customer
engagement strategies.

III. EXPERIMENTAL RESULTS

The evaluation of the proposed system involves two primary
challenges: the acquisition of appropriate training data and the
assessment of the accuracy of the system. The first challenge
is to identify datasets that adequately represent the offline
retail environment. This task is further complicated by the
inherent difficulty of collecting real-world sales data. The
second challenge is to define appropriate evaluation metrics
and ensure the reliability of the results. Given these challenges,
the evaluation focuses primarily on the recommendation sub-
system, as the unavailability of publicly available sales data
precludes a rigorous evaluation of the prediction subsystem.

Selecting a dataset that accurately represents a physical
retail environment posed a significant challenge. In this paper,
we opted for the UCSD Amazon Dataset from the University



Fig. 2. Comparison of HR@K across different models with varying number
of users.

of California San Diego [20], which includes product metadata
and user reviews. We used only the Home and Kitchen sub-
dataset because of the similar characteristics of the items
in our considered environment. The metadata dataset was
used for the content-based filtering module, and the ratings
dataset allowed the evaluation of collaborative filtering and
popularity-based recommendation methods by providing user-
item interactions and timestamps. For the popularity-based
approach, we assumed that the number of ratings for a
given item is indicative of its overall popularity. However,
this assumption has limitations. An ideal approach would
involve a more precise evaluation, including an analysis of
temporal dynamics. This would involve using timestamp data
to give more weight to interactions closer to the time of
recommendation. However, given that a timestamped review
does not necessarily indicate when a user actually purchased
an article, this approach was considered impractical for our
study.

To assess the quality of recommendations, we employed
standard evaluation metrics designed to measure the system’s
ability to distinguish relevant items from irrelevant ones [21].
Specifically, we considered an item to be relevant to a user if
its rating exceeded the user’s average rating. In the context of
offline retail recommendation systems, MRR@K and HR@K
are particularly well-suited metrics, since they evaluate the
relevance and ranking of recommended items (presented to
users as a top-K list), providing insights into the effectiveness
of the system.

Hit Rate@K (HR@K) measures the fraction of users for
whom at least one relevant item appears among the top-K
recommended results. This binary metric assesses whether at
least one of the top-K items in the system’s predicted ranking
matches the user’s actual preferences, without considering the
exact position within the list [22]. In the context of retail
recommendation systems, HR@K provides a coarse-grained
indicator of the system’s ability to surface relevant products
within a concise shortlist. As such, it is a key metric for
assessing the practical effectiveness of personalized recom-

mendations. However, HR@K provides a limited perspective
of recommendation quality, as it treats all correct predictions
equally, regardless of their position in the ranking, and does
not reward the presence of multiple relevant items. This lack
of granularity may mask important differences in system
performance, particularly in scenarios where the position of
relevant items within the list strongly influences user behavior.

Mean Reciprocal Rank@K (MRR@K) addresses this limi-
tation by accounting for the position of the first relevant item in
the top-K list. Specifically, it computes the reciprocal of the
rank at which the first relevant item appears, then averages
this value across all users. In doing so, MRR@K encourages
models not only to include relevant items, but also to rank
them as highly as possible [22]. However, MRR@K is sensi-
tive to the definition of relevance. In our evaluation, we adopt
a strict user-centric relevance threshold based on whether an
item is rated above the user’s personal average. This definition
increases the difficulty of achieving high MRR scores, making
it a challenging but insightful metric for assessing ranking
effectiveness in personalized recommendation settings.

Before discussing system performance, we briefly outline
the hyperparameter settings used in our experiments. The
recommendation window was evaluated at K ↓ {5, 7, 10}
for each recommender system. The dataset was split into
an 80%-20% ratio, where 80% of the data was allocated to
training and the remaining 20% to testing. To ensure statistical
reliability, each evaluation was conducted over 50 runs, with
different subsets of users selected randomly. We considered
varying numbers of users, specifically U ↓ {50, 75, 100},
to analyze the system’s behavior under different user sample
sizes. We performed all evaluations using the Recbole [23]
metrics library.

Figures 2 and 3 present the experimental results, averaged
across all runs, illustrating the performance of the Collabora-
tive, Content-based, Popularity-based, and Hybrid modules.

The results indicate that both the hybrid and popularity-
based models achieve consistently strong performance across
all evaluation metrics, demonstrating their effectiveness in
generating relevant recommendations while maintaining a bal-
ance between personalization and accuracy. In particular, MRR
values remain competitive across all settings, suggesting that
while not all suggested items are always relevant, the most
relevant one tends to be positioned at the top of the recom-
mendation list. Both the hybrid and popularity-based methods
consistently outperform the collaborative and content-based
approaches, confirming their robustness in recommendation
tasks. The strong performance of the popularity-based method
can be attributed to the nature of the dataset, where user pref-
erences align with highly rated and frequently reviewed items,
making popularity a strong predictor of relevance. However, in
offline retail environments settings, customer preferences are
often more heterogeneous and influenced by contextual factors
such as location, promotions, and seasonality. In such cases,
the hybrid approach presents a more flexible and effective
solution, by dynamically adapting to individual user behavior
while leveraging global trends. These findings suggest that



Fig. 3. Comparison of MRR@K across different models with varying number
of users.

the hybrid system is particularly advantageous for known
users, where it leverages historical interactions to enhance
personalization, whereas the popularity-based filter remains
a strong baseline due to its independence from user history.
Finally, the ability of the hybrid approach to dynamically
adjust weighting parameters further enhances its adaptability,
making it well-suited for non-online retail environments where
customer behavior and market dynamics can change rapidly.

IV. CONCLUSIONS

In this work, we have proposed an intelligent hybrid system
designed to enhance decision-making processes in offline retail
environments. By integrating recommendation and prediction
models, the system aims to optimize both customer experience
and store management. The experimental evaluation demon-
strated the effectiveness of the proposed recommendation
system, showing its adaptability across different scenarios [24]
and its ability to maintain robust performance as the number
of users increases. Future work will focus on assessing the
prediction module, using real-world data collected in a retail
store, allowing us to validate the forecasting capabilities of the
system. We plan to explore further optimizations to the weight-
ing mechanisms within the hybrid recommendation model,
ensuring that the integration of different recommendation
paradigms maximizes both accuracy and diversity.
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