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Abstract: Recent advancements in deep learning and large language models (LLMs) have led to the development of innovative technologies that 
enhance recommender systems. Different heuristics, architectures, and techniques for filtering information have been proposed to obtain successful 
computational models for the recommendation problem; however, several issues must be addressed in online environments. This research focuses 
on a specific type of recommendation, which combines sequential recommendation with session-based recommendation. The goal is to solve 
the complex next-item recommendation problem in Web applications, using the wine domain as a case study. This paper describes a framework 
developed to provide adaptive recommendations by rethinking the initial data modeling to better understand users’ dynamic taste profiles. Three 
main contributions are presented: (a) a novel dataset of wines called X-Wines; (b) an updated recommendation model named X-Model4Rec – 
eXtensible Model for Recommendation, which utilizes attention and transformer mechanisms central to LLMs; and (c) a collaborative Web platform 
designed to support adaptive wine recommendations for users in an online environment. The results indicate that the proposed framework can 
enhance recommendations in online environments and encourage further scientific exploration of this topic.

Keywords: recommender systems, dynamic taste profile, deep neural networks, transformers, attention model

1. Introduction
Owing to their usefulness and current high worldwide interest, 

recommender systems have gained importance in various fields such 
as e-business, e-commerce, e-tourism, e-learning, etc. Thus, different 
heuristics, architectures, and techniques for filtering information have 
been proposed to obtain successful computational models for the 
recommendation problem. One of the latest developments in the field 
is the use of machine learning, specifically deep learning, which has 
enabled the growth and expansion of sequential recommender systems 
[1–3]. Various computational recommendation models have been 
developed using architectures involving deep neural networks (DNNs).

To solve the complex next-item recommendation problem, in 
which each user desires only one specific target item among all the 
items [4], state-of-the-art technologies such as machine learning-based 
attention and pretrained transformer mechanisms [5, 6], which form the 
backbone of large language models (LLMs), have been studied and used 
as opportunities to create successful models. However, when working 
in an online environment like on the Web, specific characteristics 
need to be considered, because continuous adaptation mechanisms are 
required to handle new and obsolete sets of users, items, and feedback 
in a contextual moment on each recurring iteration at time intervals [7]. 
This presents a significant challenge in development.

This research uses sequential recommender systems, which 
process serialized data input to generate recommendations [8–10], 
working on Web applications in a case study of the wine sector to 
recommend wines to Web users. The wine domain was chosen as a 
product of great worldwide appreciation, and it is important for the 
economies of Portugal and Brazil, especially in the Serra Gaúcha region 
of Rio Grande do Sul. In this way, a framework was studied, developed, 
and evaluated in the wine domain by collaborative users to provide 
adaptive recommendations in online environments.

In addition to creating an unprecedented and consistent dataset 
in the wine domain called X-Wines, which fills a gap identified in the 
scarcity of data in this field, state-of-the-art computational models 
were studied to offer contributions through our model to the next-
item recommendation named X-Model4Rec – eXtensible Model for 
Recommendation. This built model proposes a new modeling for the 
initial data considering the user’s dynamic taste profile (DTP) and an 
extensible and scalable architecture using state-of-the-art technologies. 
To support this research in the online environment, a collaborative Web 
platform with free access by users was built, providing adaptive wine 
recommendations to Web users registered on this platform.

This paper presents an advanced study that combines theory with 
practice to produce knowledge about adaptive recommendations to 
minimize the impact of information overload in online environments. 
First, the research background is characterized, and related works 
are presented. Then, the aspects of the constructed artifacts and their 
usability in recommender systems through the conducted experiments 
are described. After, the results obtained from X-Model4Rec via 
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the novel X-Wine dataset are compared with those of classical and 
baseline models, and an unprecedented experiment involving wine 
recommendations for collaborative users in a controlled online 
environment is presented. Finally, the addressed advances are discussed, 
and the study is concluded, indicating future research directions.

2. Background
Formally, the recommendation problem can be defined as finding 

a utility function to recommend one or more relevant items ranked by 
one output score obtained for each user [7]. Mathematical and statistical 
methods have been used to add accuracy to human perception, which 
can be varied to find similarity or diversity in recommended items. In 
addition, users’ preferences can be sparse, scarce (cold start problem), 
undergo temporal changes, or be estimated by means of prediction 
mechanisms. The performance of recommender systems is evaluated 
through specific metrics such as precision, recall, F1 score, and others, 
which check whether the target user liked or interacted with a particular 
item among the recommended items [11, 12]. The position in which 
items are recommended can be considered in the evaluation measured 
by metrics such as Normalized Discounted Cumulative Gain (NDCG), 
Mean Average Precision (MAP), and Mean Reciprocal Rank (MRR).

Different approaches to information filtering based on 
collaboration, content, knowledge, demographics, context, or even 
hybrid methods [3, 7] usually offer a top set of items containing valuable 
recommendations as outputs. Sequential recommendation systems, 
which use serialized data input, and session-based recommendation 
systems, which utilize grouped data input, have demonstrated significant 
potential for effective solutions for the recommendation problem, 
particularly when employing DNN techniques in their development 
[8, 10, 12]. Specifically in online environments, it becomes necessary 
to consider recurring data sets available at each contextual moment to 
generate recommendations. As illustrated in Figure 1, the time intervals 
t (measured in various units such as minutes, hours, days, weeks, and 
months) can either be uniform or varied, and the treatment of sequential 
events from the data sets available, which include timestamps, allows 
us to model user behavior in both short- and long-term dynamics.

The next item recommendation is studied in a context where each 
user desires only one specific target item. On the basis of information 
presented in the literature [13, 14], as formalized in this investigation, 
the next-item recommendation problem can be formally defined as the 
task of accurately predicting a specific next item (denoted as ) for 
each user from a set of all available items (or classes). This prediction 
is based on user and item features, as well as contextual information, 
including a time stamp. The following general formula can be used to 
express this classification problem:

where  denotes a set of items,  denotes 

a set of users, and  denotes the sets of 

user feedback available in a contextual moment C=f(t), which vary 
according to the time interval (t).

To generate a feasible solution for the next-item recommendation 
problem, several factors must be considered. Each user demonstrates 
unique and evolving preferences, which difficult the process of 
discovering, scaling, and generalizing a solution that has a real impact. 
In this context, the recommender system aims to rank a list of items and 
identify a single target item from the best k (top@k) recommended items 
for each user [4, 15, 16], where k is the number of recommended items.

Typically, a standard algorithm for information filtering 
implements Equation 1 via different techniques and approaches, 
generally consisting of the steps of executing or predicting the utility 
function f (u, i) from U, I, and C, which relates to the feedback (U × 
I), recommending the top@k items for each user ranking the highest 
probabilities (p) found and evaluating the generated recommendation 
via specific metrics. This problem involves various areas, including 
classification, ranking, prediction, and data retrieval. It grows with the 
scalability typically seen in online environments, as any item among 
all available options could be the next candidate, with a probability of 

 at each recurring time interval.
Considering real users, the taste profile can be represented 

systematically by a list of characterizing terms and their relevance values 
for each user. In the literature, the taste profile is considered important 
in the recommendation problem. It has not been fully explored by 
existing computational models, as it is difficult to obtain, and there is 
a high possibility that people present different tastes over time. Thus, a 
modeling of the user’s DTP while considering temporal variations should 
be explored to contribute to heuristics that use deep learning techniques 
to find a feasible solution to the next item recommendation problem.

Furthermore, the search for better use of sequential and session-
based recommendations to generate a solution to the next item 
recommendation problem can be expensive, as it becomes necessary 
to experiment with different software architectures with different 
information filtering approaches and heterogeneous data sources with 
explicit and implicit feedback. Traditionally, explicit feedback has been 
used, but the dynamics of implicit feedback that can be captured in 
online environments have required the creation of specific computational 
models to produce adaptive recommendations in a recurring manner on 
Web applications.

This investigation focuses on the specialization of existing models 
to contribute by constructing an artifact designed in this research: its 
own computational recommendation model and the necessary support 
for its operation in an online environment. The research follows a design 
science research methodology, which is structured into iterative stages 
to guide both the development and evaluation processes. The aim is to 
evaluate the quality of the recommendation generated and the impact 
of the proposed modeling on the user’s DTP through a constructed 
framework. It begins with a thorough literature review and replication 
of advanced recommendation models to identify limitations in web-
based contexts. Subsequently, models are developed and experimentally 
evaluated with various hyperparameters and both implicit and explicit 
feedback to ensure real-time applicability, performance, and scalability. 
The final contribution is a novel recommender system emphasizing 
interpretability and adaptability to dynamic user behavior, including 
cold-start scenarios, validated through comparative analyses and 
comprehensive corrective and refutative assessments. The motivation 
is to discover new solutions that can be replicated, offering concrete 
insights into the next-item recommendation problem on the Web, 
especially within the scientific community and small to medium 

(1)
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 Figure 1
Mapping of each user's behavior over a time interval 
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enterprises across various sectors. By providing a reproducible 
framework that incorporates scalable modeling techniques.

3. Related Works
A comprehensive literature review revealed that recent studies have 

explored personalized recommendation strategies beyond conventional 
heuristics. Some heuristics used to understand users’ personalized 
behaviors tend to highly recommend popular items that are well-rated by 
others. These heuristics often mistakenly assume that past interactions 
with items increase their relevance, which is not always true. Users may 
not be aware of all available items, and the next item a user encounters 
may receive a low rating [17, 18]. The authors surveyed largely agree 
that users typically interact with only a select few items from the total 
available options, and there is no straightforward linear correlation that 
can reliably predict which item will be chosen next. Several common 
characteristics are observed in most computational recommendation 
models studied in the literature up to the present moment, such as follows:

1)  They are developed in a static manner and through offline processes, 
without adequate experimentation in an online environment. 
However, contemporary models attempt to address this issue by 
employing continual learning strategies.

2)  They rely on databases designed for offline experimentation, and 
often, the taste profiles are either unavailable or used in a stochastic 
manner. Furthermore, the challenge of data scarcity needs to be 
considered.

3)  They are assessed via limited metrics that frequently do not 
accurately reflect real user sessions in the contexts where they are 
applied, such as web applications. Quality metrics remain an area of 
concern, with researchers advocating for standardized approaches to 
ensure reliable evaluation [19].

When processing data and metadata to transform them into 
useful information, several important factors need to be considered, 
such as the veracity, scalability of volumes, variability of sets, and 
update rate, as new contextual moments can be formed over time. One 
significant issue in recommender systems is known as the cold start 
problem. This problem arises when insufficient data are available for 
making recommendations, leading to sparse matrices and requiring 
multiple estimates. This situation typically occurs during the initial 
phases of the system’s operation or when new users or items are added. 
To address the cold start problem, some researchers are exploring the 
concept of collective recommendation for user groups [20], including 
hybrid models that combine collaborative and content-based filtering 
or apply machine learning via DNN architectures.

In the context of using DNNs, the task involves learning from 
embedded data that includes timestamp sets. The objective is to develop 
a function that leverages the user’s context and history to classify the 
most likely next item from among all available items [12, 21]. Such 
models often use sophisticated embedding techniques to capture 
temporal patterns, user‒item interactions, and contextual signals, 
helping to model implicit feedback in a more nuanced way. However, 
creating computational models that can rapidly converge on effective 
solutions, especially in online environments, presents significant 
challenges [7]. Most of the models found in the scientific literature are 
evaluated offline, aiming to establish realistic practices for assessing a 
recommender’s ability to meet user needs. Additionally, some DNN-
based models incorporate methods that allow for alternate calculations 
based on multiple measures of similarity and diversity in information 
filtering [18, 22, 23].

Existing research on sequential recommender systems typically 
emphasizes long-term sessions. In contrast, short-term sessions present 
unique challenges due to the limited contextual information available, 
which makes predicting the next item particularly difficult [15]. To 

capture the dynamics of these sequences, models have employed 
Markov chains to calculate the probability of selecting one specific 
item from the ordered list of previously chosen items. Additionally, 
neighborhood-based models have gained popularity for identifying 
similar users with related interests, often relying on specific heuristics 
[24]. A comprehensive study presented in [11] compared approaches 
such as session-based neighborhoods and sequential rule mining with 
more complex models using DNNs. The findings indicated that the 
simpler methods performed better in terms of accuracy measurements. 
In [25], session-based recommendations were generated via Graph 
Neural Networks (GNNs), which integrate neural networks with graph 
theory. In this work, the authors utilized structured graphs to represent 
session-based sequences, allowing them to capture both the current 
interests of users and their overall preferences within the active session. 
Studies on RoBERTa [26] and XLNet [27] illustrate advancements 
in sequential learning, particularly in terms of capturing intricate 
dependencies across time-sensitive user interactions.

The Self-Attention based Sequential Recommendation (SASRec) 
model presented in [28] improved upon the models based on Markov 
chains, Convolutional Neural Networks (CNNs), or Recurrent Neural 
Networks (RNNs). SASRec employs the economical architecture 
Multilayer Perceptron (MLP), which offers optimal computational 
performance. This model can effectively capture both semantic and 
syntactic patterns over time through recurrent iterations. The self-
attention mechanism has been evaluated in long-term scenarios 
involving dense datasets and in situations with sparse datasets derived 
from more recent user interactions. Although effective in some cases, 
newer techniques, such as self-attention mechanisms, offer superior 
adaptability by recognizing latent user preferences more accurately.

The Adaptively Distilled Exemplar Replay (ADER) model [29], 
an enhancement of SASRec, focuses on building robust and scalable 
session-based recommender systems in online environments. It was 
published at the largest conference on the topic, ACM/RecSys1, in 2020. 
The ADER model represents an innovative approach to address the classic 
problem of catastrophic forgetting related to past data. It dynamically 
selects a portion of the repeated data examples via a herding method 
to be reused in the next cycle’s training. ADER delivers outstanding 
results, surpassing models that rely on retraining with all historical data 
at each time interval. However, practical tests have indicated that the 
model requires significant computational power, as the training process 
remains slow. Therefore, deployment at scale may necessitate the use of 
parallel computing or specialized hardware acceleration.

The personalization of time [30], user experience [18], and 
explanations of recommendations have been studied in the literature, 
with few studies in the field of wine [2, 31]. In such niche domains, 
user preferences are highly subjective and context-dependent, requiring 
models to incorporate additional dimensions such as sensory attributes, 
origin, and occasion of use to ensure accurate recommendations. 
Finding a solution that emerges from the initial data is challenging, 
and the use of generative technologies through pretrained transformer 
mechanisms [32, 33] has enabled new studies as state-of-the-art 
technologies in recommender systems. The application of deep 
learning in recommender systems presents a significant challenge and 
area of research. Recently, the rise of attention [5] and the adoption of 
transformer mechanisms [17, 27] have attracted considerable interest. 
Transformers are now being applied for sequential recommendation 
prediction, where dialog history and intent understanding play key roles 
in recommending items to users.

4. The Framework Produced
The recommendation in this research is generated by observing 

available datasets at different contextual moments, illustrated by the 
1https://recsys.acm.org
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time intervals [ε, t] in Figure 2. The work developed focuses on a specific 
type of recommendation, which combines sequential recommendation 
with session-based recommendation. The goal is to solve the next-item 
recommendation problem on Web applications, using the wine domain 
as a case study. Computational recommendation models developed 
using different approaches to information filtering and architectures 
with DNNs were specialized, and state-of-the-art technologies such as 
machine learning-based attention and transformer mechanisms have 
been studied and used. The official research repository entitled “Wine 
data for wider use” provides support at address https://sites.google.
com/farroupilha.ifrs.edu.br/xwines (last accessed 2024/11/11).

Figure 2 illustrates the framework developed for the object of 
study: adaptive recommendation is based on a new modeling of the 
initial data to explore the user’s DTP to address information overload 
in online environments. As a contribution to science, the following 
artifacts are proposed: (a) a novel database of wines called X-Wines, 
(b) an updated recommender model named X-Model4Rec – eXtensible 
Model for Recommendation, which is based on modeling the user’s 
DTP, and (c) a collaborative Web platform to support adaptive wine 
recommendation to users in an online environment. Using the proposed 
framework, the adaptive recommendation is generated by recurring 
processes at temporal intervals and updated to the collaborative user 
participants of the Web platform.

This framework establishes a recurring mechanism that 
can be installed and configured to provide adaptive and portable 
recommendations for Web applications. It enables a software package to 
be imported and widely utilized in online environments. Structured and 
unstructured historical data are collected through a feedback extractor 
module. A preprocessing method is executed in the background at 
timed intervals to model and encode the user’s evolving taste profile, 
generating data at a contextual moment for retraining the proposed 
model. When X-Model4Rec is used, features that aim to interpret the 
nonlinear relationships between users, items, and their preferences are 
prioritized. As the final step of this mechanism, the newly generated 
recommendations are dynamically updated for users of the Web 
application, identified on the right in Figure 2. The three artifacts 
featured are detailed below.

4.1. X-Wines dataset construction
Like most agricultural products, wine typically has a limited 

data volume, with few elements that restrict users and hinder scientific 
exploration, especially in recommendation systems. This research 
revealed the need to build a novel and consistent wine dataset called 
X-Wines [34], which is composed of wine instances and ratings 
performed by real users. The data were collected on the open Web in 
2022 and preprocessed for wider free use. In the construction of the 
X-Wines dataset, the FAIR guiding principles [35] and the international 
standardization of wine2 were followed, data protection and privacy 
laws were respected, no private data was used, and no system had its 
security checked or violated.

The collected data were verified and validated via electronic 
processes. Extensive preprocessing was performed on the data gathered, 
resulting in more than 3,000 lines of source code and the elimination of 
millions of unapproved data entries. Various formats and classifications 
were validated to ensure that the presented data sets closely align 
with reality. Some care was taken to establish a common language for 
representing knowledge in the wine domain, which facilitated data 
interoperability. In this way, relevant wine attributes and the evaluation 
sequences from anonymized users were validated for consistency, 
enhancing the reusability of the data.

To estimate the reliability of the data obtained from the Web and 
from images of wine labels via optical character recognition processes, 
a statistical test was performed. A random sample containing 100 wines 
and their respective attributes was drawn from among the validated 
wines. The result was found through the average of all proportions of 
preprocessed data when compared manually to the official datasheet 
of producers. The overall result of this document-based benchmark 
obtained a coincidence of 97.75% and a standard deviation of 4.15%. 
Thus, with a 95% confidence interval, the real average assertiveness is 
between 96.94% and 98.56%. The documents, websites, and images 
used in this document-based benchmark can be found openly in the 
official research repository.

2https://www.oiv.int/what-we-do/standards
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 Figure 2
Artifacts built to support adaptive recommendation in an online environment 
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4.2. X-Model4Rec – eXtensible model for recommen-
dation

During this research, it was found that sequential and session-
based recommendations can be used together in a complementary 
way with DNNs through training and testing methodologies to predict 
the target item that a user might be interested in based on what they 
previously interacted with. It was identified that some users look for 
the same products, whereas others prefer exploring new items and 
variations. These preferences can change over time, revealing different 
patterns of behavior. Each user is unique, interacting with products at 
varying frequencies, and their individual preferences may vary over 
time. In this identified scenario for the prediction task, heuristics can 
emerge from the data itself, that is, considering how the datasets present 
themselves at certain contextual moments and how they undergo 
temporal changes becomes an object of interest in this research for the 
next-item recommendation problem using the wine domain.

The proposed X-Model4Rec model [36] uses single sessions 
of defined length and consists of an extensible architecture adapted 
from the input data, as demonstrated in the data flow illustrated in 
Figure 3. Unlike other models, multiple user ratings of the same items 
are desirable in X-Model4Rec for processing the user’s dynamic taste 
profile. DTP is sensitive to changes in the categories of items that users 
have interacted with previously, given by Equation 2, which is used at 
the core of the processing.

Three algorithms were created to compose and evaluate 
X-Model4Rec: the first algorithm preprocesses the initial datasets to 
form the training and testing sets using modeling in which sequential 
data are classified and normalized, resulting in single sessions (S) 
with a defined length. The second algorithm is designed to train the 
model, make predictions, and rank the results for the top-k next-item 
recommendation scenarios. This algorithm uses a DTP for each user to 
uncover complex relationships within the data. It also monitors the loss 
rate and the Area Under the Receiver Operating Characteristic Curve 
(AUC) as performance metrics. Finally, the third algorithm performs 

model evaluation via metrics commonly used in recommender systems 
[1, 11, 19], such as precision and recall to compose F1 score, MAP, 
MRR, and NDCG, among others. The algorithms constituting the 
modeling and architecture of X-Model4Rec are presented in detail in 
[36].

The projected architecture uses the initial data modeling 
obtained by DTP categorization of items according to the continuity 
or alternation of the type of wine in which the user interacted over 
time as input. Then, the labeled data are represented by embedding 
( ) to be used in the inner layers of the model with an economical 
MLP and are captured by linear transformations of the intricate 
data about the relationships between users and items ( ). 
From the spectrum matrix  formed in the prediction task, 
scores are obtained for the estimated connection probability (p) of 
each target item for each user. These scores are ranked in descending 
order, and the highest (k) are separated to compose the top@k 
recommendation items for each user, where k={1, 10, 20, 30,…} are 
commonly used.

In X-Model4Rec, multi-head attention directed to the next token 
was used during the model training stage, and attention directed to the 
last sequential token was used in the prediction stage, that is, generating 
output scores by applying the concept of attention [5], because, in this 
way, faster convergence of the proposed model was achieved. Although 
using different attention heads in data processing may not ensure 
significant improvements in model performance, multi-head attention 
has facilitated the discovery of formulations for dynamic objective 
functions for the prediction of the next-item recommendation problem 
( ̂), given by Equation 3.

With the extensible functionality of the proposed model, the 
transformer block at the center of the internal layers can be modified 
while maintaining the dimensionality of the embedding set. This 
allows several transformer mechanisms to be attempted. In addition, 
experiments using the temperature parameter described in [37] were 
performed on the output classifier to vary the probability distribution 
considered in the multiclass classification task and obtain a better 
overall performance of the classifier. To help combat the overfitting 
problem, in which the training performs much better than the test does, 
the multiclass classification task uses the weight-binding technique as 

(2)
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 Figure 3
Architectural data flow for generating recommendations in X-Model4Rec 
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a form of regularization [38] applied from the input block to the output 
classifier. However, underfitting was not detected, in which the training 
was not satisfactory, which would invalidate the proposed model.

4.3. Collaborative web platform
A Web application was built from software engineering processes 

to allow free access by real users to the novel X-Wines dataset, with 
the option for them to receive personalized wine recommendations. 
X-Model4Rec and other well-known recommendation models in 
the literature were used to generate recommendations using data 
in different contextual moments to promote investigations about 
collaboration in information produced between users in a controlled 
online environment. The Web application is also symbolized as an 
orange website in Figure 2, with two possible modules: a feedback 
extractor and a personalized recommendation presenter.

The project’s decision to create its own Web platform was based 
on the possibility of building a fully manageable online environment 
with the sole purpose of scientific research. The collaborative 
platform has made it transparent for the Web user to collaborate 
and generate explicit and implicit data for scientific research with 
prior agreement. The user’s role was modeled to freely access the 
collaborative platform in two ways, either fully anonymous with 
limited functionalities, having access to freely browsing and filtering 
all the data presented in the X-Wines database or providing little 
identifying data to allow the user to return in the future and explore 
all the features of the platform. With logged access, registered users 
will be able to browse and perform various filters, evaluate wines of 
interest, monitor with the option to delete their previously registered 
information, and receive personalized recommendations generated 
by the studied computational recommendation models. Users of the 
platform will also be given the option to switch between the two 
forms of access offered and even disable and completely delete their 
account on the collaborative Web platform.

User movements on the collaborative platform are mapped to both 
implicit and explicit data sets at times predefined by the administrator. 
The administrator’s role was designed to monitor the execution of the 
Web platform, provide support to users when necessary, and enable the 
extraction and compilation of temporal data, generating new data sets 
for scientific research. From these generated data sets, combined with 

the information presented in the X-Wines database and filtered based on 
user activities, a contextual data sample is created at a specific moment 
(U, I, and C). These timely generated samples serve as inputs for the 
computational recommendation model X-Model4Rec, as well as for 
other selected models. The resulting top@k recommendations are then 
presented in a personalized way on the collaborative Web platform, as 
illustrated in Figure 4.

The execution of the recommendation models occurs in the 
background through an application external to the collaborative Web 
platform, in which it instantiates the models used with the sample at a 
given contextual moment. Sequential recommender systems allow the 
use of a greater variety of features than nonsequential models do. A 
known disadvantage is the need for a greater volume of data for training 
sessions, which was provided by merging data collected online with the 
X-Wines dataset.

As in the construction of the new X-Wines offline database, 
users of the collaborative Web platform are anonymized during data 
extraction, preserving their identity. This is because it becomes more 
important for investigations to record their ratings and movements in a 
controlled online environment.

5. Experiments and results
Various experiments were conducted in both online and offline 

environments to test and evaluate the execution performance of 
X-Model4Rec using the X-Wines dataset, a new and consistent wine 
dataset produced as part of this investigation. These experiments can 
be found in the official research repository. The experiments conducted 
in an online environment are emphasized in this paper, utilizing the 
collaborative Web platform.

Currently, there are few references to the wine domain in 
recommender systems. Although some wine datasets can be found in 
repositories such as Kaggle (https://www.kaggle.com/datasets, last 
accessed 2024/03/27) and GitHub (https://github.com/datasets, last 
accessed 2024/03/27), they often lack sufficient relevant data or are 
not organized with the necessary rigor for scientific exploration. This 
finding led us to create a large public dataset called X-Wines [33], 
which is published under a free license for wider free use in the official 
research repository. The preprocessed data from the open Web refer 
to the characteristics found on wine labels and consumer evaluations, 
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 Figure 4
Personalized recommendation on the collaborative web platform
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classified on a five-star scale (1 to 5) over 10 years (2012–2021) for 
wines that were produced in different countries.

The X-Wines database used in the experiments conducted is 
available in three versions, one is contained in the other: Full ⸧ Slim ⸧ 
Test. Full contains all records, which is composed of 100,000 instances 
and 21 million ratings performed by over 1 million real users; Slim 
contains a random sample of one percent of instances; and a Test 
version containing only the 100 wines manually verified by sampling 
with 1,000 preference ratings randomly selected for the experimentation 
of the database produced in this research. Table 1 presents the main 
comparison between the different versions.

Because most of the researched recommendation models are 
evaluated offline, three experiments are first presented in which the 
Slim version of the X-Wines dataset is used as initial data. The results 
of these experiments were significant for calibrating the X-Model4Rec 
parameter used to generate adaptive recommendations in a controlled 
online environment, in which the Full version of the X-Wines dataset 
was used.

5.1. Offline X-Model4Rec calibration
5.1.1. Experiment 1: model extensibility

Owing to the extensible characteristic of X-Model4Rec, which 
allows the exchange of the transformer block while preserving the 
dimensionality of the data encoded in the embeddings, at the time 
of model calibration, four transformer mechanisms were tested 
using the X-Wines_Slim sample described above. The following 
transformers were alternated: Bidirectional Encoder Representations 
from Transformers (BERT) [6], Robustly Optimized BERT Approach 
(RoBERTa) [26], generalized autoregressive pretrained method LXNet 
[27], and Generative Pre-trained Transformer (GPT-2) as referenced in 
[39]. The decision for these was due to their relevance, as reported in 
the literature [17, 32] and because they were offered freely in black 
box modules in the framework NVIDIA Merlin3, which is used in 
X-Model4Rec encoding. Running a variable distribution as the 
temperature value [37], the results of this benchmark are shown in 
Figure 5, and the hyperparameters used were as follows:

1)  EMBEDDING_DIM=64; DROPOUT=0.1; HEADS=8; 
NEURONS=​[128, 64]; TEMPERATURE_SCALING=1.0;

2)   LOSS=CategoricalCrossEntropy(label_smoothing=0.2,  
from_logits=True); OPTIMIZER=Adam (learning_rate=0.005); 

3)  BATCH_SIZE_TRAINING=256; and BATCH_SIZE_TEST=1024.

The AUC provides a value between 0 and 1, indicating how 
correct the expected predictions are, with a value above 0.5 indicating 
more correct than incorrect classifications made by the model. The loss 
rate is directly related to how well the model adjusts to the input data. In 
this case, when experimenting with different transformer mechanisms, 
rapid convergence to the smallest error was found, and minimal variation 
occurred over several epochs. On the basis of the results obtained in this 
first experiment, GPT-2 was selected for use in the internal block of the 

3https://developer.nvidia.com/merlin

X-Model4Rec architecture, owing to its stability demonstrated in the 
calibration performed, and 20 epochs were chosen for training.

5.1.2. Experiment 2: X-Model4Rec versus classic approaches
To allow experimentation on the next-item recommendation 

problem from a defined data sample, typically, the last item that 
each user interacted with in this sample is previously removed to be 
compared later with the recommendation generated. Thus, except for 
the last interaction intentionally removed for each user, all other data in 
the sample can be used to generate the top@k recommendation, where k 
is the number of recommended items. Then, the results can be measured 
via the metrics@k commonly used in recommendation systems [1, 11, 
40]. It is verified and expressed on a finite scale to determine whether 
the top@k items recommended for each user contain a target item with 
identified interest for the same users, and to consider the positional 
order in which items are recommended.

Although it was not possible to cover all the approaches studied 
in this research, several classic models were tested through different 
implementations, which are listed in the legend of Figure 6. The models 
selected for comparison are now offline and are well-known and widely 
used worldwide, such as Collaborative Filtering, as well as Content-
Based Filtering, and implemented through Hybrid Filtering approaches. 

Each selected classical model follows specific principles and 
presents structural variations. For instance, algorithms based on singular 
value decomposition (SVD) typically reduce matrices to their singular 
values and then reconstruct them through factorization processes. 
Additionally, similarity-based algorithms employ different distance 
measures, such as Euclidean, Cosine, Manhattan, and Haversine; 
collaboration identifying the short neighborhood, in which only the 
last user‒item interaction is observed, or the long neighborhood 
observing more interactions, which is equal to 10 in this experiment. 
These computational recommendation models are not based on random 
draws but use classical information filtering techniques. To provide a 
comprehensive analysis, we also included three models identified by 
the prefix ‘Simple’, which utilize random draws for comparison.

The same hyperparameters as those presented above were used 
for X-Model4Rec with LLM GPT-2 as the transformer block and the 
models were trained over 20 epochs. All the models used the same Slim 
version of the X-Wines dataset as input. Figure 6 presents the results 
after each compared model is executed.
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Table 1
Characteristics of X-Wines dataset versions

Version Wines Wine types Wine countries Users Ratings Multiple user wine rating
Full 100,646 6 62 1,056,079 21,013,536 Yes
Slim 1,007 6 31 10,561 150,000 No
Test 100 6 17 636 1,000 No

 Figure 5
X-Model4Rec training on the X-Wines_Slim dataset 

https://developer.nvidia.com/merlin
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The F1 score balances the precision and recall metrics, MAP, 
which is equivalent to MRR in the next-item recommendation problem, 
that is, searching for a single target item, and the top@k position 
relevance NDCG metrics were used. The green lines indicate the 
results of X-Model4Rec in this experiment, extended by many data 
points produced (Appendix I), which are as good as some classical 
methodologies found in the literature.

5.1.3. Experiment 3: X-Model4Rec versus baseline models
The results, measured by the area under the ROC curve (AUC), 

as well as precision and recall evaluation metrics from X-Model4Rec, 
are compared with four selected baseline models that utilize the original 
hyperparameters defined by their authors. The related works were 
selected on the basis of their similarities, including both traditional 
approaches and those with short- and long-term sequential dynamics. 
The four baseline models are presented as follows:

1)  ATRank [41] uses an attention model, specifically a multi-head 
attention mechanism, to account for users’ heterogeneous behaviors. 
It incorporates a DNN in both the self-attention layer and the vanilla 
attention layer to derive user preferences.

2)  The one called here as Bias-long short-term memory (LSTM) [42] 
refers to a bidirectional LSTM network designed to capture sequential 
implicit data from users through multiple gating mechanisms.

3)  Bayesian personalized ranking (BPR)-matrix factorization (MF) as 
described in [43] is a traditional model that employs BPR alongside 
the MF method. It is trained on both positive and negative user 
ratings, as well as the concatenated embeddings of item IDs and 
categories.

4)  The Long- and Short-Term Preference Model [4] uses a trainable 
matrix to capture long-term preferences from users while integrating 
short-term preferences to develop comprehensive user profiles for 
generating personalized online recommendations.

The same hyperparameters as those presented above for 
X-Model4Rec with LLM GPT-2 as the pretrained transformer block 
were used. All the models used the same Slim version of the X-Wines 
dataset as input and were trained over 20 epochs. Table 2 shows the 
results after each model was compared. The values that are highlighted 
in bold and underlined represent the most favorable outcomes in each 
column.

The results presented by X-Model4Rec outperformed the scores 
of the other classical and baseline methods tested in these experiments 
using wine data samples. It obtained the highest average score for the 
quantity of recommended wines desired by Web users, and the last line 
of Table 2 demonstrates a significant improvement. In addition to the 
experiments developed, the model execution yielded positive results 
when tested with various data volumes, allowing greater scalability, and 
rapid convergence with the extensible use of transformer mechanisms.

The multi-head attention mechanisms and pretrained GPT-2 
transformer used in X-Model4Rec focused on the subsequent element 
of the input list with sequential displacement between the elements, 
which resulted in good results. However, the monitoring performed 
by the AUC metric in this experiment indicates that it is possible to 
further improve the proposed model, for example, by observing the 
external hyperparameters used, including bias adjustment and internal 
verification of the architecture in new future experiments.
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 Figure 6
Scores obtained during the evaluation of X-Model4Rec and 

traditional approaches 

Table 2
AUC, precision, and recall metrics when evaluating on X-Wines_Slim dataset 

Model AUC

Precision@ Recall@

1 10 20 30 40 50 1 10 20 30 40 50

ATRank 0.8859 0.0180 0.0143 0.0123 0.0108 0.0098 0.0089 0.0180 0.1430 0.2452 0.3253 0.3906 0.4453

Bias-LSTM 0.8830 0.0175 0.0143 0.0122 0.0108 0.0098 0.0089 0.0175 0.1427 0.2443 0.3244 0.3905 0.4463

BPR-MF 0.8161 0.0081 0.0075 0.0070 0.0066 0.0063 0.0061 0.0081 0.0751 0.1391 0.1974 0.2534 0.3063

LSPM 0.8045 0.0086 0.0073 0.0067 0.0063 0.0060 0.0057 0.0086 0.0731 0.1339 0.1898 0.2398 0.2856

X-Model4Rec 0.8444 0.0260 0.0177 0.0144 0.0122 0.0107 0.0097 0.0260 0.1773 0.2889 0.3669 0.4299 0.4842

Percentage −4.68% +44.44% +23.78% +17.07% +12.96% +9.18% +8.99% +44.44% +23.99% +17.82% +12.79% +10.06% +8.74%
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5.2. Evaluating the online adaptive recommendation
To generate adaptive wine recommendations in an online 

environment at different contextual moments and verify the usability 
of the produced framework, a specific experiment was conducted. 
Over six months, the collaborative Web platform was utilized by 
wine enthusiasts over 18 years of age who voluntarily agreed to 
participate in this investigation. Several participants shared access to 
the platform and invited other Web users, creating a cascading effect. 
The majority of registered users identified Brazil and Portugal as their 
countries of origin; however, several nationalities were represented in 
smaller numbers, including Italians, French, English, Germans, North 
Americans, Chinese, and Koreans.

Out of the 215 accesses identified by potential users on the 
collaborative Web platform, there were 63 instances where there were 
insufficient data to establish sequential sessions. Additionally, optional 
registration data were not available for these users, preventing them 
from receiving recommendations and participating in the evaluation. 
These cases involved users who accessed the platform but did not 
view any wines or engage in navigation, and they chose not to create 
credentials for registered access. Figure 7 illustrates the steps followed 
in an unprecedented experiment in a controlled online environment.

Following these steps, explicit and implicit feedback produced 
from user navigation on the collaborative Web platform were captured 
(Step 1); the data captured at weekly time intervals (t = 7 days) were 
merged with the Full version of the X-Wines dataset presented in Table 

1 (Step 2) to produce sample instances of the filtered dataset called 
X-Wines_Online (Step 3), which contains enough data for sequential 
sessions of fixed length. The dataset used in this experiment contains 
15,699 wines, 102,182 users who rated these wines, and 339,448 ratings 
merged with the data captured from 215 Web users, with 152 used due to 
collaborative Web platform usage. These users produced interactions in 
wines, with 1,158 implicit views (V) and only 15 explicit ratings (R). In 
this online experiment, beyond X-Model4Rec, three other well-known 
classic models [44] were also tested (Step 4), namely, collaborative 
filtering by a long neighborhood with a size of 10 (the same value 
assigned to the maximum length of single sessions in X-Model4Rec, 
modeled with sessions between two and 10 items), content-based 
filtering using the cosine similarity method, and a model that uses an 
approach considered simplistic, filtering among the most popular items. 
Finally, after receiving the personalized recommendation (Step 5), Web 
users were invited to participate anonymously in a satisfaction survey, 
in which the first 100 reviews were counted (Step 6).

The top@10 recommendations generated in four different models 
in Step 4, all using the same contextual X-Wines_Online dataset, were 
presented to Web users in a personalized way. Subsequently, 100 of 
these Web users anonymously and spontaneously responded via an 
electronic form with options ranging from zero to 10 to the following 
question: “Please, for each recommender, how many wines would 
you like/interact with in each recommendation you received?” The results 
measured by the weighted average are shown in Table 3, and the official 
research repository contains all the data, source code, and forms.
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 Figure 7
The framework in a controlled online environment 

Table 3
Evaluation of the adaptive recommendation by users from the Web platform

Model
The quantity of wines recommended as a possible next-item recommendation problem 

1 2 3 4 5 6 7 8 9 10 ∑

X-Model4Rec 4 4 5 6 8 17 12 18 13 13 100 6,68
Collaborative filtering 4 8 15 16 13 14 11 7 6 6 100 5,25
Content-based filtering 8 18 12 10 11 12 9 9 3 2 100 4,29
Most popular filtering 21 11 12 10 12 8 6 8 3 3 100 3,90
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The results produced by X-Model4Rec achieved the highest 
average score in terms of the quantity of recommended wines that users 
desired for future interactions, as calculated by the weighted average.

The three algorithms mentioned were implemented with the 
following versions: Python 3.10.10, Pandas 2.0.1, Numpy 1.24.3, 
TensorFlow 2.10.0, Transformers 4.31.0, Merlin-Models and 
NVTabular 23.6.0 from NVIDIA on version 11 of Debian GNU 
Linux run on a microcomputer with CPU 6-core i7-10750H of 2.60 
GHz, integrated 10th Gen GPU UHD Intel, GeForce GPU GTX 
1650 NVIDIA, NVMe M.2 SSD, and 16 GB of RAM. Under these 
conditions, the recommender X-Model4Rec trained faster than some 
other verified models did, achieving the following runtimes for each 
input sample verified:

1)  X-Wines_Slim: preprocessing in 12.7 s, training and testing in 301.5 
s, and running each epoch in 11 s.

2)  X-Wines_Online: preprocessing in 101 s, training and testing in 
2,285 s, and running each epoch in 112 s.

The execution times of each tested model needed to be hidden 
from this presentation, as some implementations found in the reference 
literature have required different versions of the Python programming 
language and their own libraries and must be executed in different 
virtual environments to find the results presented. It is important to 
highlight that for these observed runtimes, this proposed framework 
guarantees a non-prohibitive computational time for the task of 
generating recommendations. Moreover, the main scores obtained 
through the evaluation metrics provide a solid basis for subsequent 
implementations.

6. Discussion
This research aims to improve the recommendation in online 

environments for the wine domain, as developed in a thesis work [45]. 
However, the Web offers a vast amount of information that needs to be 
properly handled and validated to be useful. Without proper verification 
and validation, data volumes may be simple simulations and may 
not reflect reality. Filling a gap detected was the main motivation for 
building an unprecedented wine database, in addition to making it 
openly available to the scientific community. The discovery of this 
need directed this research first to the creation of a large and consistent 
real dataset, made public and accessible, containing more than 100,000 
wine labels, and 21 million five-star ratings classified by 1 million users 
on the Web.

There are models such as those used in the previous experiments 
and several others that propose finding or estimating all the 
classifications, first forming a matrix filled with all the elements U×I 
and then executing other more specific heuristics. However, most of 
the models considered only unique relationships, that is, a single user-
item classification, disregarding other reviews made by a user on the 
same items, data that admittedly can be important for the generation 
of the next item recommendation. In X-Model4Rec, more than one 
review and negative ratings on target items are welcome to generate 
the recommendation; As a result, heuristics that recommend only from 
single reviews, or even reviews considered positive, tend to ignore a 
large portion of possibilities in items when generating the next item 
recommendation.

Existing approaches are usually based on identifying user 
preferences. Among the various possible approaches to the construction 
of a recommendation system, the excellent results presented by the 
recommendation model that uses collaborative neighborhood-based 
filtering can be verified. Even though it is not a guarantee for all 
possible situations, which certainly no approach will be complete, it 
presents greater difficulty than other approaches in the treatment of 

large volumes of data and the cold start problem when there is a lack of 
feedback from users. Thus, there is a need to observe scalability, which 
is a limiting factor in large real-world applications.

This research focused primarily on conducting experiments to 
find a way to “improve the neighborhood”, either by new user‒item 
relationships or by rearranging existing relationships with new weights 
and weightings that could be exploited in some existing neighborhood 
algorithms. After conducting several experiments with varied heuristics, 
these experiments were successful, and it was possible to execute 
the same neighborhood algorithm with and without the previous 
transformation of the same initial data, obtaining better results in cases 
where it was previously tried to “improve the neighborhood.” Later, a 
new modeling was proposed to identify the alternation or continuity in 
the categorization of items on which users interacted in the past, forming 
single sessions of defined length to exploit the so-called user’s dynamic 
taste profile (DTP). From the experimentation of this new proposed 
modeling, it was possible to arrive at the computational recommendation 
model X-Model4Rec – eXtensible Model for Recommendation. 
State-of-the-art technologies, such as attention mechanisms, which 
have already been used in recent years, and innovative transformers, 
which are growing and deserve to be experimented with to contribute 
to various fields, have allowed the implementation of the paths taken 
in this research. Transformer mechanisms have many applications 
focused on problems related to natural language processing; however, 
the results presented in this study prove their application and the need 
for continuity in studies related to multiclass classification problems in 
recommendation systems.

In this way, it is important to emphasize that the use of transformer 
mechanisms implies the definition of attention modules, in which in this 
investigation a multi-head attention resource was used that was directed 
to the next sequential element in the training and the last element of the 
input sequence in the prediction. The mechanism implements positional 
feed-forward networks, in which the positional encoding of the initial 
tokens is performed to be used a posteriori in the proposed architecture 
of the transformers and the residual connection and normalization are 
performed in several steps in the network to stabilize the output of the 
transformed data. In this way, distant trends and relationships are found 
between users and items in the data and as verified between situations 
presented in other mechanisms, avoiding deformations and anomalies 
in the data very different from the others (outliers) during training that 
contribute to the acceleration of the convergence desired by computer 
models. This approach can generate good results for a classification 
problem.

With the architecture defined for the internal layers of the 
developed model, it was possible to maintain the dimensionality 
of the data encoded in the embeddings between the layers, allowing 
the alternation of the transformer block, if desired. As demonstrated 
in this research, the alternation of the transformer block defined as a 
component of the model can be useful in solving the recommendation 
problem in different domains, in which better results can be obtained by 
experimenting with not just one, but also distinct pretrained transformer 
mechanisms with varied large-scale datasets and composed of different 
DNN architectures.

The current definition of hyperparameters presented followed a 
procedure of varied scientific experimentation to select the best values 
and algorithmic functions among the possibilities found in the literature. 
They were considered sufficient to support the execution of the 
X-Model4Rec built in this investigation. However, even though several 
ablation tests were performed that allowed good parametric values 
to be found to generate the verified recommendation, not all possible 
combinations were tested, which is a limitation of this research. In this 
sense, new studies may still be conducted to verify the parametric fine-
tuning.
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In online environments, it is important to consider data 
dispersion as a problem, because Web users can reach millions and 
produce sparse data. It was found that, in addition to the efficiency 
and novelty of a new computational recommendation model that 
exploits specific characteristics in the user‒item relationship, the 
sequential recommendation system should inevitably process sparse 
data and be executed in non-prohibitive computational time to update 
the recommendation generated for Web users. Given that updates in 
online environments are recurrent, it is crucial to weigh the time 
intervals really necessary for the retraining of the recommender model 
and the effective update of the recommendations, which needs to be 
defined in an equalized way for the proper functioning of the adaptive 
recommendation in Web applications.

7. Conclusion
This research focused on solving the adaptive next-item 

recommendation problem in online environments for the wine domain. 
The resulting artifacts, which include an unprecedented wine dataset 
and an extensible recommender model using pretrained transformer 
mechanisms, were verified offline and online with the participation of 
real users registered on our collaborative Web platform.

This research contributes to showing that efficient generative 
technology (designed to create content by tokenizing words) can be 
satisfactorily used for a classification problem, to make predictions 
in classes (or items) to solve a complex next-item recommendation 
problem. Additionally, with emphasis on the online environment, 
pretrained transformer mechanisms offer a promising treatment for 
dynamicity and recurrence to generate updated recommendations at 
time intervals for Web users.

The experiments using wine data samples produced promising 
results for achieving the proposed objective of creating and validating 
a sequential recommendation model to verify the impact of dynamic 
taste profiling on efficiently providing scalable session-based 
recommendations for realistic Web applications. The evaluation 
responses by collaborative Web users to the recommendation generated 
in this research presented the best average interaction between the classic 
and baseline models evaluated. Furthermore, a portable solution for 
Web applications was produced that can generate recommendations via 
pretrained transformer mechanisms in a non-prohibitive computational 
time. This framework has proven to be an effective way to adapt the 
proposed model to work from the input data, producing satisfactory 
results. It improves the recommendation in online environments and 
promotes further scientific research on a specific topic.

Finally, X-Wines was cited by other authors and indicated as 
a dataset for the production of scientific works on the Recommender 
Systems International Conference ACM-RecSys (https://github.com/
ACMRecSys/recsys-datasets, last accessed 2024/11/11). In future 
work, new advances may be promoted in enhancing the proposed 
X-Model4Rec recommender, including bias adjustment, internal check 
architecture, and a revised setup for new experiments with LLMs 
mechanisms, as well as performing new evaluations using standard 
metrics employed in recommender systems.

Recommendations
Training on recommender systems, deep learning, dataset 

analytics, and the Python programming language is recommended for 
those who want to use this framework in whole or in part.
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