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Abstract

On event platforms, users often try to find events
through search functions, and this process is
insufficient for matching user with right event. In
this study, a dynamically learning and
continuously updated, machine learning-based
multi-layered activity recommendation system
has been developed, enabling users to discover
activities on platform faster, more accurately,
and in a personalized way. Within the scope of
study, different recommendation models have
been developed, utilizing Collaborative Filtering
(CF), Content-Based Filtering (CBF), and deep
learning-based filtering. In CF, Singular Value
Decomposition (SVD), k-Nearest Neighbors
(KNN), and Non-Negative Matrix Factorization
(NMF) have been used to learn user-product
interaction patterns. In CBF approach, Term
Frequency—Inverse Document Frequency (TF-
IDF) and Cosine Similarity have been used to
identify  similarities  based on  event
characteristics. In hybrid models, Weighted,
Cascade, and Switching approaches have been
used to combine CF and CBF models. In deep
learning, Neural Collaborative Filtering (NCF),
Autoencoder, and Long Short-Term Memory
(LSTM) have been used to model nonlinear and
temporal relationships. LSTM model
demonstrated most successful performance,
achieving the highest results in all evaluation
metrics. With developed system, the event

Resumo

Em plataformas de eventos, 0s usuarios
costumam tentar encontrar eventos por meio de
funcBes de busca, e esse processo € insuficiente
para conectar 0 usuario ao evento certo. Neste
estudo, foi desenvolvido um sistema de
recomendacdo de atividades em maultiplas
camadas, baseado em aprendizado de maquina,
com aprendizado dindmico e atualizacéo
continua, permitindo que os usuarios descubram
atividades na plataforma de forma mais rapida,
precisa e personalizada. No ambito do estudo,
foram desenvolvidos diferentes modelos de
recomendacéo, utilizando Filtragem
Colaborativa (CF), Filtragem Baseada em
Contetdo (CBF) e filtragem baseada em
aprendizado profundo. Na CF, foram utilizadas
a Decomposicdo em Valores Singulares (SVD),
k-Vizinhos Mais Préximos (KNN) e a Fatoracao
de Matriz N&o Negativa (NMF) para aprender
padrbes de interacdo entre usuario e produto.
Na abordagem CBF, a Frequéncia de Termo-—
Frequéncia Inversa do Documento (TF-IDF) e a
Similaridade Cosseno foram utilizadas para
identificar semelhancas com base nas
caracteristicas dos eventos. Nos modelos
hibridos, as abordagens Ponderada, em Cascata
e de Alternancia foram utilizadas para combinar
0s modelos de CF e CBF. No aprendizado
profundo, a Filtragem Colaborativa Neural
(NCF), o Autoencoder e a Memdria de Curto e
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discovery process has become faster, more
efficient, and more satisfying for users. As a
result, user satisfaction has been maximized.

Keywords: Event Recommendation System.
Collaborative Filtering. Content-Based Filtering.
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Longo Prazo (LSTM) foram utilizados para
modelar relagdes ndo lineares e temporais. O
modelo LSTM demonstrou o desempenho mais
bem-sucedido, alcangando os  melhores
resultados em todas as métricas de avaliagéo.
Com o sistema desenvolvido, o processo de

descoberta de eventos tornou-se mais rapido,
mais eficiente e mais satisfatério para os
usuarios. Como resultado, a satisfacdo do
usuario foi maximizada.

Palavras-chave: Sistema de Recomendacao de
Eventos. Filtragem Colaborativa. Filtragem
Baseada em Conteldo.

1 INTRODUCTION

In today's rapidly developing world, people are dedicating more time to social
events. This has led to an increase in the number of event ticket sales platforms. These
platforms offer hundreds of events catering to different interests and user profiles. After
carefully reviewing these activities, users can choose the one that suits them best.
However, the wide range of events offered on these platforms can make the decision-
making process difficult for users. Especially in large cities or on platforms with busy
event schedules, discovering events that match users' interests and personal preferences
can become a time-consuming and tiring process, negatively impacting the user
experience [1].

On event platforms, users find new events through search options. However, this
limited approach reduces the discoverability of events, minimizing potential sales for
event organizers. Keyword or category-based searches, in particular, lead users to find
events they already know or are considering, making it difficult for them to access events
that match their interests but haven't yet discovered, thus preventing them from making
further purchases. Furthermore, the ability for users to choose the most suitable event is
crucial for customer satisfaction. Guiding users towards events that align with their
expectations and interests increases their satisfaction with the event experience. Satisfied
users are more likely to reuse the platform, provide positive feedback, and recommend it
to others. This strengthens user loyalty and positively impacts the platform's credibility

and brand image.

Veredas do Direito, v.23, €237898 — 2026




Eren Tur & Ceren Ulus & Mehmet Fatih Akay

In light of all this, increasing competition in the event market and changing user
expectations make it imperative for platforms to offer personalized experiences aimed at
increasing customer loyalty. Accordingly, it is crucial for platforms to have intelligent
systems that can analyze users' individual behaviors, interests, and preferences to
recommend the most suitable events for them. Such systems increase user satisfaction
and platform loyalty, while also helping event organizers reach their target audiences
more effectively, improving service efficiency, and contributing to a stronger potential
sales volume.

This study presents an event recommendation engine with a multi-layered
analytical infrastructure that combines machine learning and deep learning algorithms
and can be integrated into event ticket sales platforms. The developed engine provides
dynamically learning and continuously updated recommendations, enabling users to
discover events on the platform faster, more accurately, and in a personalized way. The
engine is also capable of dynamic learning and continuous updating.

Academic literature reveals several studies covering general recommendation
systems. However, this study stands out with its innovative aspects, such as evaluating
CF, CBF, hybrid methods, and deep learning models within the same recommendation
framework. It also compares traditional machine learning algorithms, such as SVD, KNN,
and NMF, with hybrid approaches, including Weighted, Cascading, and Substitution. For
the CBF approach, TF-IDF and Cosine Similarity are employed to identify similarities
based on event characteristics. In addition, deep learning models, including NCEF,
Autoencoder, and LSTM, are comparatively evaluated. Furthermore, the study
emphasizes continuously updating the recommendation system through user interactions,
enabling it to dynamically improve the quality of its recommendations over time.

This study is organized as follows: Section 2 presents the relevant literature.
Section 3 describes the dataset creation process. The development of the models is
presented in Section 4, and the results obtained from the developed models are given in
Section 5. Section 6 provides the details of the proposed system. Testing process of the
system is given in Section 7, followed by the discussion in Section 8. Finally, the

conclusions of the study are given in Section 9.
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2 LITERATURE REVIEW

[2] combined K-Means clustering and CBF to discover user interests and past
activity history. The system includes automatic registration, email notifications,
and a dashboard. The results showed the system achieved a 96.8% Accuracy rate.

[3] has developed a deep learning-based recommendation model that integrates
social filtering techniques to improve the quality of event recommendations for
event visitors and users. The model utilizes deep learning social filtering
techniques that employ Pearson correlation coefficient, cosine similarity, and
Euclidean similarity bias calculation measures to recommend relevant and most
relevant events/services to the target audience. The model has been developed
using a Multilayer Perceptron (MLP) and Neural Cooperative Filtering deep
learning algorithm. Experiments using the Meetup website dataset achieved 70%
Accuracy, 66% Sensitivity, and a 98% Recall rate.

[4] proposed a variational-based Graph Autoencoder (GAE) model using type-
specific latent variables to reduce the effect of noise found in different types of
contextual features. A heterogeneous noise reduction convolution module
consisting of two components has been developed. The first component, the
denoising attention aggregation mechanism, reduces the effect of noisy structures
and reveals latent relationships. The second component, the heterogeneous
normalization module, mitigates the effects of noise and data sparsity in
contextual features by using contextual features of the same type. In addition, a
learnable heterogeneous mixture prior distribution has been proposed, which
assigns different prior distributions to different types of latent variables and
models contextual features more effectively.

[5] developed a Hybrid E-Learning Recommendation System (HCFSAR), based
on individualization and Fine-Grained Sentiment Analysis (FSA). It utilizes CF
based on Alternating Least Squares (ALS) and FSA. ALS learns students' latent
characteristics based on their interests and creates student profiles. Additionally,
three different FSA models based on attention mechanisms and Bidirectional Long
Short-Term Memory (Bi-LSTM) have been developed, and twelve different
models have been trained using these models to predict new scores from students'
book reviews. The experimental results showed that the HCFSAR approach,
which uses a multiplication-based word embedding method and is built with the
Multi-Head Attention Mechanism (MHAM) based Attention-Based Hierarchical
Bi-directional Recurrent Model Version 2 (ABHR-2) model, achieved a 93.39%
Accuracy rate, demonstrating superior performance compared to the other models.

[6] presented a hybrid recommendation system using CF, CBF, and Self-
Organizing Map (SAM) neural network techniques. The system has been tested
on a movie database, and the results showed that the system achieved a high
success rate.
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[7] first examined recommendation approaches used in the tourism sector to
develop a recommendation system to support tourism in Morocco, particularly in
the Daraa-Tafilalet region, by leveraging big data technologies, artificial
intelligence, and operational research methods. Based on the analysis results, they
proposed a tourism recommendation system architecture and conceptual
framework based on a hybrid recommendation approach. The proposed system
only suggests tourist destinations suitable for tourist preferences and creates a
detailed travel plan by considering heterogeneous tourism resources for a specific
visit duration.

[8] presented a novel non Negative Matrix Factorization (NMF) method for
ordinal data. The proposed model is a probabilistic latent factor model that
generalizes Bernoulli-Poisson Factorization (BePoF) and Poisson Factorization
(PF) applied to binary data. In this model, binarization is omitted and a more
informative representation of the data is used. An efficient variational algorithm
based on a suitable model extension and related to variational PF has been
designed. Experiments with the proposed method have been carried out on explicit
and latent datasets. The results showed that the proposed method performed better
than BePoF and PF when applied to binarized data.

[9] proposed a hybrid method based on CF using sentiment analysis. Results from
extensive experiments showed that the proposed method achieved 82% Accuracy.
The study highlighted that the results obtained indicate that the hybrid method can
be used to develop effectiveness recommendation systems.

[10] have presented a new event recommendation system called IoTCFR, which
combines Internet of Things (IoT) data with CF and a social influencer factor. In
the system, CF prediction scores are calculated for each candidate event based on
IoT-based features and social influencers. Based on this calculation, the event with
the highest score is recommended to the user. Experiments have been conducted
on real-world datasets, and the proposed method has provided better performance
than other basic methods.

[11] proposed a novel activity recommendation model to address the accuracy and
efficiency issues arising from the inability of existing methods to adequately
utilize online and oftline information in Event-Based Social Network (EBSN). A
feature extraction phase has been performed to fully utilize EBSN information,
including spatial, temporal, semantic, social, and historical features.
Subsequently, the recommendation problem has been transformed into a
classification problem, and Extreme Learning Machine (ELM) has been improved
as a classifier in the model. Extensive experiments have been conducted on real
EBSN datasets. The experimental results show that the proposed method performs
better than existing methods.

[12] proposed a semantically enhanced and contextually sensitive hybrid CF

method that combines semantic content analysis and contextual event impact for
user neighborhood selection. First, a latent topic model has been used to analyze
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the event description text, and long-term and short-term interest models have been
developed using the event record history for each user. To represent both social
impact among users and semantic uniqueness among events, an impact weight has
been assigned to each event. For each user, neighbors have been selected based
on long-term interest similarities weighted by the impacts of the events. For the
new event proposal, a user-event rating matrix has been created based on users'
short-term interest models, and event rating predictions have been calculated for
each user from the ratings of their neighbors. Experiments showed that the
algorithm exhibited superior performance.

[13] developed EventAware, a context-aware mobile recommendation system that
can personalize the agendas of users attending a conference. EventAware takes
into account some implicit contextual information, automatically generates both
user profiles and item attributes with minimal user interaction, and uses a context-
aware, tag-based recommendation algorithm.

[14] developed a model for event recommendation using the Deep User Modeling
for Event Recommendation (DUMER) approach. A Convolutional Neural
Network (CNN) has been used to learn the contextual characteristics of events
users are interested in and to create user-specific latent representations. The
resulting user latent model has been integrated with a Probabilistic Matrix
Factorization (PMF) model, thus increasing recommendation accuracy.
Experiments have been conducted on the Meetup.com dataset, and it has been
observed that the DUMER model yielded more successful results compared to the
primary methods used.

[15] proposed a general framework called NCF instead of inner multiplication,
using a neural network architecture that can learn an arbitrary function from the
data. The proposed method has a flexible structure that can encompass and
generalize the matrix factorization method. In addition, a MLP has been used to
learn the user-item interaction function in order to model nonlinear features.
Experiments have been conducted on two different datasets, and the results
showed that the proposed method provided improvement.

[16] proposed a Collective Probabilistic Matrix Factorization (CPMF) model to
predict users' binary preferences for events, groups, and locations. An efficient
stochastic gradient descent algorithm has been developed to implement the
model's learning process. Experiments have been conducted on Meetup datasets.
The results showed that the proposed CPMF model performed better than the most
advanced methods.

3 DATASET GENERATION

The dataset used in this study has been synthetically generated to represent the

Turkish events sector. The dataset is designed to reflect real user behavior, event
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characteristics, and purchasing dynamics. The data structure is designed to be suitable for
modeling user-event interactions and consists of a total of 5 different CSV files.

The dataset contains 5,000 users, 500 events, 50 venues, approximately 3,000,000
interaction records, and approximately 20,000 purchase transactions. Interaction data
represents implicit feedback, while purchase data represents explicit feedback. The
purchase conversion rate is estimated at approximately 20%. Users are distributed across
major cities in Turkey, and events are diversified into different categories and
subcategories.

Various preprocessing and feature engineering steps have been applied to the
dataset to improve model performance. Missing numerical values have been filled with
the average, and categorical values with the most frequent values. Some missing
timestamps in the time series have been completed using the forward filling method. On
the user side, derived features such as age group, total number of interactions, number of
unique events, total spending, and most popular category have been created. On the event
side, new variables such as number of days remaining until the event, weekend
information, season, price category, and popularity score have been defined. In addition,
TF-IDF based 100-dimensional text vectors have been generated from event name and
category texts and used in similarity calculations.

Two different data splitting strategies have been used in the model evaluation
process. In the first method, the last 20% of each user's interactions have been allocated
to the test set to maintain temporal dependence. In the second method, the data has been
randomly split into 80% training and 20% testing. While temporal splitting is more
suitable for real-world scenarios, random splitting has been used for model comparisons.
Various checks have been performed to ensure quality in the data generation process.
Duplicate records have been checked and found. All identity fields have been verified to
be unique. Referential integrity has been ensured between user, event, and location
identities. Timestamps have been verified to be prior to the event date, and price and age
ranges have been checked to remain within reasonable limits. Overall statistics for the

dataset are given in Table 1.
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Table 1

Overall statistics for the dataset

Metric Value
Total number of users 5.000
Total number of events 500
Total number of venues 50
Total number of interactions 297.681
Total number of purchases 16.804
User-event matrix sparsity %92.33
Average interaction per user 59.54
Average interaction per event 595.36
Conversion rate %5.64

3.1 Users.csv

Users dataset includes the demographic and behavioral characteristics of users
registered on the platform. Each user is assigned a unique identification number, and the
dataset includes information such as age, gender, city, income level, and user segments
representing interests. User segments are created based on activity preferences, aiming to
provide behavioral diversity within the dataset. User segments have been identified as:
Music Enthusiasts, Theatre Lovers, Sports Fanatics, Arts and Culture Enthusiasts,
Family-Oriented, and Young Professionals. The attributes and descriptions included in

the dataset are given in Table 2.

Table 2

The attributes and descriptions included in the dataset

Attribute Description
user_id Unique user ID
name Realistic Turkish name
email User email address
age User age (18-65)
gender User gender
city User's city

registration date

Date of registration

user_segment

Behavioral user segment

income level

Income level

preferred language

Preferred language
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3.2 Events.cv

Events dataset contains contextual and structural information about the events
suggested in the system. Events are defined by fields such as category, subcategory, price,
date, location, and organizer. This creates a structure suitable for both CBF and CF
methods. Events are divided into six main categories: Concerts, Theatre, Sports, Festivals,

Exhibitions, and Education. The attributes and descriptions included in the dataset are

given in Table 3.

Table 3
The attributes and descriptions included in the dataset
Attribute Description
event id Unique event ID
name Event name
category Main category
subcategory Subcategory
price Ticket price (TL)
event date Event date
venue id Venue ID
venue city City where the event is held
capacity Venue capacity
organizer Organizer information
duration_minutes Event duration
language Event language
age restriction Age limit

3.3 Venues.csv

The venue dataset includes information about the physical spaces where events
are held. This information encompasses characteristics that can affect user experience,
such as capacity, venue type, and accessibility. The attributes and descriptions included

in the dataset are given in Table 4.

Table 4

The attributes and descriptions included in the dataset

Attribute Description
venue id Unique venue identity
name Venue name
city City
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capacity Total capacity
venue type Venue type
has parking Parking availability
accessibility Accessibility for people with disabilities

3.4 Interactions.csv

This dataset includes implicit feedback data representing users' interactions with
activities. Each interaction record represents the behavior that occurred between a user
and an activity. Implicit scores have been assigned to interaction types. The attributes and

descriptions included in the dataset are given in Table 5.

Table 5§

The attributes and descriptions included in the dataset

Attribute Description
interaction_id Unique interaction ID
user_id User ID
event id Activity ID
interaction_type Interaction type (view, click, favorite, share)
timestamp Interaction time
session_id Session ID
device Type of device used
duration_seconds Interaction duration

3.5 Purchases.csv

Purchases dataset consists of explicit feedback data including user ticket purchase

transactions. The attributes and descriptions included in the dataset are given in Table 6.

Table 6

The attributes and descriptions included in the dataset

Attribute Description
purchase id Unique purchase ID
user _id User ID
event id Event ID
purchase date Purchase date
quantity Number of tickets
unit_price Unit ticket price
total price Total payment amount
payment_method Payment method
discount applied Discount applied status
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| discount amount | Discount amount

4 DEVELOPMENT OF THE MODELS

This study evaluated both traditional machine learning approaches and deep
learning-based methods, and also designed hybrid recommendation strategies that utilize
these models together. Recommendation system architectures consist of three main
groups: CF models, CBF models, and deep learning-based models. In addition, hybrid
approaches using different model outputs together have been developed.

Within the scope of CF; SVD, KNN, and NMF methods have been used to learn
user-product interaction patterns. In the CBF approach, TF-IDF and Cosine Similarity
have been used to identify similarities based on event characteristics. In hybrid models,
Weighted, Cascade, and Switching approaches have been utilized to combine CF and
CBF models. Finally, within the scope of deep learning, NCF, Autoencoder, and LSTM

models have been used to model nonlinear and temporal relationships.
4.1 Collaborative filtering-based models

CF models generate recommendations by identifying similar users or similar
activities based on users' past interactions. The SVD model is based on decomposing the
user-activity interaction matrix into low-dimensional latent factors. This method
enhances generalization ability by transforming high-dimensional sparse matrices into a
more compact representation. During the training process, interaction types have been
converted into latent scores, and users with at least five interactions have been included
in the model. In the KNN-based model, predictions are made by measuring the proximity
between similar users or similar activities. The NMF model creates a more interpretable
latent structure by dividing the interaction matrix into two non-negative matrices. The

hyperparameter ranges of the developed models are given in Table 7.
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Table 7

The hyperparameter ranges of the developed models

Model

Hyperparameter Range

SVD

“N_Factors” : [50 —200]
“N_Epochs”: [10 — 50]
“Lr_All”: [0.001 — 0.01]
“Reg All” :[0.01 — 0.05]

KNN

“K”: [20 — 80]
“Min K”: [1 - 5]

NMF

“N_Factors” : [50 — 150]
“N_Epochs”: [30 — 100]
“Reg Pu”:[0.06 —0.1]
“Reg Qi”:[0.06 — 0.1]

4.2 Content-based filtering models

The CBF model generates similarity-based recommendations by utilizing the

textual and structural features of events. For this purpose, event name, category,

subcategory, and organizer information are processed as text data. 100-dimensional text

representations have been created for each event using the TF-IDF vectorization method,

and then the proximity between events has been calculated using cosine similarity.

Numerical and categorical features have been scaled and combined to obtain the final

feature vector. The user profile is created by taking the weighted average of the feature

vectors of the activities the user interacts with. The feature groups used in the CBF model

are given in Table 8.

Table 8

The feature groups used in the CBF model
Feature Group Size Weight
TF-IDF Text Properties 100 0.4
Numerical Properties 3 0.3
Categorical Properties 25+ 0.3

4.3 Hybrid model approaches

Because no single model delivers the best performance in all scenarios, hybrid

strategies combining CF and CBF models have been developed. In the weighted

combination approach, the scores of the two models are linearly combined. In this study,
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alpha = 0.6 and beta = 0.4 have been used by default. In addition, cascade and switching
strategies have been applied, and model selection has been made based on the number of
user interactions.

The Weighted strategy has been used to achieve more balanced results. Cascade
has been adopted for new users due to its cold start resistance. Switching has been

preferred for real-time systems due to its adaptive nature.

4.4 Deep learning based models

Deep learning models have been used to capture complex and nonlinear user-
activity relationships. The NCF model generates predictions by combining user and
activity embeddings with multilayer neural networks. Both Generalized Matrix
Factorization (GMF) and MLP structures are used in the model. The Autoencoder model
is used to reduce the user-activity matrix to a lower-dimensional representation. More
robust representations are learned by using input data with added noise. The LSTM model
aims to predict the next interaction by considering the temporal interaction sequences of
users. Fixed-length interaction sequences are generated using the scrolling window

method. The hyperparameter ranges of the developed models are given in Table 9.

Table 9
The hyperparameter ranges of the developed models

Model Hyperparameter Range
NCF “Embedding_Size” : [64]
“Neuron” : [128, 64, 32]
“Dropout” : [0.2]
Autoencoder “Encoding_Size”: [32]

“’Hidden_Layers™: [256 — 128]
“Dropout_Rate™: [0.2]
“Noise Factor”: [0.1]

LSTM “?Array_Length”: [10]

“Embedding_Size” : [64]

“Neuron” : [128, 64]
“Dropout”: [0.3]

All experiments have been monitored using the MLflow framework.

Hyperparameters, training and validation metrics, model files, and system resource usage
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have been recorded. This allowed for systematic and repeatable comparisons between

models.

S RESULTS OF THE DEVELOPED MODELS

The performance of the developed prediction models has been evaluated using the
Precision, Recall, Accuracy, and F1-Score. Table 10 shows the Precision, Recall,

Accuracy, and F1-Score values for the prediction models.

Table 10
Precision, Recall, Accuracy, and F1-Score values for the prediction models.
Model Precision Recall Accuracy F1-Score
SVD 0.0190 0.0143 0.0237 0.0159
KNN 0.0010 0.0006 0.0019 0.0007
NMF 0.0380 0.0287 0.0423 0.0313
ContentBased 0.1550 0.1223 0.2115 0.1312
Hybrid 0.0770 0.0599 0.0860 0.0647
NCF 0.1680 0.1340 0.2280 0.1450
Autoencoder 0.1420 0.1120 0.1890 0.1230
LSTM 0.1750 0.1410 0.2350 0.1520

Evaluating the success of recommendation systems is approached differently
compared to other problems. While a classification problem involves a model choosing
between two or a few classes, recommendation systems present the user with hundreds
or even thousands of classes to choose from. Therefore, identifying the right
recommendations from a large pool of candidates is a much more difficult problem.
Furthermore, user preferences can change over time. For example, a user might be
interested in a concert today, but next month they might prefer a theater play or a sporting
event. This time-dependent preference drift makes it difficult to model user behavior
statically and requires recommendation models to adapt to changing interests over time.

This, in turn, increases model complexity. According to the results obtained:
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1. The most successful performance has been achieved by the LSTM model. In the
recommendation systems literature, an Accuracy value in the range of 20-30% is
considered acceptable performance in many scenarios. Obtaining Precision of
0.1750, Recall of 0.1410, Accuracy of 0.2350, and F1-score of 0.1520 with the
LSTM model shows that the model learns user preferences and interaction
patterns more effectively and can produce more accurate recommendations.

2. The NCF model exhibited strong performance with Precision of 0.1680, Recall of
0.1340, Accuracy of 0.2280, and F1-score of 0.1450. It is thought that it can learn
nonlinear relationships in user-activity interactions thanks to its deep learning-
based structure.

3. The Content-Based Filtering model also produced successful results. This
situation shows that the model provides stable and competitive performance
thanks to its use of category, description, and content information related to
activities.

4. Classical collaborative filtering methods performed below expectations. One of
the main reasons for this is the high sparsity rate of the user-activity matrix,
approximately 88%. Since collaborative filtering methods generate
recommendations based on common interactions between users or activities, the
sparse data structure reduces the accuracy of similarity calculations.
Neighborhood-based methods like KNN are more affected by data sparsity. It is
also thought that SVD and NMF methods did not learn enough of the latent factors
representing user preferences.

5. The hybrid model, on the other hand, showed weak performance. One of the main
reasons for this is thought to be the impact of the collaborative filtering component
on the hybrid structure. Although content-based filtering offered a successful
structure, the classical collaborative filtering method significantly affected the
hybrid model.

These comprehensive evaluations have demonstrated the complex nature of the
recommendation problem. It has been observed that the performance of different methods
can vary depending on the structure and characteristics of the dataset. Nevertheless, the
LSTM model demonstrated the most successful performance, achieving the highest

results in all evaluation metrics.
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6 DETAILS OF THE SYSTEM

The system architecture is shown in Figure 1.

Figure 1
The system architecture
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PRESENTATION LAYER
Web UI (React) oAl o eas Admin Panel REST Client
\ \\ // J
e )
API GATEWAY - Flask (Port 5000)
{ [health J { [load_data J ‘ [load_models } {/recommendlﬂ [lrecommendlsimilar} [events J ‘ [stats ‘
CORS ¢ JSON ¢ Error Handling * Rate Limiting )
g o ~ .
SERVICE LAYER DATA LAYER
\ ‘ Dataloader } ‘ Preprocessor J tFeatureEngineer [ CSV Files J L PostgreSQL J ( Redis Cache J
( ModelTrainer ] { ModelEvaluator J 1 Logger } [ MLflow } { File Storage J
. it BN R X J
N
MODEL LAYER (6 Models)
Traditional ML , Do Learming -
SVD KNN MF Content-Based Neural CF Autoencoder LSTM |
Parallel, joblib | Séve|15-1-0VB - - )
, 12
' MONITORING
MLflow Ul | Prometheus Grafana k Loguru ‘/ Alerts

The system architecture is based on the principles of Layered Architecture and
Modular Design. This layered structure allows each component of the system to be
independently developed, tested, and deployed. The Separation of Responsibilities (SoC)

principle is applied in the system.
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The system consists of five main layers. The APl Gateway Layer includes Flask
REST API - 8 endpoint components. A Flask-based REST architecture has been preferred
for the API layer; auxiliary tools such as Pydantic, PyYYAML, Loguru, and joblib are
integrated for data validation, configuration, and support operations. The Service Layer
includes Dataloader, Preprocessor, FeatureEngineer, ModelTrainer, and ModelEvaluator
components. The Data Layer includes CSV files and an optional Redis cache. The Model
layer contains machine learning-based models. Data loading, data cleaning, feature
extraction, and model training are performed in separate Python modules. Model training
processes and performance metrics are monitored with MLflow. Python 3.10+ is used in
the backend and modeling layers. For data processing, core scientific libraries such as
pandas, NumPy, and SciPy have been used. Traditional machine learning and deep
learning frameworks such as scikit-learn, scikit-surprise, and TensorFlow/Keras have
been used together to develop different approaches to the recommendation system. For
experiment monitoring and model management, MLOps processes with MLflow and
TensorBoard have been supported, enabling the recording, comparison, and visualization
of model outputs. Modern software development practices have been adopted for
infrastructure and system sustainability. PostgreSQL and Redis met data storage and
caching needs, while the SQLAIchemy ORM layer offered on-demand data access ease.
The pytest ecosystem has been used for testing processes, and Black, Flake8, and MyPy
have been used for code quality, aiming for a sustainable and readable codebase. For
visualization, both static and interactive analyses have been performed using Matplotlib,
Seaborn, and Plotly. Finally, Docker and Docker Compose have been actively used for
system deployment and scalability.

Screenshots of the developed system are given in Figures 2 and 3.
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Figure 2

Central control panel.

Dashboard

Welcome to EventAl

£ Reload Data © Reload Models

The central control panel displays the total number of users, the number of events,

the number of interactions, and the model's readiness status.

Figure 3

Central activity panel.
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Events can be easily viewed on the Explore events page.
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7 TESTING PROCESS OF THE SYSTEM

The developed system has been tested using different performance metrics. The

results obtained from the system tests are given in Table 11.

Table 11
The results obtained from the system tests
Performance Metric Measured Value
Unit Test Coverage %87
API Throughput 80.28 reg/s
Average Latency 124.56 ms
Error Rate %0
Model Inference Time <3s
Prediction Latency ~50ms
8 DISCUSSION

The following contributions have been obtained with the developed system:

— The system demonstrated a Precision@10 with an 18.76% success rate on cold
starts with three different hybrid strategies offered by combining CF, CBF, and
Deep Learning techniques.

— Platform users are presented with recommendations tailored to their interests, past
behaviors, and preference patterns.

— The activity discovery process for users has become faster, more efficient, and
more satisfying.

— Users are more likely to encounter content that appeals to their tastes. This allows
users to stay on the platform longer.

— User satisfaction has increased, contributing to higher levels of user loyalty and

engagement.
9 CONCLUSION
This study presents a system addressing the event/activity-based recommendation

problem to help users find the right activities more quickly on activity platforms. In this

context, different recommendation models have been developed, including CF, CBF, and
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deep learning-based filtering. Among the developed models, LSTM demonstrated
superior performance, achieving the highest results in all evaluation criteria. The
presented system enabled users to find activities faster. Future works are recommended
to investigate the impact of features such as the rarity ratio of the user-activity matrix on
the performance of hybrid recommendation methods and to develop more effective hybrid

approaches accordingly.
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