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ABSTRACT

Recommender systems play an important role in helping users discover relevant content in environ-
ments characterized by information overload. However, existing approaches often struggle to balance
recommendation relevance and user engagement. Collaborative filtering is constrained by data sparsity
and the cold-start problem, whereas content-based methods that rely on textual features may not fully
capture dynamic user preferences. This study aims to develop a hybrid deep learning-based recom-
mendation model that improves both recommendation relevance and user engagement. The proposed
method integrates collaborative filtering via Neural Matrix Factorization (NeuMF) with content-based
filtering via a Long Short-Term Memory (LSTM) text encoder, employing an early-fusion strategy. An
experimental research method was applied using synthetic user–item interaction data. Model perfor-
mance was evaluated using ranking metrics (Precision@10, Recall@10, and NDCG@10) and engage-
ment metrics (Click-Through Rate and Average Completion Ratio). The results show that the hybrid
model outperforms the baseline models. It achieves Precision@10 of 0.143, Recall@10 of 0.112, and
NDCG@10 of 0.139, which exceed those of both the NeuMF-only and LSTM-only models. In terms
of engagement, the hybrid model also records the best performance with a CTR of 0.0017 and an ACR
of 0.0090. These findings indicate that integrating user–item interaction patterns with semantic content
representations can significantly enhance recommendation quality and user engagement, providing a
more effective solution for content-rich digital platforms.
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1. INTRODUCTION
In today’s digital era, users are confronted with an enormous volume of content across online platforms-ranging from articles,

videos, and social media to learning materials. The phenomenon of information overload necessitates recommendation systems
capable of filtering and presenting relevant content to users, thereby enabling a more personalized and meaningful user experience [1,
2]. Traditional recommendation systems primarily focus on predicting interaction metrics, such as clicks or ratings, but recent studies
show that optimizing solely for clicks or immediate engagement is insufficient to sustain users’ long-term engagement with a platform.
A study by [3] shows that although many recommender systems successfully increase direct engagement metrics, they often fail to
maintain long-term user involvement. In addition, research in [4] highlights that users’ affective and emotional responses toward
content significantly influence perceived relevance, indicating that click-based prediction alone no longer adequately represents user
satisfaction.

Within digital platforms such as OTT services, recommendation algorithms play a critical role not only in content discovery
but also in strengthening user loyalty and retention [5]. Nevertheless, existing studies reveal that most recommendation systems
continue to evaluate performance primarily in terms of accuracy and computational efficiency, with limited attention to holistic
user engagement [6]. Similar limitations are observed in educational platforms, e-learning environments, and other content-based
systems, where deeper engagement indicators such as content completion, repeated interactions, and sustained usage behavior are
often overlooked. As a result, many systems are able to recommend relevant content but remain ineffective in fostering meaningful
and long-term user engagement [7–9].

Hybrid recommendation approaches that combine Collaborative Filtering and Content-Based Filtering have been widely ex-
plored to overcome the limitations of single-method models. Prior studies consistently report improvements in recommendation
accuracy, diversity, and user satisfaction when hybrid strategies are applied [10, 11]. However, most existing hybrid models still rely
on conventional or shallow feature representations, thereby limiting their ability to capture semantic content, sequential user behavior,
and engagement-oriented interaction patterns. Consequently, these approaches remain constrained in predicting not only what users
are likely to click, but also how deeply users will engage with the recommended content.

Recent advances in deep learning provide new opportunities to address these limitations through representation learning, se-
quential modeling, and semantic text understanding [12]. Several studies have explored the integration of Neural Collaborative
Filtering with text-based content representations and demonstrated improvements in recommendation relevance [13]. Nevertheless,
most existing work focuses on relevance-based optimization, whereas user engagement is often treated as an indirect outcome rather
than as an explicit modeling objective. In addition, prior hybrid deep learning approaches rarely employ early-fusion strategies
that integrate latent user–item interaction representations and sequential textual embeddings at the representation level, which lim-
its their ability to capture fine-grained engagement signals. Moreover, empirical evaluations in existing studies predominantly rely
on ranking-based accuracy metrics, with limited validation using engagement-oriented indicators such as content completion and
repeated interactions [14, 15].

Based on these observations, a clear research gap remains in developing recommendation systems that jointly model user–item
interactions, semantic content representations, and engagement-aware signals within a unified deep learning framework. This study
addresses this gap by proposing a Hybrid Deep Neural Recommender that integrates Neural Matrix Factorization and an LSTM-based
text encoder through an early-fusion strategy. Unlike prior hybrid approaches, the proposed model is designed to simultaneously en-
hance recommendation relevance and explicitly capture users’ engagement potential, including content completion behavior and
repeated interactions. By shifting the focus from accuracy-only optimization toward relevance and engagement-aware recommen-
dation, this research contributes to the development of more adaptive, contextual, and user-centric recommender systems capable of
delivering a holistic user experience.

2. RESEARCH METHOD
This study employs an experimental approach with a structured workflow consisting of four main stages. The first stage is data

acquisition and preprocessing, which includes collecting user–item interaction data, followed by data cleaning, variable transforma-
tion, encoding, and preparing textual representations to be processed by the LSTM Text Encoder [16]. The second stage is hybrid
model construction, where the recommendation architecture is designed by integrating NeuMF, which models user–item interac-
tions through embeddings, with LSTM, which processes content descriptions to produce semantic representations [17]. The third
stage involves training and optimization, covering model training using modern optimization algorithms, early stopping mechanisms,
learning-rate adjustments, and regularization techniques to prevent overfitting [18]. The fourth stage is evaluation, which assesses
model performance across two key aspects: recommendation relevance, measured by metrics such as Precision@K, Recall@K, and
NDCG@K, and user engagement, measured by CTR and ACR. This sequence of stages is designed to provide a comprehensive
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evaluation of the effectiveness of the Hybrid Deep Neural Recommender approach in improving recommendation quality while si-
multaneously enhancing user engagement. The system architecture of the proposed hybrid recommender model is illustrated in
Figure 1.

Figure 1. Research flow diagram

2.1. Data Collection
The data collection process was carried out by gathering 1,000 user interaction records, which in this study are synthetic

datasets created in a controlled manner to simulate user activity toward content on a digital platform [19]. The use of synthetic data
was chosen due to the unavailability of direct access to real interaction data, allowing researchers to flexibly control label distribution,
engagement patterns, and interaction characteristics while still representing conditions that closely resemble real-world environments.
Each data entry represents a single user activity—such as viewing content, reading, responding, or performing a specific action—with
four main components: user id, item id, engagement label, and relevance label. An example of a single data row is: (user id: 15,
item id: 203, engagement label: 1, relevance label: 1). The dataset contains two main target variables: engagement label (0 = low, 1
= high), relevance label (0 = not relevant, 1 = relevant).

The distribution of these labels is visualized in separate charts, showing that high-engagement data is slightly more common
than low-engagement data, with approximately 470 entries labeled 0 and 530 labeled 1. A similar pattern is observed for the relevance
label, with around 380 entries marked as not relevant and 620 marked as relevant, indicating that users tend to engage more with
content perceived as relevant. Additionally, the interaction distribution across users and content items is shown in Figure 2.

Figure 2. Top 20 users with the highest number of interactions

The Top 20 Users with the Highest Number of Interactions chart indicates that a small subset of users account for most inter-
actions, with counts ranging from 7 to 10. This indicates the presence of power users who contribute significantly to overall system
activity. Meanwhile, the Top 20 Most Engaged Content chart reveals that certain content items receive far more interactions than
others, exhibiting a similar pattern in the range of 6–10 interactions. This information is crucial for understanding user preferences
and for developing a hybrid recommendation model. The complete dataset visualizations are presented in the following charts to
provide a comprehensive overview of the data characteristics used in this study.
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2.2. Dataset Preparation

The raw data obtained from user interactions was processed to prepare it for the modeling phase. Of the 1,000 interaction
records, a completeness check (data cleaning) was conducted to ensure that there were no missing values, duplicates, or inconsisten-
cies in columns such as user id, item id, engagement label, and relevance label. Next, all categorical variables-such as user IDs and
content IDs-were encoded using label encoding so they could be processed by numerical models. At this stage, the data was also
normalized using Min-Max Scaling to align feature scales, enabling the model to learn more stably without being affected by differ-
ences in value ranges across features. Subsequently, the dataset was divided into three subsets: 70% for training, 15% for validation,
and 15% for testing. This split ensures that model performance can be evaluated objectively without bias from the training data.

Additionally, to support the hybrid model, extra feature representations were generated, including interaction frequency, user
historical engagement, and content popularity score, extracted from the interaction patterns observed in the previous graphs. These
steps produced a clean, structured, and optimized dataset suitable for training the hybrid recommender model [20]. The results of
this dataset preparation process are presented in Figure 3.

Figure 3. Dataset preparation workflow

2.3. Hybrid Model Architecture

The hybrid model architecture used in this study combines the strengths of collaborative and content-based filtering within a
unified prediction framework. Overall, the model consists of two main components: NeuMF (Neural Matrix Factorization), which
models historical user-item interaction dependencies, and the LSTM Text Encoder, which extracts semantic features from item
descriptions [21, 22]. In the NeuMF component, user and item embeddings are generated through two pathways: Generalized Matrix
Factorization (GMF) and a Multi-Layer Perceptron (MLP). GMF learns linear relationships between entities, whereas the MLP
captures more complex nonlinear patterns through multiple hidden layers. These two pathways are then concatenated to produce
a richer interaction representation, consistent with the standard NeuMF architecture. Meanwhile, the content-based component is
implemented using a Long Short-Term Memory (LSTM) network to process item descriptions. Each description is converted into
a sequence of tokens, embedded, and passed through one or two LSTM layers to extract the semantic context relevant to user
preferences. The final LSTM output produces a content vector that reflects linguistic characteristics of the content, such as theme,
topic, and writing style.

A full visualization of the integration flow between these two components is shown in Figure 4, which illustrates the process
of combining user-item embeddings from the NeuMF module with the content vector produced by the LSTM via an early-fusion
mechanism before entering the fully connected layer. This fusion is performed prior to the prediction layer, allowing the final layer
to learn both interaction and content information simultaneously. It uses a sigmoid activation function to predict the probability
of a match between a user and an item. This hybrid architecture offers advantages in learning historical interaction patterns while
simultaneously understanding content characteristics at the semantic level, thereby generating more relevant recommendations and
increasing user engagement.
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Figure 4. Hybrid recommendation system architecture

To clarify the processing flow of the hybrid model used in this study, the overall procedure is formally described in Algorithm
1. Algorithm 1 presents a summary of the main stages in constructing the Hybrid NeuMF + LSTM architecture, illustrating how user
and item embeddings are processed through the generalized matrix factorization and multilayer perceptron branches in the neural
matrix factorization component, then combined with the semantic content representation produced by the long short-term memory
text encoder via an early-fusion mechanism before entering the final prediction layer.

Table 1. Pembagian data untuk Training dan Testing

Algorithm 1. Hybrid NeuMF + LSTM Text Encoder
1 Initialize all model parameters θ randomly.
2
3 ♯ Building Embeddings
4 Create embedding vectors for users and items.
5 Create text embedding layer for content sequences.
6
7 ♯ Pretraining LSTM Text Encoder
8 for epoch = 1 to E pre do
9 Sample mini-batches (text seq, y text) from D.
10 Forward pass through LSTM to obtain content vector.
11 Compute loss using binary cross-entropy.
12 Update LSTM parameters θ LSTM using optimizer.
13 end for
14
15 ♯ Training Hybrid NeuMF + LSTM
16 for epoch = 1 to E do
17
18 Sample mini-batches (u, i, text seq, y) from D.

(dilanjutkan di halaman berikutnya)
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Tabel 1 (lanjutan)

Algorithm 1. Hybrid NeuMF + LSTM Text Encoder
19
20 ♯ NeuMF Branch (GMF + MLP)
21 u vec←− user embedding(u)
22 i vec←− item embedding(i)
23
24 gmf vec←− elementwise multiply(u vec, i vec)
25 mlp vec←−MLP(concat(u vec, i vec))
26
27 cf vec←− concat(gmf vec, mlp vec)
28
29 ♯ LSTM Text Encoder
30 text emb←− embed(text seq)
31 text vec←− LSTM(text emb)
32
33 ♯ Early Fusion
34 fusion vec←− concat(cf vec, text vec)
35 h←− DenseLayers(fusion vec)
36
37 ♯ Prediction
38 y pred←− sigmoid(Dense(h))
39
40 ♯ Compute Training Loss
41 loss←− BCE(y, y pred)
42
43 ♯ Backpropagation
44 Update all parameters θ with optimizer using loss.
45
46 end for
47
48 return θ

2.4. Model Training
The model was trained using a supervised approach, with the data split into training and validation sets. As shown in Figure 5,

the model was trained for up to 20 epochs with a batch size of 64. To prevent overfitting and preserve the best weights, two callback
mechanisms were used: Early Stopping (patience = 4) and ReduceLROnPlateau, which adaptively reduces the learning rate when
the validation loss does not improve. During training, the three inputs (user, item, and text sequence) were processed in parallel and
optimized using the Adam optimizer, with binary cross-entropy as the loss function.

Figure 5. Model training
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2.5. Evaluation
The model was evaluated using Top-K recommendation metrics, specifically Click-Through Rate (CTR) and Average Com-

pletion Ratio (ACR). A value of K = 10 was chosen because it aligns with common practices in recommendation system research
and reflects a realistic number of recommendations typically presented to users [23, 24]. During the evaluation process, the model
predicts relevance scores for all items for each user, then selects the Top-10 items with the highest scores as recommendations.
Mathematically, Precision@10 measures the proportion of relevant items in the top 10 and is defined in Equation 1.

Precision@10 =
|{relevant items in Top - 10}|

10
(1)

Meanwhile, Recall@10 measures the extent to which the system successfully retrieves relevant items that should have been
recommended and is formulated as defined in Equation 2. This metric assesses the model’s ability to include the set of relevant items
for a given user among the top ten recommendations, thereby reflecting the extent to which the recommendation system captures
user preferences. A higher Recall@10 value indicates that a larger proportion of relevant items are included in the recommendation
list, which is particularly important in scenarios where missing relevant content may negatively affect user satisfaction and perceived
recommendation quality.

Precision@10 =
|{relevant items in Top - 10}|
|{all relevant items for user}|

(2)

To evaluate ranking quality, NDCG@10 was used, as it considers not only the presence of relevant items but also their positions
within the recommendation list. This metric assigns higher importance to relevant items that appear at the top of the ranked list,
reflecting the practical scenario in which users are more likely to interact with higher-ranked recommendations. NDCG@10 is
defined in Equation 3 and provides a normalized measure of ranking performance, enabling a fair comparison across users with
different numbers of relevant items.

NDCG@10 =
DCG@10

IDCG@10
(3)

with

DCG@10 =

10∑
i=1

reli
log2(i+ 1)

(4)

which represents the discounted gain for each item’s position, while IDCG denotes the ideal DCG value. In addition to
relevance, the model was evaluated for user engagement. CTR is calculated as the ratio of Top-10 items that were actually clicked by
users in the test data, as defined in Equation 5.

CTR =
Jumlah klik pada Top-K

Jumlah item Top-K yang direkomendasikan
(5)

Meanwhile, the Average Completion Ratio (ACR) is calculated as the average proportion of content completed by items with
which users interact, as defined in Equation 6. This metric reflects the extent to which users consume recommended content in its
entirety, providing insight into the depth of user engagement beyond initial interaction. A higher ACR value indicates that users are
more likely to complete the recommended content, suggesting that the recommendations are perceived as relevant, engaging, and
valuable.

ACR =
1

N

N∑
i=1

Ci (6)

Where Ci is the completion ratio of content i i. These two metrics provide a realistic picture of the model’s ability not only
to attract users’ attention (via CTR) but also to encourage deeper engagement with content (via ACR). Thus, the Top-K evaluation
reflects the model’s comprehensive performance in real-world recommendation scenarios. The Python code is presented in Figure 6.
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Figure 6. Model evaluation

3. RESULT AND ANALYSIS

This section presents the experimental results for the developed model, along with an analysis of its performance using the
defined evaluation metrics. All findings are organized into several subsections to provide a clear overview of the model’s performance,
learning patterns, and the effectiveness of the proposed approach.

3.1. Hybrid Model Architecture

The hybrid model architecture in this study integrates collaborative filtering and content-based filtering to produce more com-
prehensive predictions. The main components of the model consist of NeuMF (GMF–MLP), which learns historical user–item inter-
action patterns, and an LSTM Text Encoder, which extracts semantic features from content descriptions. In the NeuMF component,
user and item embeddings are processed through two pathways: GMF, which models linear relationships, and MLP, which captures
more complex non-linear patterns. These two pathways are then combined to produce a more informative interaction representation.
In parallel, item text descriptions are processed by an LSTM, which transforms tokens into semantic representations that capture
the content’s topic and characteristics. The resulting text representation is then merged with the NeuMF interaction representation
through an early-fusion mechanism before entering the prediction layer. This integration process allows the model to learn historical
and semantic information simultaneously. As illustrated in Figure 3, the hybrid architecture produces a richer, unified latent vector,
thereby improving the accuracy of relevance prediction and the prediction of engagement potential. The performance results of this
hybrid architecture are presented in Table 2 to assess the model’s effectiveness.

Table 2. Comparison of Hybrid Model Performance vs. Baseline

Model Precision@10 Recall@10 NDCG@10 CTR ACR
Baseline CF (NeuMF) 0.118 0.091 0.104 0.0011 0.0064

Baseline LSTM Content 0.102 0.083 0.097 0.0010 0.0059
Hybrid (NeuMF + LSTM) 0.143 0.112 0.139 0.0017 0.0090

The study results show that the hybrid model combining NeuMF and LSTM achieves the best performance compared with the
baseline models. This is evident from higher Precision@10, Recall@10, and NDCG@10, indicating that the model is more effective
at identifying and ranking relevant items. In addition, improvements in CTR and ACR indicate that the hybrid model generates
recommendations that are more engaging and relevant to users, thereby encouraging higher levels of user interaction. Overall, the
combination of collaborative filtering and content-based approaches is more effective than using a single model.
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3.2. Evaluation
Evaluation of the model’s performance using the training history plot indicates that the training process ran stably and ef-

fectively. This is evident from the consistent decrease in training loss from the early to the final epochs, indicating that the model
learned data patterns effectively. Training accuracy also increased significantly—especially after learning rate adjustments-showing
that the model responded well to the optimization strategy. On the other hand, validation accuracy increased before slightly declining
in the final epoch, whereas validation loss increased steadily, indicating mild overfitting toward the end of training. However, the
early stopping mechanism successfully halted training at the optimal point, ensuring that the model maintained its best performance
without excessive overfitting. Overall, the graph pattern confirms that the model learned effectively and achieved a good balance
between training and validation. The training history graph is presented in Figure 7.

Figure 7. Training history (loss & accuracy)

The training history visualization indicates that the model underwent stable, effective training. This is evident from the con-
sistent decrease in training loss and the increase in accuracy from the beginning to the end of training. Validation accuracy also
improved during the initial epochs, although it declined slightly toward the end, which remains within the normal range. Meanwhile,
validation loss increased, indicating the emergence of mild overfitting after certain epochs. However, the early stopping mechanism
and learning rate adjustments effectively identified the optimal epoch before overfitting became more pronounced. Overall, this
pattern demonstrates that the model learned effectively and achieved optimal performance at the epoch selected by early stopping.
Unlike previous studies, which focused solely on optimizing recommendation accuracy, this research provides stronger empirical
evidence that integrating interaction-based and semantic content representations yields more stable learning performance while also
improving relevance and user engagement.

4. CONCLUSION
This study successfully developed a hybrid recommendation model that integrates Collaborative Filtering based on NeuMF

with a Content-Based LSTM approach. The evaluation results indicate that the hybrid model achieves the best performance compared
with the two baseline models. In ranking evaluation metrics, the hybrid model achieved a Precision@10 of 0.143, Recall@10 of 0.112,
and NDCG@10 of 0.139, which are higher than those of the NeuMF baseline (0.118; 0.091; 0.104) and the LSTM baseline (0.102;
0.083; 0.097). In the user engagement evaluation, the hybrid model also achieved the highest performance, with a CTR of 0.0017
and an ACR of 0.0090, indicating that the recommendations produced are not only accurate but also more effective at driving user
interaction. The training history analysis confirms that the model learned in a stable manner, as evidenced by a reduction in training
loss from 0.6928 to 0.6161 and an increase in training accuracy from 0.5329 to 0.6929. Although the validation loss increased during
several of the final epochs—indicating mild overfitting-the early stopping mechanism halted training at the optimal epoch (epoch
4), thereby preserving the model’s performance. Overall, this study demonstrates that combining user interaction features with
content information significantly improves recommendation quality and provides a strong foundation for developing more adaptive
and effective recommendation systems.
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