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Abstract: In an increasingly digital era, technological advancements have transformed the way people shop and interact with e-commerce 

platforms. E-commerce offers a wide range of products and services online, but consumers often feel overwhelmed by the sheer number of 

choices. The importance of efficient and relevant services for consumers is a significant consideration in developing e-commerce systems. One 

effective solution is implementing a recommendation system that helps consumers find products that match their needs and preferences. This 

study develops an e-commerce recommendation system using neural collaborative filtering and content-based filtering methods, integrated with 

an interactive dashboard to improve user experience. With a learning rate of 0.01 and a batch size of 32, the developed neural collaborative 

filtering model shows a low testing error of 0.0705 and precision, recall, and F-measure of 0.9583, 0.8251, and 0.8867, respectively. The content-

based filtering method uses the Cosine Similarity technique, achieving an Average Precision of 0.804 and an accuracy of 80%. The interactive 

dashboard was successfully developed to support system evaluation and user engagement. This study provides benefits for consumers who can 

find products according to their needs more quickly and for e-commerce business owners who can reach consumers more efficiently. 

 

Keywords: Recommendation system, Content-based filtering, Hybrid recommendation system, Neural collaborative filtering, E-commerce. 

 

1   INTRODUCTION 

 

In the digital era, transforming traditional commerce into e-commerce has revolutionized consumer behavior and business 

operations. With an expansive selection of online products and services, consumers often face challenges in identifying items that 

align with their preferences and needs. The proliferation of e-commerce platforms has enabled businesses to expand their market 

reach and foster greater competition in the global digital economy. According to the study by Nazir and Roomi [1], e-commerce 

empowers businesses, especially small and medium enterprises, to improve efficiency and engage with geographically dispersed 

customers. In Indonesia, the e-commerce user base increased by 12.79% in 2022, reaching 158.65 million users, with projections 

estimating an additional 33.5 million users by 2029 [2]. This growth underscores the pressing need for practical tools to help 

consumers navigate vast product catalogs and make informed purchasing decisions.  

 

To address this challenge, recommendation systems have emerged as essential components of modern e-commerce platforms. 

These systems analyze user data, such as purchase history, ratings, and preferences, to generate relevant product suggestions, 

thereby enhancing user satisfaction and accelerating decision-making [3]. Numerous studies have highlighted the dual benefits of 

recommendation systems: improving consumer experiences and helping businesses reach their target audiences more effectively 

[4]. However, despite their growing popularity, conventional recommendation systems often struggle with limitations such as data 

sparsity, cold-start problems, and lack of scalability.  
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To address these challenges, recent literature has focused on hybrid methods that combine content-based and collaborative 

filtering and leverage big data and deep learning technologies. Content-based filtering and collaborative filtering are two widely 

adopted approaches in recommendation systems. The former suggests items based on the similarity between a user's past 

interactions and product attributes, while the latter relies on similar users' preferences. Although several studies have explored 

these techniques independently, integrating them into a hybrid model has demonstrated promising improvements in 

recommendation quality. For instance, Sami et al. [5] developed a hybrid model that incorporates content-based filtering using TF-

IDF and cosine similarity to recommend items based on specific attributes, such as user-defined genres, while Yun et al. [6] 
highlighted collaborative filtering's potential to leverage user reviews for more personalized recommendations. While recent 

hybrid models have significantly improved accuracy, they often operate as black-box systems, providing results without an 

accessible interface for stakeholders to interpret the decision-making process behind the recommendations. 
 

Recent advancements in Artificial Neural Networks (ANN) and deep learning have introduced a transformative approach to 

collaborative filtering, enabling systems to model complex nonlinear relationships in large datasets. Composed of interconnected 

layers of neurons, these neural models have shown superior performance in predictive tasks, including recommendation systems. 

Specifically, Hiroki et al. [7] demonstrated the effectiveness of neural collaborative filtering in handling both sparse and abundant 

multicriteria evaluation data, directly addressing the persistent challenge of data sparsity while enhancing predictive accuracy. 

Furthermore, recent literature has highlighted that deep learning approaches can significantly outperform conventional techniques. 

For instance, an efficient deep learning approach for collaborative filtering proposed in recent studies [8] overcomes the 

computational challenges and limitations of traditional methods such as matrix factorization and K-nearest neighbor (KNN) in 

capturing deep behavioral patterns. Integrating these advanced neural architectures with collaborative filtering thus presents a 

highly effective approach to address the shortcomings of existing systems. 
 

However, effective recommendation systems require accurate prediction algorithms and user-centric visualization tools. 

Interactive dashboards serve as an effective interface for presenting recommendation outcomes, enabling users to explore 

personalized suggestions in real time and providing business stakeholders with actionable insights into consumer behavior. 

Tschinkel demonstrated the usefulness of recommendation dashboards for visualizing recommendation outputs and improving 

user interaction with recommendation systems [9]. However, the integration of ANN-based collaborative filtering with interactive 

dashboards in e-commerce remains relatively underexplored. Previous studies attempted to enhance recommendation systems 

using machine learning and hybrid techniques. Jayalakshmi et al. used K-Means clustering and KNN for movie recommendations 

but encountered limitations due to high computational complexity and sensitivity to data sparsity [10]. Similarly, systems based 

solely on traditional algorithms often require explicit rating data, limiting their applicability in implicit feedback scenarios. These 

shortcomings suggest a need for more adaptive, scalable, and interpretable solutions, particularly in large-scale e-commerce 

environments where data heterogeneity is prevalent.  
 

The present study addresses these challenges by proposing a hybrid recommendation system model that combines content-

based filtering and neural collaborative filtering. This system is integrated into an interactive dashboard to deliver real-time, 

personalized recommendations to users. The proposed model processes e-commerce data to provide accurate predictions and 

dynamic visualizations. The integration of ANN helps overcome the sparsity issue often encountered in collaborative filtering, 

while the interactive dashboard bridges the gap between algorithmic complexity and user accessibility. This study makes several 

contributions to the field. First, it demonstrates the application of ANN to collaborative filtering in a hybrid e-commerce 

recommendation system. Second, it integrates an interactive dashboard as a key visualization tool, offering insights into user 

preferences and system performance. Third, the system supports consumers by providing more relevant recommendations and 

assists businesses in understanding consumer trends and behaviors. 
 

Closely related literature includes hybrid recommendation models using deep learning and data analytics. For instance, recent 

architectures have utilized Transformer-based and graph-based recommender architectures to improve recommendation 

performance, particularly in modelling complex user-item relationships and sequential interactions [11]. However, these complex 

models frequently require substantial computational resources and lack seamless integration with real-time end-user interfaces. 

Few studies incorporate a neural-based filtering approach that balances algorithmic depth and dashboard responsiveness. 

Combining these technologies in a single system highlights a research gap in existing literature, where most models either focus 

solely on algorithmic improvements or lack interactive visualization capabilities. This study addresses this gap by offering a 

lightweight yet robust ANN-NCF framework directly coupled with an interactive dashboard. Therefore, this study aims to develop 

an interactive dashboard-based recommendation system that utilizes hybrid methods, specifically content-based filtering and 

neural collaborative filtering, to improve recommendation accuracy and usability.  
 

The novelty of this study lies in integrating neural collaborative filtering with content-based filtering and developing an 

interactive dashboard to enhance user experience. This approach is expected to improve system performance and end-user 

satisfaction, offering a comprehensive solution that bridges data analytics, artificial intelligence, and user interface design in e-

commerce environments. This study aims to achieve high accuracy by applying optimal hyperparameter combinations to develop 

a hybrid recommendation system. It is then integrated into an interactive dashboard to help consumers efficiently find products 

that match their preferences in an e-commerce setting.  
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This study helps consumers find suitable products more efficiently, enhancing their shopping experience. For e-commerce 

businesses, it supports product targeting and operational efficiency. It also provides a foundation for future research and 

technological development and contributes to inclusive and sustainable digital economic growth. This study presents an integrated 

framework that combines Neural Collaborative Filtering, content-based filtering, and an interactive visualization dashboard. By 

connecting predictive modeling with user-focused interpretability, the system delivers accurate recommendations and actionable 

insights for decision-making. Deployment in a Streamlit-based environment further improves accessibility and practical use in 

real-world e-commerce applications. 

 

2   THEORETICAL REFERENCE 
  

This section discusses basic concepts and prior research relevant to recommendation systems, e-commerce, and the 

implementation of interactive technology. Recommender systems play an important role in modern e-commerce platforms, 

especially in helping consumers quickly and efficiently find products that match their preferences. Recommender systems are 

generally divided into two main approaches, namely content-based filtering and collaborative filtering. Content-based filtering 

suggests products based on their similarity to products previously liked or purchased by users. In this approach, cosine similarity 

is often used to measure the similarity between items in the recommendation system [12]. This approach relies heavily on existing 

product descriptions or features. Meanwhile, collaborative filtering relies on information from the behavior of other users with 

similar preferences. User reviews and ratings are often used to improve the quality of recommendations in this approach. 

Collaborative filtering is generally divided into two types: user-based and item-based, both of which aim to find similarities in 

preferences between users or items based on user interaction data [5], [6]. 

 

However, both approaches often face several challenges, such as data sparsity, cold-start problems, and scalability issues. Data 

sparsity occurs when there is little interaction data between users and products, making it difficult to find useful patterns for 

recommendations. The cold-start problem occurs when the system must provide recommendations for new users or products with 

insufficient historical data. To overcome these problems, hybrid methods that combine the strengths of content-based filtering and 

collaborative filtering have been widely applied to address the limitations of each approach [13]. Alongside technological 

developments, several recent studies have begun integrating ANN into recommendation systems. The use of ANN enables the 

modeling of more complex relationships in user data, such as non-linear interactions between user preferences and the products 

offered. ANN can help alleviate data sparsity problems and improve prediction accuracy in recommendation systems compared to 

traditional methods such as matrix factorization and KNN [14]. 

 

In addition to algorithmic accuracy, the visualization of recommendation results is an important aspect of improving user 

experience. The use of interactive dashboards that allow users to explore recommendation results can improve users' understanding 

of the recommendation system and provide businesses with better insights. Good visualization can make complex data more 

accessible and understandable to users, thereby increasing user interaction and satisfaction with the recommendation system [15]. 

Recent developments also highlight the importance of deploying recommendation systems through web-based platforms to 

increase accessibility and scalability. Streamlit, a Python-based framework, has emerged as a popular tool for building and 

deploying interactive dashboards due to its simplicity and flexibility in integrating data visualization and machine learning models 

[16]. By providing more interpretable recommendation outputs, interactive interfaces can improve perceived transparency and 

user satisfaction, while also supporting more informed decision-making in e-commerce settings [17]. 

 

3   MATERIALS AND METHOD 

 

This study proposes the development of a product recommendation system model for e-commerce platforms, integrated with 

an interactive dashboard. The recommendation system combines two primary approaches: neural collaborative filtering and 

content-based filtering. The implementation of neural collaborative filtering is intended to enhance prediction accuracy by 

capturing complex and non-linear patterns in user interaction data. In addition to algorithmic improvements, this study also 

incorporates an interactive dashboard designed to support both customers and business stakeholders. The dashboard facilitates 

users in discovering products aligned with their preferences and assists business owners in analyzing consumer behavior more 

effectively, enabling informed decisions in marketing and product strategies.  

 

The overall methodological framework of this study is illustrated in Fig. 1. As shown in the flowchart, the research is 

conducted through a structured six-stage process. First, the data input stage involves collecting the Amazon Sales Dataset. Second, 

in the data cleaning stage, the raw data is refined by handling missing values (NaN) in the rating_count variable and processing 

16 data attributes to ensure data quality. Third, Exploratory Data Analysis is performed to identify user-item interaction patterns 

and dataset sparsity. Fourth, building a recommendation system model is the core technical phase where a hybrid approach is 

developed. This involves the Neural Collaborative Filtering path, which uses deep latent layers, and the Content-Based Filtering 

path, which uses product attributes. Fifth, the model evaluation stage uses classification metrics (Precision, Recall, and F-Measure) 

to validate the recommendation accuracy. Finally, the model deployment stage concludes with the creation of a recommendation 

system dashboard using Streamlit, providing an interactive interface for users. 
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Fig. 1. Block diagram of the proposed method 

 

The integration of these two approaches into a hybrid strategy is designed to overcome the inherent limitations of individual 

models. Content-Based Filtering helps address the cold-start problem by using product attributes to recommend new items with 

insufficient interaction history. Simultaneously, Neural Collaborative Filtering (NCF) helps overcome the limitations of Content-

Based Filtering by learning complex, non-linear relationships from existing user-item interactions through its deep neural layers. 

This hybridization enables the system to maintain high recommendation relevance even in scenarios of high data sparsity, 

providing more robust and accurate performance compared to using NCF or Content-Based Filtering in isolation. This dataset was 

released/updated in 2023 and was obtained from the Amazon Open Data Registry (https://registry.opendata.aws/). It is beneficial 

for understanding market dynamics and consumer preferences. In this study, product names, reviews, and descriptions are used to 

match products to user preferences via content-based filtering. In contrast, in collaborative filtering, attributes such as user ID, 

product ID, and rating score are used to analyze user interaction patterns with products and recommend products based on similar 

user preferences. Products are recommended based on similarities in user preferences and interaction patterns identified from the 

interaction data. This study is limited to sales data and user interactions with products available on the Amazon e-commerce 

platform, so the results reflect user preferences based on historical platform data. 

 

3.1. Data Preprocessing 

 

Data preprocessing is an important step to ensure data quality before further analysis [18]. The process begins with data 

cleaning, which removes unwanted characters, such as currency symbols and commas, from the price column and converts the 

data type to the appropriate format. Next, missing values were handled to avoid bias and maintain data integrity [19]. This study 

uses the Amazon Sales Dataset, which comprises 16 variables, including product identifiers, user information, and rating metrics. 

During the initial assessment, the dataset contained 1,465 entries. Analysis of the data integrity revealed that while most variables 

were complete, the rating_count variable contained two missing values at indices 282 and 324. The two missing entries in the 

rating_count variable were removed during preprocessing because they represented only a negligible proportion of the dataset. 

These missing values were handled to avoid bias and maintain data integrity. The resulting clean dataset features 1,191 unique 

users and 1,334 products, with a total of 1,465 interactions. Once the data was cleaned, the Exploratory Data Analysis stage was 

conducted to identify patterns, detect anomalies, and gain initial insights through descriptive statistics and visualizations [20].  

 

3.2. Content-Based Filtering 

 

A content-based filtering method is used to recommend products based on the product's characteristics. This process starts 

with feature engineering by concatenating the product name, product reviews, and product descriptions into a single textual feature 

named "Product.Detail". After that, the data is preprocessed by cleaning the text and applying Term Frequency-Inverse Document 

Frequency (TF-IDF) weighting to assign higher weights to informative terms. The TF-IDF vectorization was performed using the 

default Scikit-learn configuration with unigram tokenization and without additional restrictions on document frequency or 

vocabulary size. TF represents the frequency of a term within a product description. Meanwhile, the IDF value is determined using 

the following formula [21]. The text preprocessing stage includes conversion to lowercase, removal of punctuation, and stop-word 

removal before applying the TF-IDF transformation. Stemming and lemmatization were intentionally omitted to preserve the 

contextual meaning of product and brand names. 

 

W𝑖,𝑗 = {
1 +  𝑙𝑜𝑔10 𝑡𝑓𝑡,𝑑              𝑖𝑓 𝑡𝑓𝑡,𝑑 > 0 

 0                                          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (1) 

  

IDF = 𝑙𝑜𝑔 (
𝑛

ⅆ𝑓𝑖

) (2) 
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where ‘n’ represents the total number of product descriptions, while ⅆ𝑓𝑖 refers to the number of product descriptions containing 

term ‘i’. Next, the weighted terms are used to calculate the degree of similarity between products using cosine similarity, which 

measures the similarity between two text vectors [22]. The formula for Cosine Similarity calculation is as follows. 

 

SIM(𝑡𝑎, 𝑡𝑏) =
𝒕⃗𝒂⋅𝒕⃗𝒃

|𝒕⃗𝒂|𝒙|𝒕⃗𝒃|
=

∑ 𝑡𝑖,𝑎𝑡𝑖,𝑏
𝑛
𝑖=1

√∑ 𝑡2
𝑖,𝑎√∑ 𝑡2

𝑖,𝑏
𝑛
𝑖=1

𝑛
𝑖=1

 
(3) 

 

where 𝑡𝑎 and 𝑡𝑏 are multi-dimensional vectors of term sets 𝑇 = 𝑡1, 𝑡2, … , 𝑡𝑛 ,each dimension in the vector reflects a term with its 

non-negative weight in the document. Cosine Similarity always has a non-negative value and ranges from zero to one [23]. The 

cosine similarity matrix was computed using the cosine_similarity() function available in the Scikit-learn library. As shown in (3), 

the result is a similarity value that shows how similar one product is to another product [24]. 

 

3.3. Neural Collaborative Filtering 

 

Neural Collaborative Filtering (NCF) is a technique in recommendation systems that utilizes neural networks to model the 

complex relationship between users and items. In NCF, embedding vectors for users and items are learned through a deep learning 

process, enabling the model to capture the non-linear relationships between them, resulting in more accurate and personalized 

recommendations [25]. This technique has been shown to be more effective in handling large and complex data sets than traditional 

approaches such as matrix factorization and nearest neighbors [26].  The process begins with creating the embedding layer, where 

the number of unique users and items is identified, and embedding vectors are generated for each. Next, the embedding vectors of 

both users and items are flattened and concatenated into a single vector. This vector is passed to the first dense layer, which consists 

of 128 neurons and uses a ReLU activation function to learn interactions between users and items. After the model is constructed, 

the dataset is split into 80% for training and 20% for testing.  

 

The training data is used to help the model learn interaction patterns between users and items, while the testing data is used 

to evaluate its predictive accuracy. A fixed random seed of 42 was used during data partitioning to ensure reproducibility. The 

embedding process converts users and items into low-dimensional vectors representing their preferences and characteristics. This 

allows the neural network to capture complex relationships later used to predict ratings and recommend items [27]. An illustration 

of the neural collaborative filtering model formation scheme is shown in Figure 2 below. As shown in Figure 2, the NCF model 

formation involves embedding layers, followed by concatenating the user and item vectors into a single vector, which is then 

passed through deeper neural network layers. ReLU activation functions enable the model to capture non-linear relationships, 

leading to an output layer that predicts the likelihood of user-item interaction for recommendation [28]. Finally, the model is 

optimized using the training and testing data split. The training data teaches the model about interactions between users and items, 

while the testing data assesses the accuracy of its predictions [29].  

 

The embedding dimension was selected empirically after preliminary experiments balancing predictive performance and 

model complexity. The NCF framework allows the model to learn the interaction between user and item embeddings through 

multiple layers of neural networks. To ensure reproducibility and optimal performance, the neural architecture is configured with 

an embedding dimension of 50 for both users and items. The model is trained with the Adam optimizer at a learning rate of 0.01 

and uses Binary Cross-Entropy as the loss function. The training process consists of 20 epochs with a batch size of 32. The number 

of epochs was selected based on the observed convergence behaviour of the training loss. To enhance generalization and prevent 

overfitting, a Dropout regularization layer with a rate of 0.2 is integrated into the architecture. 

 

The prediction for a user 𝑢 on an item 𝑖 is formulated as a neural interaction through the Multi-Layer Perceptron. The predicted 

score 𝑦̂𝑢𝑖 is calculated as follows: 

 

 𝑦̂𝑢𝑖 = σ(ℎ𝑇  ϕ(𝑃𝑇𝑣𝑢
𝑈 ,  𝑄𝑇𝑣𝑖

𝐼)) (4) 

 

where 𝑣𝑢
𝑈 and 𝑣𝑖

𝐼  are the latent embedding vectors,  𝜙 represents the neural network transformation, and σ is the activation function 

(Sigmoid) that produces the final prediction. The model is optimized by minimizing the Binary Cross-Entropy (BCE) loss function. 

Since the recommendation task was formulated using implicit feedback, observed user-item interactions were represented as 

positive instances (1), while unobserved interactions were treated as negative instances (0). Therefore, Binary Cross-Entropy was 

adopted as the optimization loss function. 

 

𝐿 = − ∑ [𝑦𝑢𝑖 log(𝑦̂𝑢𝑖) + (1 − 𝑦𝑢𝑖) log(1 − 𝑦̂𝑢𝑖)]

(𝑢,𝑖)∈𝒴∪𝒴−

 (5) 
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Fig. 2. NCF model formation scheme [30] 

 

3.4. Model Evaluation 

 

Classification performance evaluation can be done by measuring accuracy, precision, recall, and F-measure. False Positive 

(FP) occurs when negative data is incorrectly predicted as positive. True Positive (TP) occurs when positive data is correctly 

predicted as positive. True Negative (TN) occurs when negative data is predicted as negative. False Negative (FN) occurs when 

positive data is incorrectly predicted as negative. Precision is calculated using the equation (6). 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (6) 

 

The equation used to calculate the recall value is shown in (7). 
 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (7) 

 

F-measure is the harmonic mean of precision (P) and recall (R), which represents the system's performance. The equation 

used to calculate the F-measure is shown in (8). 
 

𝐹_𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2𝑃𝑅

𝑃 + 𝑅
 (8) 

 

3.5. Deployment Model and Interactive Dashboard Development 
 

The final stage of this study involves deploying the recommendation system through an interactive dashboard. This dashboard 

was developed using Python and the Streamlit framework for its simplicity in creating responsive web applications. Initially, the 

dashboard was created and tested locally before being uploaded to a GitHub repository for public deployment, allowing wider 

accessibility [31]. The development process began with integrating essential libraries for data processing, visualization, and user 

interface development. Once the page configuration and external style enhancements were completed, product data was loaded 

efficiently to support interactive user exploration. The dashboard itself is divided into two main sections: "Dashboard" and 

"Application". In the Dashboard view, key performance metrics such as the number of users, available products, and total sales 

are presented. Data visualizations, including bar charts showing the most popular categories, subcategories, and products, were 

generated using the Plotly library, known for its interactive, aesthetically appealing output. For each query, the system returns the 

Top-10 highest-ranked product recommendations. 
 

The Neural Collaborative Filtering (NCF) approach in the system analyzes purchasing behavior and user ratings. A user-item 

interaction matrix is constructed and used to learn latent user and item representations using the NCF model. Based on the learned 

latent representations, the system predicts user preferences and recommends items with the highest predicted relevance. This 

method allows the system to capture hidden patterns in user preferences. On the other hand, the Content-Based Filtering approach 

leverages product descriptions. These descriptions are transformed into vector representations using TF-IDF, and cosine similarity 

is then used to measure product similarity. As a result, when a user selects a particular product, the system can suggest other items 

with similar features or attributes. This helps ensure that the recommendations remain relevant even when user interaction data is 

limited.  
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4   RESULTS AND DISCUSSIONS 
 

The combination of hyperparameters, such as learning rate and batch size, is evaluated to optimize the model performance. 

Table 1 presents experimental results for different hyperparameter combinations, specifically the effects of learning rate and batch 

size on training and testing errors. The evaluated learning rates and batch sizes were selected empirically through preliminary 

experiments to identify a stable convergence region for the proposed model. 

 

Table 1. Hyperparameter experiment results 
 

Combination 
Learning 

Rate 

Batch 

Size 

Training BCE 

Loss 

Testing BCE 

Loss 

Combination-1 0.01 32 2.093 × 10-3 0.0705 

Combination-2 0.01 64 1.993 × 10-3 0.0778 

Combination-3 0.01 128 6.933 × 10-3 0.2323 

Combination-4 0.01 256 1.106 × 10-3 1.0152 

Combination-5 0.100 32 3.789 × 10-3 0.3025 

Combination-6 0.100 64 1.067 × 10-3 0.7437 

Combination-7 0.100 128 8.744 × 10-3 1.8216 

Combination-8 0.100 256 8.461 × 10-3 3.1296 

Combination-9 0.001 32 3.476 × 10-3 1.6641 

Combination-10 0.001 64 1.961 × 10-3 2.5840 

Combination-11 0.001 128 3.754 × 10-3 3.9600 

Combination-12 0.001 256 1.528 × 10-3 4.6140 

 

Based on the results in Table 1, the combination of a learning rate of 0.01 and a batch size of 32 (Combination-1) achieves the 

best performance, with the lowest testing error of 0.0705, indicating an optimal balance between learning and generalization. 

Meanwhile, the combinations with a learning rate of 0.1 exhibited substantially higher test errors, particularly at larger batch sizes, 

as seen in Combination-8, which had a test error of 3.1296. On the other hand, combinations with a learning rate of 0.001 produced 

considerably higher testing errors, particularly Combination-12, which reached 4.6140. From this comparison, it can be concluded 

that the learning rate and batch size substantially influence model performance and generalization. A larger batch size is also 

associated with higher testing errors, possibly because it affects the model's convergence. Therefore, the combination of a learning 

rate of 0.01 and a batch size of 32 can be considered the optimal configuration for this model. These experimental results imply 

that the selection of hyperparameters significantly affects the model's performance. 

 

The learning rate 0.01 and batch size 32 yielded the lowest average loss, so they are used to train the model to achieve better 

performance. The loss graph in Figure 3 shows that the model converged quickly. The training loss decreased sharply at the start 

of training and stabilized near zero after the 5th epoch. The model performance evaluation produced a precision value of 0.9583, 

a recall of 0.8251, and an F-measure of 0.8867. To further validate the effectiveness of the proposed model, a comparative 

evaluation was conducted against several baseline recommendation methods, including user-based and item-based collaborative 

filtering and matrix factorization. All baseline methods were implemented using the same dataset, preprocessing procedure, and 

identical 80:20 train-test split (random seed = 42) to ensure a fair comparison. 

 

Table 2. Benchmark comparison of recommendation system performance 
 

Model Precision Recall F1-score 

User-Based CF 0.81 0.72 0.76 

Item-Based CF 0.84 0.75 0.79 

Matrix Factorization 0.89 0.78 0.83 

Proposed NCF Hybrid 0.95 0.82 0.88 

 

As shown in Table 2, the proposed NCF-based hybrid model consistently outperforms traditional baseline methods across all 

evaluation metrics. This result highlights the advantage of incorporating neural-based interaction modeling in capturing complex 

user–item relationships, leading to more accurate recommendations. The hyperparameter tuning process revealed that the model 

achieves optimal convergence at 20 epochs. The learning curves show a steady decrease in Binary Cross-Entropy loss, with the 

test error stabilizing at 0.0705, suggesting the model learns effectively without significant overfitting. Parameter sensitivity 

analysis showed that a learning rate of 0.01 provided the best balance between training speed and stability; higher rates led to 

erratic loss fluctuations, while lower rates resulted in slower convergence. Furthermore, a batch size of 32 provided the most 

consistent gradient updates for this dataset. 

 

 

http://www.ijeresm.com/
https://doi.org/10.58482/ijeresm.v5i3.3


 

International Journal of Emerging Research in Engineering, Science, and Management 

Vol. 5 | Issue 3 | pp. 44-54 | Jul-Sep 2026. 

www.ijeresm.com | eISSN – 2583-4894  
Received: 14 Mar 2026 | Revised: 16 Jun 2026 | Accepted: 22 Jun 2026 | Published: 22 Jul 2026 

 

IJERESM@2026    https://doi.org/10.58482/ijeresm.v5i3.3                   51 
 

Table 3 shows the test results of the content-based filtering method in recommending products based on similar features. For 

LG Smart LED TV products, the highest similarity score of 0.54 is obtained against Acer 139 Ultra HD and Acer S Series HD 

products. This value indicates that both products have characteristics that are quite similar to LG Smart LED TV, such as screen 

resolution or display technology. Other products such as the OnePlus Y Series 4K Ultra HD and Sony Bravia Ultra HD Smart LED 

also have similarity values above 0.40, which indicates similarity on certain features although not as high as the first two products.  

 

 
 

Fig. 3. Training and testing Binary Cross-Entropy loss across epochs (For Combination-1) 

 
Meanwhile, for the Samsung Galaxy M13 (Stardust Brown), it can be seen that the other color variants of the same 

product, Aqua Green and Midnight Blue, obtained very high similarity scores of 0.99 and 0.98, respectively. This indicates that 

the system is able to accurately identify products with identical features, especially when there are only minor differences such as 

color. The test results of this content-based filtering-based recommendation system show an Average Precision (AP) value of 0.804 

and 80% accuracy, which indicates that this system is quite effective in providing relevant product recommendations for users. A 

recommendation was considered correct when the cosine similarity score exceeded the predefined relevance threshold of 0.40. 

Average Precision (AP) was computed following the standard Information Retrieval definition using the ranked Top-K 

recommendations. The high AP value indicates that the system is able to provide recommendations that are relevant to user 

preferences, while the accuracy rate of 80% indicates that the majority of recommendations generated are indeed in accordance 

with the target product. 

 

To validate the effectiveness of the proposed hybrid NCF-CBF model, a comparison was conducted against standalone 

baseline algorithms. Experimental results show that while standalone Content-Based Filtering achieved an accuracy of 80% and 

traditional KNN-based Collaborative Filtering struggled under the high dataset sparsity (99.91%), the proposed hybrid model 

demonstrated superior performance. The sparsity level was calculated as 1 −
1465

1191∗1334
, where 1465 represents the observed user-

item interactions, while 1191 and 1334 denote the numbers of unique users and products, respectively. The integration of neural 

layers allowed for capturing non-linear interactions that are often missed by Matrix Factorization, resulting in a significantly lower 

testing error (0.0705) and higher precision (0.9583). This comparison demonstrates that the hybrid approach effectively mitigates 

the limitations of individual baseline models in a sparse e-commerce environment. 

 

Table 3. Sample content-based filtering test results 
 

Product Name 

LG Smart LED TV Samsung Galaxy M13 (Stardust Brown) 

Product 

Similarity 

Similarity 

Score 

Product 

Similarity 

Similarity 

Score 

Acer 139 Ultra HD 0.54 Samsung Galaxy M13 (Aqua Green) 0.99 

Acer S Series HD 0.54 Samsung Galaxy M13 (Midnight Blue 0.98 

OnePlus Y Series 4K Ultra HD 0.47 Samsung Galaxy M13 (Stardust Brown) 0.99 

Sony Bravia Ultra HD Smart LED 0.45 - - 

 

The e-commerce recommendation system dashboard, as shown in Fig. 4 and Fig. 5, is designed to provide a more personalized 

and relevant user experience. By leveraging transaction data and user preferences, the system can improve customer satisfaction 

by presenting product recommendations that align with their needs and interests. The dashboard displays important information, 

such as the number of users, available products, and total sales.  
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Fig. 4. Dashboard menu of e-commerce recommendation system 

 

 
Fig. 5. Application menu of e-commerce recommendation system 

 

In addition, there are visual charts that display the most popular product categories and the highest-rated categories, making 

it easier for users to understand product trends. The e-commerce recommendation system dashboard can be accessed through the 

following link: https://ecommerce-recommendation-system.streamlit.app/. This recommendation system works using Collaborative 

Filtering and Content-Based Filtering. Neural Collaborative Filtering predicts user preferences by learning latent user-item 

interactions through neural network embeddings. Meanwhile, Content-Based Filtering recommends products based on similar 

characteristics of products users have purchased or searched for. Users can select the appropriate recommendation method through 

the application menu, as shown in Fig. 5. 
 

To facilitate product search, users can select a particular category. The system will then display a list of recommended products 

based on similarity score, rating, number of reviews, and price. With this information, users can compare products more easily 

before purchasing. Overall, the e-commerce recommendation system dashboard improves users' shopping experience by enabling 

more accurate, relevant product discovery. By integrating innovative recommendation methods, the system enables users to 

efficiently find products that best suit their preferences. The scope of this study is restricted to a single Amazon dataset and a 

functional system evaluation. Subsequent research may include multiple datasets, integration of real-time feedback, and user-based 

assessments. 
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5   CONCLUSION 

 

This study proposes a hybrid recommendation system integrating Neural Collaborative Filtering and content-based filtering 

within an interactive dashboard framework. The results demonstrate that the proposed approach not only improves 

recommendation accuracy but also enhances interpretability through interactive visualization. The main contribution of this study 

lies in combining advanced neural modeling with user-centric system design, supporting the integration of predictive performance 

and practical usability in e-commerce environments. The current implementation was evaluated only through functional and 

computational testing, and no formal user-based usability study was conducted. The present study is limited to a single Amazon 

dataset and functional system evaluation. Future work may validate the proposed framework using multiple datasets, incorporate 

contextual features and real-time user feedback, and conduct comprehensive user-based evaluations to further improve 

recommendation performance.  
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