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ARTICLE INFO ABSTRACT

This paper examines the use of a Restricted Boltzmann Machine (RBM)

Q”‘C_'e L“S“’ry to provide personalized product recommendations on a niche coffee e-
o commerce platform facing cold-start conditions. We train RBM
Accepted variants on a binary transaction matrix derived from 100 simulated user

transactions and evaluate four hidden-unit configurations (3, 5, 10, 15)
using 5-fold cross-validation. Models were trained with Contrastive

gm‘igis Divergence (CD-1) and assessed primarily by Mean Squared Error
E-commerce (MSE) for reconstruction fidelity, complemented by ranking metrics
Recommendation System (Precision@3, NDCG@3). The 10-hidden-unit configuration achieved
Restricted Boltzmann Machine the best balance of reconstruction and ranking performance, with an

average test MSE = 0.0454, outperforming popular-item (MSE: 0.0802)
and random (MSE: 0.0760) baselines. While the RBM demonstrates
strong capability in modeling latent user preferences under sparse data,
ranking metrics expose limitations when predicting exact top-N items
in extremely sparse cases. The study highlights practical implications
for early-stage niche marketplaces and suggests integrating content
signals or hybridization to further improve top-N recommendation
quality.

This is an open access article under the CC-BY-SA license.

1. Introduction

Information technology has experienced rapid advancement. This progress significantly drives
digital transformation across various sectors. The commercial domain is one notable example. E-
commerce represents a popular innovation among consumers. Its easy access and flexible shopping
experience contribute to its popularity [1]. For niche e-commerce platforms, such as those focused on
coffee products, the ability to deliver a personalized experience is a key differentiator. However, such
platforms often face a critical obstacle, namely the ‘cold-start problem,” where the absence of
historical interaction data prevents recommendation systems from functioning effectively [2].
Integrating artificial intelligence (Al)-based recommendation systems emerged as a promising
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solution to this issue. Numerous approaches have been utilized in the development of recommendation
systems, including content-based filtering, collaborative filtering, and model-based techniques such
as neural networks. The cold-start problem has three primary manifestations. The "new user" problem
occurs when customer preference data is unavailable. The "new item" problem arises when a product
has insufficient interaction data for recommendations. The "new system™ problem affects new
platforms with a general lack of initial data [3]. For a niche e-commerce platform like the one in this
study, this challenge is particularly detrimental. A new user who receives generic or irrelevant coffee
recommendations may quickly lose interest, leading to lost sales opportunities and a poor initial user
experience that hinders long-term customer retention.

Several techniques exist to mitigate these challenges, with content-based filtering being a
prominent approach. This method functions by recommending items based on an analysis of their
attributes. It demonstrates particular effectiveness in addressing the new item cold-start problem, as a
new coffee product can be immediately recommended based on its metadata (e.g., bean origin, roast
level, flavor notes) without any prior purchase history. However, content-based systems are heavily
reliant on rich and well structured metadata. They can lead to over-specialization, often failing to
recommend novel items outside a user's established taste profile . Consequently, many modern
systems employ hybrid models that combine collaborative and content-based techniques to leverage
the strengths of both [4].

To address the cold-start challenge, various techniques have been proposed, ranging from
traditional collaborative filtering approaches [7] to more advanced deep learning architectures [13].
While traditional methods can be effective, they often struggle with the extreme data sparsity inherent
in cold-start scenarios. Deep learning models, including Deep Belief Networks (DBN) [30], have
shown promise in capturing more complex user-item relationships. Among these, the Restricted
Boltzmann Machine (RBM), a generative stochastic neural network, has emerged as a powerful
unsupervised method for collaborative filtering [5].

Previous research has demonstrated the effectiveness of RBM in various recommendation
domains. For instance, Hazrati and Elahi [5] incorporated visual features with RBM to address the
new item problem in video recommendations. Similarly, hybrid models combining RBM with other
techniques like K-Nearest Neighbors have been successfully applied for movie recommendations
[16]. Other studies have also explored variations of RBM for different recommendation tasks [15, 18,
28]. However, much of the existing research focuses on platforms with established data or specific
types of cold-start (e.g., new item). The application and performance evaluation of RBM in the unique
context of a newly launched, niche e-commerce platform simulating a "system cold-start” where
almost no data exists, remains an underexplored area. Therefore, the novelty of this research lies in its
practical implementation and analysis of RBM's capability to model user preferences under conditions
of extreme data sparsity, providing a specific case study for SME e-commerce platforms.

Among these various approaches, the Restricted Boltzmann Machine (RBM) has presented a great
potential as an unsupervised learning mode in building effective recommendation systems, especially
in scenarios with limited data, as in the case of the cold-start problem [5].

While these methods have their merits, this study focuses on the Restricted Boltzmann Machine
(RBM) due to its unique advantages in the context of a new and data-scarce platform. Unlike many
traditional models, RBMs excel at learning from implicit feedback in this case, purchase data alone,
without requiring explicit user ratings. More importantly, as a generative model the RBM possesses
the capability to learn deep, latent features. These learned features are crucial because they represent
non-obvious relationships that exist between different products. This allows the model's understanding
to extend beyond simple popularity patterns and grasp the underlying tastes of users, a function that
is vital when historical data is scarce [5].

Characterized as a probabilistic graphical model, the Restricted Boltzmann Machine (RBM) is a
specific type of stochastic neural network. An energy-based approach is central to the model’s core
learning process. This is accomplished through an energy function that assigns a unique scalar value
for every possible configuration between the visible and hidden units. The model's objective is to
adjust its weights and biases to learn a probability distribution over the data that minimizes this energy
function for observed data points. In simpler terms, more plausible configurations representing
common user purchase patterns are assigned a lower energy and thus have a higher probability of
being generated by the model. This energy-based approach enables the RBM to capture complex, non-
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linear relationships within the data, making it a powerful tool for collaborative filtering [5]. Through
their preliminary research, Hinton and Salakhutdinov have demonstrated the significant effectiveness
of RBM for collaborative filtering tasks. Unlike conventional matrix factorization methods, RBM
learns from latent relationships between products, not just interaction frequency. Several prior studies
have confirmed that RBMs, as energy-based models, can generate more personalized
recommendations compared to traditional techniques particularly in sparse data environments such as
e-commerce platforms [6].

This capability is relevant because one of the most significant challenges in recommendation
systems is the cold-start problem, which occurs when insufficient data is available for new users or
products. RBM has been successfully applied to mitigate this limitation. However, the application of
RBM in particular e-commerce domains, such as coffee products, especially for newly launched
platforms with limited data, has been rarely explored. This research attempts to fill this gap and aims
to implement the RBM algorithm on a newly developed coffee e-commerce platform, evaluating its
performance through Mean Squared Error (MSE) and training time. RBM’s recommendations are
compared to baseline methods of popular item and random recommendation to determine their relative
performance [7].

This study is expected to contribute to the development of Al-based recommendation systems in
the e-commerce sector, particularly for platforms that operate with limited historical data. The
application of RBM in the context of coffee product sales offers a specific and practical case study
that enriches the body of literature on recommendation systems for small and medium enterprises
(SMEs) and local product markets.

2. Method

In this research, the Restricted Boltzmann Machine (RBM) algorithm serves as the main
component for developing the recommendation model through an experimental-based implementation
approach. All processes from implementation and training to evaluation were carried out using Python
and the PyTorch framework on Google Colab, enabling efficient data processing and visualization of
output. Fig 1 illustrates the workflow of the proposed recommendation system, which begins with
user data input, proceeds with model training, and culminates in product recommendations as output.

INPUT . PROCESS . QuTPUT

—» Prepocessing Data

I=» REM Model Training -——-—

Product Recommendations
Displayed to Users in the
System Interface

User interaction data and . . o
product preferences . N

> Model Evaluation |

L Model |

Fig. 1.Workflow diagram of the RBM-based product recommendation system

The workflow for implementing the system is illustrated in Fig. 1. The process begins with the
Input stage, which consists of user interaction data. This is followed by the Process stage, which
includes data preprocessing, RBM model training, evaluation, and model integration, ultimately
producing Output in the form of product recommendations for users

2.1. Dataset and Preprocessing

The experiment uses a simulated transaction dataset representing a newly-launched coffee
marketplace. The dataset contains 100 user transactions and 48 unique products; the binary user—item
matrix entries indicate purchase presence (1) or absence (0). The dataset was intentionally designed
to be highly sparse (=95%) to emulate cold-start conditions. We applied standard preprocessing steps
(deduplication, binarization) and used 5-fold cross-validation to obtain stable estimates of model
performance. In this process, the dataset was partitioned into five distinct subsets, commonly known
as "folds." The model underwent iterative training on four folds while being tested on the one
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remaining subset. This procedure was repeated five times to ensure that every subset served once as
the test set. The final performance metric for each RBM configuration was calculated by averaging
the Mean Squared Error (MSE) across all five test iterations. This approach minimizes the risk of
performance bias that can arise from a single, arbitrary train-test split. It provides a more stable
estimate of the model's effectiveness on unseen data [8]. It is important to clarify that this study utilizes
a simulated dataset instead of collecting real-world data or using questionnaires. This methodological
choice is deliberate and essential for addressing the core research problem: the "system cold-start"
scenario. In such a scenario, where an e-commerce platform is newly launched, historical transaction
data is inherently unavailable. Therefore, simulating a highly sparse dataset is the most effective
approach to replicate this specific condition and evaluate the model's performance from day one.

This study uses a simulation dataset to reflect coffee product transactions on a new e-commerce
platform. This dataset was deliberately created with a sparsity level of 95% to mimic cold-start
conditions, where most products have minimal purchase history. A sample of 100 user transactions
was taken from this dataset to form the experimental data. This data was then transformed into a binary
user-item matrix with 100 rows (representing unique user transactions) and 48 columns (representing
unique products). The detailed specifications of the data used are summarized in Table 1.

Table 1. Specification of Simulated Data

Component Value
Number of Products 48
Number of Users 100

Sparsity Level 95%
Data Format Binary Matrix (0/1)
Data Source Simulated Coffee Transaction

2.2.RBM Model Architecture and Training

We implemented a binary-visible binary-hidden RBM trained with Contrastive Divergence (CD-
1). To improve reproducibility, record the initialization and training settings explicitly in the
manuscript (e.g., weight initialization method, optimizer details, random seed, batch size). In our
experiments we compared four hidden-unit sizes (3, 5, 10, 15) using the following training
configuration: 50 epochs, learning rate 0.05, and MSE loss for reconstruction. For clarity, we also
provide the high-level training loop in pseudo-code (appendix or supplementary material) so that the
procedural description does not rely solely on textbook definitions.

Epochs: 50

Learning rate: 0.05

Loss function: Mean Squared Error (MSE)

Training Algorithm: Contrastive Divergence (CD-1)
An experimental workflow was established in which the RBM algorithm served as the core engine
for personalized recommendations on a simulated e-commerce dataset as the core of a
recommendation system for e-commerce platforms. In this implementation, RBM is modeled as a
stochastic two-layer network, where hidden neurons capture latent representations of coffee product
preferences through cross-layer interactions, in which the visible and hidden layers interact through
cross-layer connections while remaining independent within each layer. The model is designed to
learn latent patterns in users' purchase behavior. These training parameters were established based on
preliminary experiments to ensure effective learning. The learning rate of 0.05 was selected as it
provided stable convergence during training, offering a good balance between model accuracy and
computational efficiency. Similarly, 50 epochs was determined to be sufficient for the model's
reconstruction error to converge on the training data without exhibiting significant signs of overfitting
on the test sets used in the cross-validation process.

2.3. Evaluation Metric

The input data for this model is structured as a binary transaction matrix. In this matrix, each row
represents a unique order, while each column represents a specific product. A value of 1 indicates the
presence of a product in an order, and a value of O indicates its absence. The training process consisted
of 50 epochs, during which weights were updated using the Contrastive Divergence algorithm [9].
Model performance was evaluated by computing the Mean Squared Error (MSE) between the original

Emilia Hesti et.al (Personalized Product Recommendations Using Restricted Boltzmann Machine)



ISSN 2579-7298 International Journal of Artificial Intelegence Research 5
Vol 9, No 1.1 (2025)

input and the reconstructed output on the test data. Training time was recorded for each configuration
to assess learning efficiency. A quantitative evaluation metric is needed to measure the model's
accuracy and reliability. This study chose Mean Squared Error (MSE) as the primary metric to assess
the model's performance [10]. The evaluation includes measuring prediction accuracy using MSE and
analyzing training efficiency across different configurations of hidden units. The Mean Squared Error
(MSE) metric quantifies how accurately the RBM reconstructs unseen transactions, serving as a direct
indicator of model generalization in Equation (1):

MSE (Mean Squared Error):
MSE = ~ 37 (v, — 9;)? @

Where v; is the actual value, ¥; is the reconstructed value predicted by the RBM, and n n is the
total number of input elements.

In addition to MSE for reconstruction accuracy, This metric quantifies the reconstruction fidelity
of the RBM; lower values indicate closer reconstructions. Precision@k / Recall@k /
NDCG@k:measures the proportion of relevant items found in the top-k recommendations [11]. They
are defined as:

Precision@k:
o |Recommended, N Relevant|
Precision@k = T (2)
Recall@k:
|Recommended; N Relevant|
Recall@k = 3)

|Relevant|

Where Kk is set to 3 for this study. "Relevant Items" are the products a user actually purchased in
the test set, and "Recommended Items @k" are the top-k products suggested by the model.

To evaluate the quality of the ranking position, Normalized Discounted Cumulative Gain
(NDCG@k) was also used. NDCG assesses whether relevant items are placed at the top of the
recommendation list [12]. It is calculated by dividing the Discounted Cumulative Gain (DCG) by the
Ideal Discounted Cumulative Gain (IDCG), as shown in Equation (4).

NDCG@K = beeoK 4
~ IDCG@K )
Where DCG@K is defined in Equation (5):
K
DCG@K = rel 5
- log, (i + 1) ®)
i=1

In Equation (5), rel; is the relevance of the item at position ; (1 if relevant, O otherwise). IDCG@k
is the DCG score of a perfectly ranked list. This metric rewards models for placing more relevant
items higher in the recommendation list.

2.4.Comparative Method (Baseline)

This study implemented two baseline methods, namely popular item recommendations and random
recommendations. The popular item method is implemented by recommending the top 3 products
with the highest total purchase frequency across the entire dataset. Meanwhile, the random
recommendation method is implemented by selecting three products at random from the whole list of
available products, ensuring no duplicates appear in a single set of recommendations. This comparison
was conducted to evaluate the superiority of the RBM approach in providing more relevant and
personalized recommendations [8][13].

The researchers compared the output of the RBM model with two conventional comparison models
to establish a performance benchmark: a popular item recommender and a random recommender. The
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popular item method ranked products based on overall purchase frequency, whereas the random
recommendation selected products without considering user preferences. These benchmarks were
used to assess the effectiveness of the RBM in generating more relevant and personalized suggestions
[13]

3. Results and Discussion

In this chapter, the study presents objective research findings based on the conducted experiments.
The presentation includes the optimization results of the model architecture, the performance
comparison with baseline methods, and the specific analysis of the model’s capability in handling
cold-start scenarios. Each result is described clearly to emphasize the effectiveness and reliability of
the proposed model in practical applications.

3.1.Model Architecture Optimization via Cross-Validation

The RBM model was trained and evaluated across four distinct hidden unit configurations (3, 5,
10, and 15) to identify the optimal architecture. Performance was measured using 5-fold cross-
validation to ensure the stability and reliability of the results. Table 2 summarizes the average Mean
Squared Error (MSE) and standard ranking metrics for each configuration on the test data.

Table 2. Performance Evaluation of RBM with Different Hidden Unit Configurations
. . Avg. MSE Avg. Avg. Avg.
Hidden Units (Test Data)  Precision@3 Recall@3 NDCG@3
3 0.0477 0.035 0.090 0.013
5 0.0460 0.041 0.110 0.016
10 0.0454 0.050 0.150 0.020
15 0.0483 0.037 0.100 0.014

Table 2 reports the cross-validated performance for each hidden-unit configuration. Increasing the
hidden layer size from 3 to 10 reduced average test MSE, suggesting improved capacity to capture
latent purchase patterns; however, the 15-unit model shows a slight increase in MSE indicative of
overfitting on this small dataset. Ranking metrics (Precision@3, Recall@3, NDCG@3) also peak at
the 10-unit setting, supporting its selection as the operational model. These results imply that for
highly sparse, niche datasets a moderate hidden dimensionality balances expressiveness and
generalization.

The RBM’s architecture consists of two layers: a visible layer, which represents observed variables
(such as coffee products), and a hidden layer, which captures the latent user preferences. The model
was trained using the Contrastive Divergence (CD-1) algorithm to minimize the gap between input
data and its reconstruction.

N : J
Fig. 2.lllustration of the Restricted Boltzmann Machine (RBM) architecture with five visible units and three
hidden units
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The recommendations generated by the RBM model were compared against two baseline methods:
popular items and random recommendations. This figure illustrates the fundamental structure of the
RBM used in this study. The bottom layer consists of visible units (V1-V5), which represent the
observable data—in this case, the individual coffee products in the transaction matrix. The top layer
contains hidden units (H1-H3), which learn to capture latent features or underlying patterns in user
preferences that are not explicitly visible in the data. The key characteristic of the "Restricted"
architecture is that connections only exist between the visible and hidden layers, with no connections
within a layer itself. This structure allows for efficient training using the Contrastive Divergence
algorithm.

3.2. Comparative Performance Against Baseline Methods

To contextualize the RBM's effectiveness, its performance was benchmarked against two standard
baseline methods: popular items and random recommendations. The RBM model's optimal
architecture (10 hidden units) demonstrated markedly superior performance in data reconstruction.

0.10

0.0802

0.08

0.0760

0.06

0.04

Mean Squared Error (MSE)

0.02 1

0.00

REBM (10 units) Popular Items Random

Fig. 3.Comparison of Mean Squared Error (MSE) between RBM and Baseline Methods

The Comparison of Mean Squared Error (MSE) between RBM and Baseline Methods. The MSE
value for the RBM model (10 units) is the average result of 5-fold cross-validation (MSE = 0.0454).
In contrast, the values for the baseline methods (Popular Items and Random) are calculated from
evaluations on a single representative data set (holdout) to determine their baseline performance.

The visual comparison of the MSE values is presented in Fig 3, this significant performance gap
highlights the fundamental limitation of non-personalized models. While the popular item method
captures general trends, it fails to cater to niche tastes. The RBM, on the other hand, successfully
models these individual user preferences by learning the underlying relationships between products,
resulting in a more accurate preference reconstruction.

3.3. Analysis of Recommendation Ranking Performance

A special analysis was conducted on a subset of ‘extreme cold-start' users to measure the model's
robustness in the most minimal data scenario. This subset consists of users with only one transaction
interaction in the dataset. Performance in this user group was evaluated using MSE and NDCG@3
metrics to understand the direct impact of extremely high data sparsity on the accuracy and quality of
the recommendations generated by the model. While MSE measures the model's ability to reconstruct
user preferences, metrics such as Precision, Recall, and Normalized Discounted Cumulative Gain
(NDCG) evaluate the quality of the top-ranked recommendations. For the optimal 10-unit model, the
ranking metrics were calculated as Precision@3 : 0.05, Recall@3 : 0.15, and NDCG@3 : 0.02.

These relatively low scores are not an indication of model failure but rather a testament to the acute
difficulty of the cold-start problem. They reveal a crucial insight: the RBM excels at understanding a
user's overall taste profile (low MSE). However, accurately predicting the exact top 3 items for a user
with minimal data remains a significant challenge. This distinction between reconstruction accuracy
and ranking accuracy is fundamental in data-scarce environments.
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Table 3. Epoch-wise Reduction of Train and Test MSE for RBM with 10 Hidden Units
Epoch Train MSE Test MSE
1 0.0912 0.0783
10 0.0674 0.0571
25 0.0520 0.0487
50 0.0451 0.0454

Table 3 demonstrates how the RBM's reconstruction error steadily converges within 50 epochs,
with a consistent decrease in both training and test MSE. This highlights the model's stability and
learning effectiveness across epochs.

This table demonstrates the learning progression of the optimal RBM model (with 10 hidden units)
over 50 epochs. It shows a consistent decrease in both the training MSE and the test MSE, indicating
that the model effectively learned from the data without significant overfitting. By the final epoch, the
test MSE (0.0454) closely converges with the train MSE (0.0451), highlighting the model's stability
and its ability to generalize well to unseen data. This validates that 50 epochs were sufficient for
achieving effective model training.

3.4. Cold-Start Performance Analysis

As confirmed in an extreme cold-start test (users with one interaction), ranking precision dropped
to 0.005, validating the difficulty of sparse data conditions discussed in Section 3.3

Table 4. Performance Comparison Between General Users and Cold-Start Users

Method Avg. MSE  Precision@3 NDCG@3  User Type

RBM
(10 units) 0.0454 0.050 0.020 All Users
RBM Cold-Start
(10 units) %943 0015 0.0053 (1 interaction)

As shown in Table 4, the model demonstrates consistent reconstruction performance across user
types, with nearly identical MSE scores. However, the ranking quality, as reflected by Precision@3
and NDCG@3, drops significantly in the cold-start group. This supports the assertion that while RBM
effectively captures latent structure, its top-k recommendation precision is constrained under data-
scarce conditions. The findings reinforce the importance of hybrid or content-enhanced systems for
addressing the cold-start problem.

These results highlight the RBM's strength in reconstructing general preferences while also
demonstrating its limitations in top-N recommendation performance under extreme data sparsity
conditions. Thus, in real-world cold-start scenarios, integrating content-based signals or user profile
enrichment may be essential. This training stability further validates the model’s readiness for
practical recommendation deployment under sparse data conditions [14].

3.5. Product Recommendation Analysis

Table 5 presents concrete examples of product recommendations generated by RBM for two user
samples, illustrating the practical effectiveness of this model. examples of product recommendations
generated by RBM for two users based on their purchase history. generated for several users based on
their initial product interactions.

Table 5. Sample RBM-Based Product Recommendations
User ID Purchased Products RBM Recommendations
(Sample) (Top 3)
1 AD-0.2, A-L-1, L-L-2.5, E-D-1

R-M-0.5
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L-D-2.5,

R-L-0.2 A-M-0.5, E-M-1, R-D-0.2

The RBM generated recommendations were contextually more relevant than those from the
baseline models. This table provides concrete examples of the RBM's personalization capabilities. It
shows how the model generates unique recommendations for two different users based on their
distinct purchase histories. For example, the recommendations for User 1 are entirely different from
those for User 2, reflecting the model's ability to capture individual preferences rather than relying on
general popularity. This demonstrates the system's practical output and highlights its superiority over
non-personalized baseline methods, which would have offered the same popular items to both users.

3.6. Heatmap Analysis of Latent Represetation

This heatmap illustrates how different products cluster around specific hidden units, revealing the
model’s capacity to group semantically related items. The y-axis represents the unique product IDs,
and the x-axis represents the hidden units. The color intensity indicates the weight strength, revealing
latent relationships learned by the RBM.

m

PEG Ty

;|
|
o
w

Product

P FPPoP PRI P PP PR Pom
o R LRl ot G L U e OUE ST, =

e T AR P e N N P U P T U NN P W P T R P

i
HO H1 H2 H3 H4 H5 HE HT H8 H9
Hidden Unit

Fig. 4.Weight Heatmap of the Connections between Products and the 10 Hidden Units

The heatmap reveals that products with strong weight connections to the same hidden unit are
likely to be recommended together. For example, as shown in Fig 4, products A-D-0.5 and A-M-1
both exhibit strong positive connection weights (dark red) with Hidden Unit 4 (H4). This indicates
that the model has learned a latent feature, where users who purchase product A-D-0.5 are likely also
to be interested in A-M-1. This pattern suggests that the two products may share the similar hidden
attributes (e.g., flavor profile or specific roasting level) captured by H4. This insight cannot be found
using simple popularity methods alone. This clustering effect suggests that the RBM has learned
meaningful latent structures, which effectively represent underlying relationships among products.
Such representations are crucial for improving personalization in recommendation systems.

In contrast to the strong positive clustering seen in H4, other hidden units learned different types
of relationships. For example, Hidden Unit 7 (H7) exhibits a distinct pattern, characterized by strong
negative weights (dark blue) for certain products, such as 'R-L-0.2" and 'A-L-2.5". This suggests that
H7 may have learned a differentiating latent feature, such as a specific flavor profile (e.g., highly
acidic) or bean type that is distinct from others. A substantial negative weight indicates that products
activating this feature are less likely to be co-purchased with products that do not. This ability to learn
both associative (positive weights) and dissociative (negative weights) patterns further enriches the
model's personalization capabilities. This varied learning across different hidden units reinforces the
claim that the RBM is not merely memorizing but is building a meaningful, multi-faceted
representation of user tastes.
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3.7.Discussion

The experimental results provide several key findings regarding the application of RBM in a niche
e-commerce cold-start scenario. First, the model architecture optimization reveals that a moderate
number of hidden units (10 units) yields the best performance. This implies that for a dataset with high
sparsity, a model with excessive capacity (e.g., 15 units) may lead to overfitting, whereas a model
with too little capacity (e.g., 3 units) cannot adequately capture the complex latent patterns in user
preferences. The reliability of these results is reinforced by our use of 5-fold cross-validation, which
ensures the model was tested multiple times on different subsets of the data to provide a stable estimate
of its performance, directly addressing the need for repeated testing to ensure suitability. One of the
most critical findings of this study is the distinction between the model's reconstruction accuracy and
its ranking accuracy. The significantly lower Mean Squared Error (MSE) compared to baseline
methods demonstrates that RBM is highly effective at learning a user's overall taste profile, even with
minimal data. However, the modest Precision@3 and NDCG@3 scores highlight that accurately
predicting the exact top-3 items a user will purchase remains a significant challenge. This insight is
fundamental for practical applications: the model can successfully identify a broad range of relevant
products for a user, but its precision in top-N ranking is limited by data scarcity, a finding that becomes
even more pronounced in the extreme cold-start user group.

Finally, the qualitative analysis via the weight heatmap (Fig. 4) confirms a crucial finding about
the model's inner workings: the RBM is not merely memorizing purchases but is learning meaningful
latent representations. The clustering of products around specific hidden units suggests that the model
autonomously discovers implicit attributes (e.g., flavor profiles, bean origins) without any explicit
labels. This capability is what allows the system to generate smarter and more personalized
recommendations compared to simple popularity-based models.

3.8. Limitations and Future Research Directions

This study was conducted using a simulated dataset with a limited number of users and products,
which may not fully reflect the complexities of a real-world e-commerce environment. While this
study successfully established performance benchmarks using multiple metrics, the evaluation
highlighted distinct levels of performance for different tasks. The model demonstrated strong
reconstruction accuracy via MSE, but the initial results for ranking metrics (Precision@3, Recall@3,
NDCG@3) were modest. These findings underscore the persistent challenge of top-N
recommendation in cold-start scenarios and suggest that future work should focus on optimizing the
model specifically for ranking-oriented tasks. The model also did not incorporate content-based
attributes, such as product descriptions or coffee bean types, nor did it account for explicit user
feedback [15]. Future research could provide a more robust evaluation by integrating real transaction
data and expanding the scale of the dataset. The model could also be enhanced by combining RBM
with content-based filtering techniques, thereby forming a hybrid approach that enhances
recommendation diversity and accuracy [16]. Model performance can be further improved by
comparing it with more modern deep learning architectures, such as Graph Neural Networks (GNN),
which excel at modeling relationships between items, or Transformer-based models, which are now
widely used for sequential recommendation tasks [17]. Testing the model on a live e-commerce
platform would provide valuable insights into its real-world performance and adaptability. As this
study demonstrates the feasibility of the Restricted Boltzmann Machine (RBM) algorithm, several
limitations remain evident. The research employs a simulated dataset that may not fully represent the
complex conditions of real-world e-commerce environments. The model omits essential content-
based attributes, including product descriptions and direct user feedback, which may reduce its
contextual accuracy. To strengthen future investigations, researchers should validate the model using
large-scale transactional data from actual e-commerce operations. Such validation will enable a more
accurate assessment of the model’s generalization capability. Researchers can further enhance model
performance by integrating RBM with content-based filtering to develop a hybrid recommendation
system. This hybrid approach could improve both the precision and diversity of product
recommendations. To provide a more comprehensive performance benchmark, future studies should
compare RBM with contemporary deep learning architectures, such as Graph Neural Networks
(GNNs) and Transformer-based models, which are widely used for sequential recommendation tasks.
These comparisons will help determine the RBM model’s relative effectiveness within modern
recommendation frameworks.
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4. Conclusion

This study demonstrates the successful application of a Restricted Boltzmann Machine (RBM) for
generating personalized product recommendations in a simulated, niche e-commerce environment
under extreme cold-start conditions. The methodological process yielded several key findings. First,
the optimization process revealed a critical trade-off between model complexity and performance,
with the 10-hidden-unit configuration providing the optimal balance between capturing latent user
preferences and avoiding overfitting on the highly sparse dataset.

Furthermore, a significant finding from the evaluation process is the clear distinction between the
model's strong reconstruction capability and its more modest top-N ranking accuracy. While the low
MSE confirms that the RBM method is highly effective at understanding a user's general taste profile,
the lower NDCG and Precision scores highlight the persistent challenge of high-precision ranking
when historical data is minimal. This insight validates that while RBM can learn meaningful latent
features, as confirmed by the heatmap analysis, its practical deployment in new marketplaces should
ideally be part of a hybrid approach. Therefore, for future work, integrating content-based signals is
highly recommended to enhance top-N recommendation quality. These findings validate RBM's
capability in sparse-data environments and offer practical implications for early-stage e-commerce
platforms seeking scalable and adaptive recommendation systems.
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