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Abstract— Collaborative filtering recommendation systems 

are widely used in digital applications; however, they still face 

challenges such as cold-start and first-rater problems, as well 

as limited accuracy due to their inability to capture complex 

user–item relationships. This study proposes a hybrid 

recommendation model that integrates Matrix Factorization, 

MLP-based Feedforward Neural Network (MLP) and 

Extreme Gradient Boosting (XGBoost). Experiments were 

conducted on two real-world datasets, namely MovieLens 

(movies) and PT XYZ (hotels), to validate the effectiveness of 

the proposed approach. The results indicate that the hybrid 

model consistently outperforms baseline methods such as 

SGD-based Matrix factorization, Matrix factorization 

+MLP, and user/item-based Collaborative filtering. 

Specifically, the integration of nonlinear learning through 

MLP and feature enhancement via XGBoost significantly 

improves prediction accuracy while mitigating cold-start and 

first-rater issues. These findings suggest that hybrid machine 

learning–based approaches can advance the development of 

more adaptive, accurate, and personalized recommendation 

systems. 

 
Index Terms—Collaborative Filtering, Feedforward 

Neural Networks, Matrix Factorization, Recommender 

Systems, XGBoost. 

I. INTRODUCTION 

 ECOMMENDATION systems have become an 

important research topic due to their ability to 

assist users in discovering relevant items from 

large-scale data. These systems aim to automatically 

suggest products or services to users based on their 

preferences and behaviors, thereby reducing the need to 

manually explore large volumes of data [1]. 

Recommendations have become an integral part of daily 

life and are widely used in various applications [2]. 

Collaborative filtering is widely recognized as one of the 

most well-known recommendation algorithms [1][3], 

primarily designed to perform predictions and provide 

personalized recommendations [4]. The cold-start problem 

arises when a user has no prior rating history, making it 

difficult to generate recommendations for such users. 

Another major challenge is the first-rater problem, where 

a new item cannot be recommended until it receives initial 

ratings from users [5]. Therefore, addressing the cold-start 

issue remains an important area for improvement [6]. 

Collaborative filtering is one of the most widely used 

recommendation algorithms [7]. Much research has been 

done in the field of collaborative filtering for 

recommendations [8]. Therefore, one of the challenges in 

research is the use of machine learning algorithms to 

improve the accuracy of recommendations [9]. A hybrid-

based approach in Collaborative Filtering has been used to 

personalize the model [8]. Prior studies show that Matrix 

Factorization effectively addresses sparsity by learning 

latent user–item representations, yet its linear interaction 

assumption limits modeling complex preferences [1], [2], 

[10], [11]. Among these models, the MLP method has been 

widely applied in recommendation. 

Hybrid recommendation systems that integrate Matrix 

Factorization with other learning algorithms have been 

widely explored to improve recommendation performance 

[2]. In particular, tree-based ensemble methods such as 

XGBoost have been applied to collaborative filtering to 

enhance prediction accuracy through feature-based 

residual learning, enabling more personalized 

recommendations [3], [6], [10], [20], [21]. The promising 

performance of XGBoost has motivated further research, 

including the development of the hybrid-based architecture 

proposed in this study [13]. 

Unlike prior Matrix Factorization with XGBoost or 

Matrix Factorization with MLP approaches, this study 

introduces a unified three-stage Matrix Factorization → 

MLP → XGBoost framework enhanced with handcrafted 

global, user, and item statistical features. This combination 

has not been previously explored and is validated on two 

highly sparse real-world datasets, demonstrating 

consistent accuracy improvements. 

II. RELATED WORK 

This section discusses related work encompassing 

Matrix Factorization, MLP, and XGBoost. 

A. Matrix Factorization  

Matrix factorization is widely used to learn latent 

user–item representations in collaborative filtering; 

however, its linear interaction assumption limits its ability 

to capture complex user preferences and cold-start 

scenarios [1][2]. Most conventional matrix factorization 

methods are based on matrix decomposition, where users 

and items are represented by latent factors derived from the 

user–item rating matrix [1][4]. 

This model is employed in recommendation tasks, 

such as matrix decomposition and clustering models [14]. 

Matrix factorization technique [10] works by decomposing 

the user-item rating matrix into the product of two lower-

dimensional rectangular matrices, while assigning 

different regularization weights to the latent factors to 

improve the prediction accuracy [15]. 
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B. Feedforward Neural Network 

The MLP-based Feedforward Neural Network models 

have been adopted in collaborative filtering to capture 

nonlinear user–item interactions beyond matrix 

factorization limitations, enabling more expressive 

preference modeling through multi-layer nonlinear 

transformations [9][12][16][17].  

The advantages of MLP in representing features 

efficiently and flexibly have encouraged researchers to 

develop various deep learning–based collaborative 

filtering models that utilize this architecture [18]. By 

leveraging the ability of MLP to model nonlinearity, this 

algorithm can compute more accurate interactions between 

users and items, thereby improving the quality of 

predictions in recommendation systems [19]. 

C. XGBoost 

XGBoost is employed in this study as a feature-based 

refinement model that learns residual errors from Matrix 

Factorization – MLP predictions through gradient-boosted 

decision trees, enabling accurate rating estimation from 

structured handcrafted features [5][20][21]. 

As a classifier, XGBoost has been widely adopted in 

various machine learning applications due to its efficiency 

and superior performance [22]. In this study, XGBoost is 

employed to predict the final assessment scores assigned 

by users to an item. The algorithm applies an integrated 

learning approach by leveraging multi-classification 

methods and constructing hundreds of decision trees to 

accelerate the training process, thereby producing more 

accurate and stable predictions [10][3]. 

Existing studies combine only two components (e.g., 

Matrix Factorization with XGBoost or Matrix 

Factorization with MLP) and do not integrate all three 

stages with handcrafted features. No prior work evaluates 

such a hybrid model across multiple sparse domains, 

leaving a gap that this study addresses.  

III. THE PROPOSED RECOMMENDATION  

MODEL 

The user–item rating matrix is first decomposed using 

Matrix Factorization to learn latent representations of users 

and items. These latent vectors are concatenated and 

forwarded to the MLP-based Feedforward Neural Networks 

to capture nonlinear user–item interactions. Subsequently, the 

MLP output is combined with handcrafted features, including 

the global average rating, user and item average ratings, as 

well as similar-user and similar-item ratings, to form a unified 

feature vector. This feature vector is then processed by the 

XGBoost model to produce the final rating prediction. The 

explicit data flow and feature integration shown in Figure 1 

clarify the dependency between the learning stages. 

Unlike existing hybrid collaborative filtering 

frameworks that typically combine only two learning 

components, the proposed model sequentially integrates 

Matrix Factorization, MLP, and XGBoost in a unified three-

stage pipeline. Matrix Factorization learns latent user–item 

representations, MLP captures nonlinear interaction patterns, 

and XGBoost refines predictions through feature-based 

learning, resulting in a more comprehensive hybrid 

architecture. 

The following describes the technical specifications of 

the proposed hybrid recommendation model based on the 

view in Fig. 1. 

A. Matrix factorization model 

Matrix factorization is a technique that decomposes 

the original matrix into two low-rank matrices, which can 

be interpreted as the latent factors of users and items, as 

follows [10]. 

𝑅𝑖𝑛 ≈ 𝑈 𝑉𝑇  (1) 

where 𝑈 ∈ 𝑅𝑖𝑛
𝑀×𝐹 and 𝑉 ∈ 𝑅𝑖𝑛

𝐹×𝑁  are the user–item features 

of factor 𝐹, such that 𝐹 ≪ (𝑀, 𝑁).  

B. Feedforward Neural Network 

The MLP-based Feedforward Neural Network 

consists of an input layer 𝐿𝑖𝑛  which is given input in the 

form of latent features resulting from Matrix Factorization, 

several hidden layers designed to learn nonlinear 

interactions 𝐿𝑘 and an output layer 𝐿𝑜𝑢𝑡  [23]. 
The 𝐿𝑖𝑛  layer serves as the input to the neural network, 

consisting of latent features derived from matrix 

Fig. 1. Block diagram of the hybrid collaborative filtering model using matrix factorization, feedforward neural networks, and xgboost. 
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factorization and is represented in vector form as follows: 

𝑦0 = 𝑃𝑢 ⊗ 𝑄𝑖  (2) 

where ⊗ is the dot product operator, 𝑃𝑢 represents the user 

latent vector and 𝑄𝑖 represents the item latent vector. The 

𝐿𝑘 layer consists of several hidden layers within the neural 

network. It begins with the first hidden layer 𝐿1 which 

receives input from 𝑦0 and output vector 𝑦1 of this hidden 

layer is computed as follows: 

𝑦1 = ρ1(𝑤1𝑦0 + 𝑎1) (3) 

where 𝑤1 is the set of weights contained in a matrix 

between the input layer and the first hidden layer 𝐿1, 𝑎1 are 

biases in 𝐿1 layer, and ρ1 is the activation function that 

enables the nonlinear property of the neural network. In 

this study, we utilize the Swish activation function, which 

was proposed by the Google Brain. Swish activation 

function is defined as follows: 

𝑆𝑤𝑖𝑠ℎ(𝑥) = 𝑥. 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) =
𝑥

1 + 𝑒−𝑥
 (4) 

where 𝑥 is the input variable, the sigmoid function is 

defined as 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) =
𝑥

1+𝑒−𝑥, and (𝑥) is the result of 

Swish activation. In general, the outputs of hidden layers 

𝐿𝑘 are denoted by 𝑦𝑘 and computed as follows: 

𝑦𝑘 = ρ𝑘(𝑤𝑘(ρ𝑘−1(… ρ2(𝑤2𝑦1 + 𝑎2) … )) + 𝑎𝑘) (5) 

where ρ𝑘, 𝑤𝑘, and 𝑎𝑘 denote the activation function, 

weight matrix, and bias vector of the neurons in the hidden 

layer 𝐿𝑘, respectively. In the output layer 𝐿out of the MLP, 

the output prediction 𝑦out is computed in a straightforward 

manner as follows: 

𝑦out = ρout(𝑤out𝑦𝑘 + 𝑎out) (6) 

where ρout denotes the output layer activation function, 

which adopts a Swish like nonlinearity similar to the one 

employed in the hidden layers. 

C. Handcrafted Features 

Handcrafted features refer to manually engineered 

knowledge incorporated into the model parameters [21]. 

These features are then selectively combined using a 

filtering mechanism to enhance the adaptability of the 

method [24]. By generating handcrafted features such as 

global averages as defined in (7), user–item averages 

ratings presented in (8) and (9), respectively. [10]. 

Additionally, features such as user similarity and similar 

items [7][10] as defined in (10) and (12), respectively. 

These features are subsequently utilized as additional 

inputs in the XGBoost model [10]. Therefore, the 

handcrafted features are written as follows: 

𝐺𝑙𝑜𝑏𝑎𝑙𝑎𝑣𝑔 =
∑ 𝑟𝑗𝑖

𝑎

∑ 𝑁𝑛𝑧

 (7) 

where Nnz denotes the number of non-zero entries in the 

rating matrix. 

𝑈𝑠𝑒𝑟𝐴𝑣𝑔𝑖
=

∑ 𝑟𝑖𝑗

𝑁𝑖

 (8) 

𝐼𝑡𝑒𝑚𝐴𝑣𝑔𝑗
=

∑ 𝑟𝑖𝑗

𝑀𝑗

 (9) 

cosinesim(𝑢1, 𝑢2) =
∑ 𝑢1 ⋅ 𝑢2

∥ 𝑢1 ∥∥ 𝑢2 ∥
 (10) 

𝑆𝑈𝑢(𝑖) =
∑ 𝑐𝑜𝑠𝑖𝑛𝑒𝑠𝑖𝑚(𝑢, 𝑣)𝑣∈𝒩𝓊

  𝑟̂𝑣𝑖
𝑀𝐿𝑃

∑ 𝑐𝑜𝑠𝑖𝑛𝑒𝑠𝑖𝑚(𝑢, 𝑣)𝑣∈𝒩𝓊
|

 (11) 

where 𝒩𝑢denotes the set of top-𝑘 most similar users to user 

𝑢, identified using cosine similarity over latent user 

vectors obtained from Matrix Factorization. The term 

𝑟̂𝑣𝑖
𝑀𝐿𝑃represents the predicted rating generated by the MLP 

model for user 𝑣 on item 𝑖. This formulation produces a 

similarity-weighted average rating, which serves as an 

informative signal for users with sparse interaction 

histories. 

cosinesim(𝑣1, 𝑣2) =
∑ 𝑣1 ⋅ 𝑣2

∥ 𝑣1 ∥∥ 𝑣2 ∥
 (12) 

𝑆𝐼𝑖(𝑢) =
∑ 𝑐𝑜𝑠𝑖𝑛𝑒𝑠𝑖𝑚(𝑖, 𝑗)𝑗∈𝒩𝒾

  𝑟̂𝑢𝑗
𝑀𝐿𝑃

∑ |𝑐𝑜𝑠𝑖𝑛𝑒𝑠𝑖𝑚(𝑖, 𝑗)|𝑗∈𝒩𝒾

 (13) 

where 𝒩𝑖denotes the set of top-𝑘 most similar items to item 

𝑖, computed based on cosine similarity between item latent 

vectors. The term 𝑟̂𝑢𝑗
𝑀𝐿𝑃is the MLP-predicted rating of user 

𝑢 on item 𝑗. This feature captures neighborhood-based 

item relevance and provides meaningful estimates for first-

rater items. 

Subsequently, the average ratings for users and items 

are computed using the output of the MLP model. The user 

average represents the mean predicted rating for a specific 

user across all items, whereas the item average 

corresponds to the mean predicted rating for a particular 

item aggregated across all users. 

To clarify the construction of handcrafted features 

reported in Tables III and IV, this subsection provides a 

detailed explanation of how each feature is computed and 

normalized prior to being used as input for the XGBoost 

model. 

All handcrafted features, including GA, UA, IA, SU, 

and SI, are normalized using min–max normalization to 

ensure consistent numerical scales before being processed 

by the XGBoost model. The normalization is defined as: 

𝑥′ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 (14) 

where 𝑥min and 𝑥max are computed from the training set 

only. This normalization step prevents feature dominance 

and improves the stability of gradient-boosted tree 

learning. 

D. XGBoost 

XGBoost is utilized to predict the final rating score 

given by users to a particular item. This algorithm is an 

ensemble learning technique that leverages multi-class 

classification and builds hundreds of decision trees to 

accelerate the training process, thereby producing more 

accurate predictions [10]. 

XGBoost is an ensemble technique consisting of 

multiple base learners. Let F = {𝐹1,  𝐹2,  𝐹3,  … ,  𝐹𝑚} be a 

set of base learners. The primary objective is to select a 

function that minimizes the overall loss for a given sample 
X = {𝑋1,  𝑋2,  𝑋3,  … ,  𝑋𝑛}. The objective function is 

defined as follows in (15). 

θ = ∑ 𝐽(𝑦𝑖 , 𝑦̂𝑖
𝑡−1 + 𝐹𝑡(𝑥𝑖)) + ω(𝐹𝑡) (15) 
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where 𝑱 is the loss function, 𝑦𝑖 is the true label, 𝑦̂𝑖
𝑡−1 is the 

previous prediction, 𝐹𝑡(𝑥𝑖) is the prediction from the new 

tree to be added, and ω(𝐹𝑡) is the regularization term that 

controls the complexity of the tree (e.g., number of leaves, 

magnitude of leaf weights) to help prevent overfitting [21]. 

The objective function can be expanded using the 

Taylor series. Therefore, (16) can be rewritten as follows. 

θ𝑡 = ∑ θ(𝑟𝑗 , 𝑟̂𝑗
𝑡−1)

𝑗=1

+
∂θ(𝑟𝑗 , 𝑟̂𝑗

𝑡−1)

∂𝑟̂𝑗
𝑡−1 𝐹𝑡(𝑥𝑗) +

∂2θ(𝑟𝑗 , 𝑟̂𝑗
𝑡−1)

∂𝑟̂𝑗
𝑡−1 𝐹𝑡(𝑥𝑗)

2
 (16) 

In addition, (16) can be simplified as follows. 

θ𝑡 = ∑ 𝐶 + 𝑔𝑗𝐹𝑡(𝑥𝑗) + ℎ𝑗𝐹𝑡(𝑥𝑗)
2

+ ω(𝐹𝑡) (17) 

where 𝐶 = θ(𝑟𝑗 , 𝑟̂𝑗
𝑡−1) is a constant independent of any 

function, 𝑔𝑗 is the first derivative of the loss function at the 

previous stage and ℎ𝑗  is the second-order derivative of the 

loss function with respect to the prediction at the previous 

iteration. We now select 𝐹𝑡 such that θt is the minimum. 

The constant term is then removed, as it does not depend 

on any function (17). Consequently, the loss function can 

be rewritten as follows. 

θ𝑡 = ∑ 𝑔𝑗𝐹𝑡(𝑥𝑗) + ℎ𝑗𝐹𝑡(𝑥𝑗)
2

+ ω(𝐹𝑡) (18) 

Let 𝐹𝑡 denote the set of 𝐾 leaf nodes, 𝐼𝑗 represent the set of 

instances assigned to node 𝑗 and 𝑊𝑗  be the predicted score 

for that node. Accordingly, for any instance 𝑖 belonging to 

𝐼𝑗, 𝐹𝑡 = 𝑊𝑗  and regularization term used to measure and 

control the complexity of the model. It can be written in its 

substituting as follows. 

Ω(𝐹𝑡) = γ𝐾 +
1

2
λ ∑ 𝑤𝑗

2

𝑗

 (19) 

Substituting 𝐹𝑡 into (17) and setting for each leaf 𝑗,
∂θ

∂𝑤𝑗
=

0, yields the optimal weight is defined as follows. 

wj
∗ =

− ∑ gj

∑ hj + λ
 (20) 

Finally, by substituting the optimal weight back into the 

objective, the minimum loss is defined as follows. 

θ𝑡 = −
1

2
∑

(∑ 𝑔𝑗)
2

∑(ℎ𝑗 + λ)
+ γ𝐾 (21) 

E. Hybrid Integration Pipeline 

The proposed recommendation model applies a 

sequential hybrid learning framework that integrates 

Matrix Factorization, an MLP-based Feedforward Neural 

Network, and XGBoost. Each component is explicitly 

connected in a pipeline to ensure that the output of one 

stage serves as the input to the next stage. 

1) Matrix Factorization Stage 

Matrix Factorization is first applied to decompose the 
user–item rating matrix into latent user and item 

representations. The predicted rating generated by 

Matrix Factorization is defined as: 
𝑟̂𝑢𝑖

𝑀𝐹 = μ + 𝑏𝑢 + 𝑏𝑖 + 𝑝𝑢
⊤  𝑞𝑖 (22) 

where 𝜇 represents the global average rating, 𝑏𝑢 and 

𝑏𝑖 denote the user and item bias terms, and p𝑢 and q𝑖 

are the latent feature vectors of users and items, 

respectively. 

Instead of directly using the predicted rating as the 

final output, the latent vectors are concatenated to 

form a joint latent interaction vector: 
𝑧𝑢𝑖 = [𝑝𝑢||𝑞𝑖] (23) 

This latent interaction vector is forwarded to the next 
learning stage. 

2) MLP-based Stage 

The concatenated latent vector 𝐳𝑢𝑖is used as the input 

to the MLP-based Feedforward Neural Network. 

This network is designed to capture nonlinear 

interactions between users and items that cannot be 

modeled by Matrix Factorization alone. The MLP 

output is expressed as: 
𝑟̂𝑢𝑖

𝑀𝐿𝑃 = 𝑓𝑀𝐿𝑃(𝑧𝑢𝑖) (24) 

where 𝑓𝑀𝐿𝑃(⋅)denotes the nonlinear transformation 
learned by the MLP using Swish activation 

functions. The resulting prediction reflects a refined 

nonlinear estimation of user preferences. 

3) Handcrafted Features and XGBoost Stage 

To further enhance prediction accuracy and address 

cold-start and first-rater problems, handcrafted 

statistical features are incorporated into the model. 

These features include the global average rating, user 

average rating, item average rating, similar users 

rating, and similar items rating. The final feature 

vector is constructed as: 
𝑥𝑢𝑖 = [𝑟̂𝑢𝑖

𝑀𝐿𝑃 , 𝐺𝐴, 𝑈𝐴𝑢 , 𝐼𝐴𝑖 , 𝑆𝑈𝑢 , 𝑆𝐼𝑖] (25) 

This feature vector is used as the input to the 

XGBoost model, which produces the final rating 

prediction: 

𝑟̂𝑢𝑖
𝑓𝑖𝑛𝑎𝑙 = 𝑓𝑋𝐺𝐵(𝑥𝑢𝑖) (26) 

XGBoost refines the prediction by learning residual 

errors and nonlinear decision boundaries through an 

ensemble of gradient-boosted decision trees. 

 

From a mathematical perspective, the proposed hybrid 

framework follows a sequential derivation pipeline. Matrix 

Factorization first produces latent user–item vectors, 

which are concatenated to form the joint interaction vector 

𝑧𝑢𝑖 (Eq. 23). This vector serves as the direct input to the 

MLP, yielding a nonlinear rating estimation  𝑟̂𝑢𝑖
𝑀𝐿𝑃 (Eq. 

24). The MLP output is then combined with handcrafted 

statistical features to construct the final feature vector 𝑥𝑢𝑖 
(Eq. 25), which is subsequently used by XGBoost to 

generate the final prediction 𝑟̂𝑢𝑖
𝑓𝑖𝑛𝑎𝑙

 (Eq. 26). This 

formulation explicitly connects the mathematical 

components of Matrix Factorization, MLP, and XGBoost 
into a unified learning pipeline rather than independent 

models. 

The detailed steps of the proposed Matrix 

Factorization, MLP and XGBoost hybrid recommendation 

algorithm are presented in Algorithm as follows. 

Input: 
    User–item rating matrix R 
    Latent dimension F 

    MLP parameters Θ_MLP 
    XGBoost parameters Θ_XGB 
 
Output: 
    Final predicted rating r̂_ui^final 
 
1: Initialize Matrix Factorization parameters (P, Q, b_u, b_i) 
2: Train SGD-based Matrix Factorization on observed ratings in R 
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3: For each observed user–item pair (u, i) ∈ R do 
4:     Construct latent interaction vector z_ui = [p_u || q_i] 
5:     Predict nonlinear rating r̂_ui^MLP = MLP(z_ui) 
6: End For 
7: Compute handcrafted statistical features using MLP predictions: 

       Global average rating (GA) 
       User average rating (UA_u) 
       Item average rating (IA_i) 
       Similar users rating (SU_u) 
       Similar items rating (SI_i) 
 
8: Construct final feature vector: 
       x_ui = [r̂_ui^MLP, GA, UA_u, IA_i, SU_u, SI_i] 

 
9: Train XGBoost model using feature vector x_ui 
10: Predict final rating r̂_ui^final = XGBoost(x_ui) 
 
Return r̂_ui^final 

IV. EXPERIMENTS, DATASETS, EVALUATION  

AND RESULTS 

In this section, we briefly present the experimental 

setup, the real-world datasets used, the evaluation metrics 
employed to assess model performance, and the validation 

of the simulation results. 

A. Experiments setup 

The experimental setup is summarized in Table I. All 

experiments for the proposed hybrid Collaborative 
Filtering technique were conducted on a system equipped 

with an AMD Ryzen 9 3900X central processing unit (3.80 

GHz) and 64 GB of memory. The hybrid Collaborative 

Filtering technique combines Matrix Factorization, MLP 

and XGBoost for generating recommendations. 

TABLE I. EXPERIMENTAL ENVIRONMENT 

System resource Description 

Programming language Python 

Operating system Windows 11 

CPU AMD Ryzen 9 3900X 12-Core 

Processor (3.80 GHz) 

Memory 64 Gb 

Algorithm Matrix Factorization, MLP, 

XGBoost 

Recommendation 

technique 

Collaborative Filtering 

To ensure experimental reproducibility, all datasets 

were split into training and testing sets using a fixed 

random seed (random_state = 42), with a 90:10 ratio. 

Hyperparameter tuning was conducted exclusively on the 

training set, and the best configurations were selected 

based on MAE and RMSE performance. All reported 

results were obtained using fixed hyperparameter settings 

summarized in Tables II and III. 

TABLE II. OPTIMAL HYPERPARAMETER 

CONFIGURATIONS FOR MATRIX FACTORIZATION AND MLP 

Model Dataset MAE 

Matrix 

Factorization  

Movies Latent factors = 64, learning rate = 0.03, 

regularization = 0.03, epochs = 35 

Hotels Latent factors = 64, learning rate = 0.04, 

regularization = 0.04, epochs = 40 

MLP Movies Hidden layers = [128, 64, 32, 16], learning 

rate = 0.003, batch size = 64, epochs = 50, 

patience = 15 

Hotels Hidden layers = [128, 64, 32], learning rate 

= 0.005, batch size = 64, epochs = 55, 

patience = 15 

TABLE III. OPTIMAL HYPERPARAMETER 

CONFIGURATION FOR XGBOOST 

Dataset MAE 

Movies n_estimators = 900, learning_rate = 0.5, max_depth = 9, 

min_child_weight = 5, subsample = 0.8, 

colsample_bytree = 0.8, gamma = 0.1, reg_alpha = 0.01, 

reg_lambda = 1.0, random_state = 42 

Hotels n_estimators = 1000, learning_rate = 0.5, max_depth = 

10, min_child_weight = 5, subsample = 0.8, 

colsample_bytree = 0.8, gamma = 0.1, reg_alpha = 0.01, 

reg_lambda = 1.0, random_state = 42 

 

TABLE IV. COMPUTATIONAL COST AND TRAINING 

TIME OF THE PROPOSED MODELS 

Model Datasets Training 

Time (hours) 

Model 

Complexity 

Matrix 

Factorization  

Movies ~1.03 h Latent factors  

(F = 64) 

Matrix 

Factorization 

+ MLP 

Movies ~2.14 h Matrix 

Factorization + 

4 hidden layers 

Matrix 

Factorization 

+MLP+ 

XGBoost 

Movies ~3.42 h Matrix 

Factorization + 

MLP + 900 

trees 

Matrix 

Factorization  

Hotels ~20.78 h Latent factors  

(F = 64) 

Matrix 

Factorization 

+ MLP 

Hotels ~41.89 h Matrix 

Factorization + 

3 hidden layers 

Matrix 

Factorization 

+MLP+ 

XGBoost 

Hotels ~44.52 h Matrix 

Factorization + 

MLP + 1000 

trees 

The proposed hybrid recommendation model incurs 

additional computational cost due to the sequential 

integration of Matrix Factorization, MLP, and XGBoost. 

As shown in Table IV, training time increases 

progressively with each added component, with Matrix 

Factorization being the least expensive. Although the 

complete hybrid model requires longer training time, the 

cost remains acceptable for offline recommendation 

scenarios and is justified by the consistent performance 

improvements. The progressive comparison of Matrix 

Factorization, Matrix Factorization + MLP, and Matrix 

Factorization + MLP + XGBoost provides implicit 

ablation evidence of each component’s contribution to the 

final accuracy. 

B. Dataset 

The datasets used in the experiments are summarized 

in Table V. The MovieLens 100K dataset is a widely used 

benchmark dataset in recommender system research. It 

contains 100,000 explicit ratings on a 1–5 scale, provided 

by 943 users for 1,682 movies, where each user has rated 

at least 20 movies. On average, each user provides 

approximately 106 ratings, which is consistent with the 
official public specification of the dataset. The sparsity 

level is computed using the standard formulation based on 

the ratio between the number of observed ratings and the 

total possible user–item interactions. Similarly, the Hotel 

dataset used in this study is obtained from PT. XYZ and 

represents hotels across Indonesia. The dataset contains 

16,292 hotels with 9,741 ratings provided by 7,298 users. 
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TABLE V. DESCRIPTION OF THE DATASET 

Datasets Number of 

items 

Number of 

users 

% of 

sparsity 

Movies 1682 943 98.33 

Hotels 16292 7298 99.99 

The level of sparsity in the dataset is quantified using 

the following formula. 

Sparsity = 1 −
R

M × N
 (27) 

let 𝑅 be the total number of ratings, and 𝑀 and 𝑁 denote 

the number of users and the number of items, respectively 

[10]. 

C. Evaluation metrics 

Recommendations are used to predict the ratings of 

items for users. To evaluate the accuracy of these 

predictions, three evaluation measures are employed: 

Mean Absolute Error (MAE), as defined in (28), Root 

Mean Squared Error (RMSE), as defined in (29) These 

metrics quantify how closely the predicted ratings align 

with the actual ratings. Low MAE and RMSE values 

reflect high predictive accuracy of the recommendation 

model. The MAE and RMSE [23] are defined as follows. 

𝑀𝐴𝐸 =
∑ |𝑟𝑢𝑖 − 𝑟̃𝑢𝑖|𝑠∈𝑆𝑟𝑒𝑐

𝑁
 (28) 

RMSE = √
∑ (𝑟𝑢𝑖 − 𝑟̃𝑢𝑖)2

𝑠∈𝑆𝑟𝑒𝑐

𝑁
 (29) 

where 𝑟𝑢𝑖 denotes the true rating given by user 𝑢 to item 𝑖, 
and 𝑟̃𝑢𝑖  represents the predicted rating of user 𝑢 for item i; 
𝑁 is the number of recommended items, and 𝑆𝑟𝑒𝑐  denotes 

the set of recommended items.  

In addition to MAE and RMSE, we evaluate the 

ranking quality of the recommendation models using Top-

k metrics, namely Recall@k and Precision@k. For each 

user, the model generates a ranked list of top-10 

recommended items based on predicted ratings. An item is 

considered relevant if its ground-truth rating is greater than 

or equal to 4.0. These ranking-based metrics assess the 
ability of the model to place relevant items at higher 

positions in the recommendation list, which is crucial for 
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TABLE VI. A SNIPPET OF ALL THE MOVIE FEATURES 

user_id movie_id actual_rating predicted_rating ga_r ua_r ia_r su_r si_r 

1 1 0.0 5.0 2.7 3.3 3.9 3.9 3.3 

1 2 0.0 4.0 2.7 3.3 3.4 3.4 3.3 

1 3 0.0 4.0 2.7 3.3 3.1 3.1 3.3 

… … … … … … … … … 

610 193585 0.0 3.0 2.7 3.1 2.5 2.5 3.1 

610 193587 0.0 3.0 2.7 3.1 2.5 2.5 3.1 

610 193609 0.0 4.0 2.7 3.1 3.2 3.2 3.1 
 

TABLE VII. A SNIPPET OF ALL THE HOTEL FEATURES 

user_id hotel_id actual_rating predicted_rating ga_r ua_r ia_r su_r si_r 

1 69602 0.0 3.0 1.5 1.4 1.7 1.7 1.4 

1 69603 0.0 3.0 1.5 1.4 3.0 3.0 1.4 

1 69603 0.0 1.0 1.5 1.4 1.1 1.1 1.1 

… … … … … … … … … 

8588 85891 0.0 1.0 1.5 1.2 1.1 1.1 1.2 

8588 85892 0.0 1.0 1.5 1.2 1.5 1.5 1.2 

8588 85893 0.0 1.0 1.5 1.2 1.5 1.5 1.2 
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practical recommender system performance. Based on 

these quantities, Recall@k and Precision@k are defined 

as:  

Recall@𝑘 =
|𝑅𝑢

𝑘 ∩ 𝑇𝑢|

|𝑇𝑢|
 (30) 

Precision@𝑘 =
|𝑅𝑢

𝑘 ∩ 𝑇𝑢|

𝑘
 (31) 

D. Results and Discussion  

To evaluate the effectiveness of the hybrid 

collaborative filtering model method compared to the 

baseline technique on the reference dataset, the dataset was 

first divided into training and testing subsets using a 90:10 

ratio. Further, matrix factorization was applied to 

decompose the user–item rating matrix, the output of 

which was used as input to an MLP to learn nonlinear 

relationship patterns between entities through hidden 

layers. The learned representations were subsequently 

incorporated as additional features into the XGBoost 

model. Additionally, several handcrafted features were 
generated, including the global average (ga_r), user 

average rating (ua_r), item average rating (ia_r), similar 

users rating (su_r), and similar items rating (si_r). Table VI 

presents a snapshot of all features used for movie rating 

prediction, while Table VII provides a snapshot of all 

features used for hotel rating prediction.  

TABLE VIII. COMPARISON OF HYBRID-BASED 

COLLABORATIVE METHODS AND BASIC METHODS ON 

DATASETS 

Model Dataset MAE RMSE Recall@k Precision@k 

Matrix 

Factorization 

+ MLP + 

XGBoost 

Movies 0.278 0.426 0.948 0.939 

Hotels 0.319 0.654 0.876 0.979 

SGD-based 

Matrix 

Factorization 

Movies 0.661 0.863 0.685 0.913 

Hotels 1.851 2.364 0.620 0.401 

Matrix 

Factorization 

+ MLP 

Movies 0.563 0.982 0.758 0.877 

Hotels 0.393 0.787 0.832 0.962 

User-Based Movies 0.567 0.757 0.917 0.903 

Hotels 0.324 0.705 0.682 0.990 

Item-Based Movies 0.687 0.889 0.928 0.858 

Hotels 0.618 0.841 0.794 0.904 

 Table VIII summarizes the comparative performance 

of all evaluated models on the Movie and Hotel datasets. 

The proposed Matrix Factorization + MLP + XGBoost 

model consistently achieves the lowest MAE and RMSE 
values, while also yielding higher Recall@10and 

Precision@10 scores compared to all baseline approaches. 

These results indicate that the proposed model not only 

improves rating prediction accuracy but also more 

effectively ranks relevant items at top positions, which is 

essential for practical recommender system deployment. 

The observed performance gains stem from the 

complementary roles of each component in the hybrid 

architecture. Matrix Factorization learns latent user–item 

representations but is limited by linear interaction 

assumptions. The MLP stage captures nonlinear 
interaction patterns beyond Matrix Factorization, while 

XGBoost further refines predictions using handcrafted 

statistical and similarity-based features, which are 

particularly beneficial for sparse users and first-rater items. 

The progressive improvement from Matrix Factorization 

to Matrix Factorization + MLP and ultimately to Matrix 

Factorization + MLP + XGBoost provides implicit 

ablation evidence that each component contributes to the 

overall model performance. To verify whether the 

observed performance improvements are statistically 

significant, a paired t-test was conducted between the 
proposed hybrid model and each baseline method using the 

same test set. The results indicate that the improvements 

are statistically significant at a significance level of 0.05. 

Consistent with these findings, figures 4 and 5 provide 

qualitative evidence of the model’s prediction behavior by 

illustrating the alignment between actual and predicted 

ratings. The concentration of data points around the 

diagonal line indicates that large deviations are relatively 

rare, while most predictions fall within a reasonable range 

of the ground truth values. This visual pattern supports the 

quantitative results reported in terms of MAE and RMSE, 

confirming that the proposed model produces stable and 
consistent predictions across both datasets. 

 
Fig. 4. Scatter plot of actual versus predicted ratings for the movie dataset, 

providing qualitative evidence of prediction alignment. 

 

 
Fig. 5. Scatter plot of actual versus predicted ratings for the hotel dataset, 

illustrating the consistency of predictions with ground truth ratings. 

The reported results were further validated using 

multiple random train–test splits. Across all splits, the 

proposed model consistently outperformed baseline 
methods, and paired t-test results confirmed that the 

improvements are statistically significant (p < 0.05). This 

confirms that the observed gains are robust and practically 

meaningful rather than artifacts of a single split. 

The superior performance of the proposed hybrid 

model arises from the complementary roles of its 

components. Matrix Factorization captures latent user–

item representations but is limited by linear interaction 

assumptions. The integration of an MLP enables modeling 

of nonlinear interactions, leading to improved accuracy, 

while XGBoost further refines predictions using 

handcrafted statistical and similarity-based features, which 
are particularly beneficial for sparse users and first-rater 
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items. The progressive improvements from Matrix 

Factorization to Matrix Factorization + MLP and Matrix 

Factorization + MLP + XGBoost provide implicit ablation 

evidence that each component contributes meaningfully to 

the overall effectiveness of the proposed model. 
To clarify the apparent differences in RMSE values 

across baseline methods in Table VIII, we confirm that all 

models, including SGD-based Matrix Factorization, 

Matrix Factorization + MLP, and user/item-based 

collaborative filtering, were evaluated on the same original 

rating scale without additional normalization during error 

computation. The reported RMSE values are therefore 

directly comparable across methods. The relatively higher 

RMSE observed in certain baselines, particularly SGD-

based Matrix Factorization on the hotel dataset, is 

attributed to extreme data sparsity and unbounded 

predictions rather than differences in evaluation scale or 
normalization. 

The high RMSE of the SGD-based Matrix 

Factorization baseline on the hotel dataset is mainly caused 

by extreme sparsity and unbounded predictions, whereas 

the proposed hybrid model yields more stable estimates 

through MLP and XGBoost. 

The proposed hybrid collaborative filtering model 

integrating Matrix Factorization, MLP, and XGBoost 

consistently outperforms baseline methods across all 

evaluated datasets in terms of MAE and RMSE. This 

improvement is driven by the combination of nonlinear 
interaction modeling via MLP and feature-based 

refinement using XGBoost, complemented by latent factor 

learning and handcrafted user–item statistical features.  

E. Cold-Start and First-Rater Evaluation 

In this study, k is set to 3, where users or items with 

fewer than three historical interactions are considered 
cold-start entities. To explicitly validate the capability of 

the proposed hybrid model in addressing cold-start and 

first-rater problems. Additional experiments were 

conducted under controlled sparse scenarios to explicitly 

evaluate cold-start and first-rater performance.  

In the cold-start user setting, users with fewer than k 

historical ratings were isolated, and all their interactions 

were excluded from the training set. The models were then 

evaluated based on their ability to predict ratings for these 

unseen users. 

Similarly, the first-rater item scenario was simulated 
by selecting items with extremely limited interaction 

history and removing their ratings from the training data. 

The task was to predict initial ratings for these new items. 

The proposed hybrid model was compared against 

SGD-based Matrix Factorization, Matrix Factorization 

+MLP, and traditional user-based and item-based 

collaborative filtering approaches. Performance was 

evaluated using MAE and RMSE metrics. 

TABLE IX. PERFORMANCE COMPARISON UNDER COLD-

START USER AND FIRST-RATER ITEM SCENARIOS 

Model Scenario Scenario MAE RMSE 

Matrix Factorization 

(SGD) 

Cold-start and 

First-rater 

Movies 0.661 0.863 

Hotels 1.851 2.364 

Matrix Factorization 

+ MLP 

Cold-start and 

First-rater 

Movies 0.563 0.982 

Hotels 0.393 0.787 

Matrix Factorization 

+ MLP + XGBoost 

Cold-start and 

First-rater 

Movies 0.278 0.426 

Hotels 0.319 0.654 

 

Table IX presents the MAE and RMSE results under 

cold-start user and first-rater item scenarios. 

The experimental results demonstrate that the 

proposed Matrix Factorization + MLP + XGBoost model 

consistently outperforms baseline methods under both 
cold-start user and first-rater item scenarios. The 

performance gain is primarily attributed to the 

incorporation of handcrafted features, such as global 

average, user and item averages, and similarity-based 

ratings, which provide informative signals even in the 

absence of sufficient historical interactions. These findings 

empirically confirm the model’s robustness in sparse 

recommendation settings. 

V. CONCLUSION 

This study proposes a hybrid collaborative filtering 

recommendation system that integrates Matrix 

Factorization, MLP-based Feedforward Neural Network, 

and XGBoost to address sparsity, cold-start, and first-rater 

problems. Unlike existing hybrid collaborative filtering 

frameworks that typically combine only two learning 

components, the proposed model introduces a unified 

three-stage pipeline in which Matrix Factorization learns 

latent user and item representations, MLP captures 

nonlinear user and item interactions, and XGBoost refines 
predictions using handcrafted statistical features. While 

the proposed method is built upon established learning 

models, its contribution lies in the integration strategy, 

learning dependency, and empirical validation across 

multiple sparse domains, which together provide new 

insights into designing robust hybrid recommender 

systems.  

For future research directions, the proposed method 

can be extended by incorporating user opinion analysis 

through review mining or sentiment analysis derived from 

user activities. Textual information in the form of 

comments or reviews can be transformed into sentiment 
scores using sentiment lexicons, thereby converting 

linguistic expressions that reflect user attitudes into 

numerical values representing the level of appreciation or 

satisfaction with an item. Furthermore, the topics or 

subjects embedded in such comments can be correlated 

with other items potentially relevant to user preferences, 

thereby enriching the information representation within the 

recommendation system. 

In addition, the proposed method can be further 

enhanced by considering additional dimensions of user and 

item features, as well as by adopting deep learning 
approaches and advanced optimization algorithms to 

accelerate the model training process. Future research may 

also focus on integrating both explicit and implicit user 

feedback, as well as evaluating the implementation in real-

world scenarios to ensure the external validity and 

practical applicability of the developed recommendation 

system. 
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