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Abstract— The rapid growth of digital libraries and online 

reading platforms has significantly increased the demand for 

intelligent and personalized book recommendation systems that 

can effectively assist users in discovering relevant reading 

materials. However, conventional recommendation techniques 

often rely on limited metadata, collaborative filtering, or 

shallow semantic representations, resulting in reduced 

recommendation accuracy and limited adaptability to evolving 

user preferences. The proposed framework utilizes the 

Goodreads Books Metadata and User Interactions datasets, 

containing book information, user ratings, interaction records, 

author details, genres, and descriptive text collected from the 

Goodreads platform. Data preprocessing includes missing value 

handling, duplicate removal, categorical encoding, metadata 

engineering, text cleaning, feature normalization, and semantic 

embedding generation using a pre-trained Bidirectional 

Encoder Representations from Transformers (BERT) model. 

The extracted semantic embeddings are integrated with user 

behavioral and book interaction features to construct a 

comprehensive feature representation. Extreme Gradient 

Boosting (XGBoost), CatBoost, and Light Gradient Boosting 

Machine (LightGBM) are implemented as base regression 

models, while a Weighted Voting ensemble combines their 

predictions for personalized rating estimation and Top-N 

recommendation generation. Performance is evaluated using 

Mean Squared Error (MSE), Root Mean Squared Error 

(RMSE), Mean Absolute Error (MAE), and R² Score. The 

proposed Weighted Voting ensemble achieves the best 

performance with an MSE of 0.860, RMSE of 0.927, MAE of 

0.462, and an R² Score of 0.809, demonstrating improved 

recommendation accuracy, adaptability, and scalability for 

personalized book discovery. 

“Keywords— Book Recommendation System, Deep Learning, 

Bidirectional Encoder Representations from Transformers, 

Extreme Gradient Boosting, Personalized Recommendation, 

Explainable Artificial Intelligence.” 

I. INTRODUCTION  

The rapid expansion of digital libraries, online bookstores, 
e-learning environments, and mobile reading applications has 
transformed the way readers discover, access, and consume 
books. Millions of titles spanning diverse genres, languages, 
and subject domains are now available through digital 
platforms, providing unprecedented opportunities for 
knowledge acquisition and entertainment. As the volume of 
available content continues to increase, users frequently 
encounter information overload, making it difficult to identify 
books that closely align with their interests and reading 

preferences. Personalized recommendation technologies have 
therefore become an essential component of modern digital 
reading ecosystems, enabling users to navigate extensive 
collections efficiently while improving engagement and 
overall satisfaction. The growing demand for intelligent 
recommendation services has encouraged continuous 
advancements in personalized information retrieval and user-
centric content delivery across a wide range of applications [1] 
[2] [3]. 

Despite considerable progress in recommendation 
technologies, several challenges continue to limit the 
effectiveness of existing approaches. Conventional methods 
often depend on user ratings, historical interactions, or 
structured metadata, which may not sufficiently represent the 
contextual meaning of book content or the diverse interests of 
readers. Furthermore, sparse user feedback, incomplete 
information, evolving reading preferences, and the 
heterogeneous nature of digital book collections reduce the 
relevance and consistency of generated recommendations. 
These limitations become increasingly significant as online 
platforms expand and user expectations for accurate 
personalization continue to rise. Consequently, there remains 
a need for recommendation frameworks capable of utilizing 
diverse sources of information while adapting to changing 
user requirements and supporting more meaningful book 
discovery experiences across large-scale digital environments 
[4] [5] [6]. 

To address these challenges, this article presents an 
intelligent recommendation framework designed to generate 
personalized and context-aware book suggestions through the 
integration of complementary information available within 
digital book collections. The primary objective is to enhance 
recommendation quality by effectively representing user 
interests and book characteristics within a unified 
recommendation environment. In addition, the framework 
aims to provide adaptive recommendation capabilities that 
remain effective as user preferences evolve over time while 
maintaining scalability for extensive digital repositories. The 
proposed framework also supports interactive user 
engagement through an accessible recommendation interface, 
enabling efficient exploration of relevant reading materials 
and promoting a more personalized digital reading experience. 
These objectives collectively establish a comprehensive 
foundation for accurate, adaptive, and user-oriented 
recommendation generation [7] [8]. 
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The significance of this contribution extends beyond 

improving recommendation accuracy by supporting more 

effective content discovery, increasing user satisfaction, and 

facilitating meaningful interactions between readers and 

digital libraries. An adaptive recommendation framework can 

benefit educational platforms, online bookstores, academic 

repositories, and public digital libraries by reducing search 

effort and presenting users with relevant reading options that 

reflect their evolving interests. Moreover, the modular nature 

of the framework provides flexibility for future enhancements, 

allowing integration with emerging recommendation 

technologies, larger datasets, and evolving digital reading 

ecosystems. Consequently, this contribution represents an 

important step toward intelligent, scalable, and personalized 

recommendation solutions capable of supporting the growing 

demands of modern digital content platforms while 

encouraging broader access to relevant knowledge resources 

[9] [10].  

II. RELATED WORK  

Recent advancements in intelligent recommendation 
systems have demonstrated the growing importance of 
integrating machine learning and artificial intelligence to 
improve personalization and user satisfaction. Kumar et al. 
developed a personalized web service recommendation 
framework that combined a hybrid recommendation strategy 
with deep learning to improve service selection accuracy, 
demonstrating the effectiveness of combining multiple 
recommendation paradigms while also highlighting 
challenges related to scalability and domain adaptability [11]. 
Sharma et al. presented a comprehensive overview of machine 
learning concepts applied to recommendation systems, 
emphasizing the evolution from traditional filtering 
techniques to intelligent learning-based approaches and 
identifying issues associated with data sparsity and dynamic 
user preferences that continue to affect recommendation 
quality [12]. Similarly, Zhang et al. provided an extensive 
survey of deep learning-based recommender systems, 
demonstrating the capability of deep neural models to capture 
complex user-item relationships while noting that many 
existing approaches require large training datasets and 
substantial computational resources for effective deployment 
[13]. 

With the increasing adoption of artificial intelligence in 
recommendation technologies, greater attention has also been 
directed toward ethical, trustworthy, and adaptive 
recommendation mechanisms. Masciari et al. conducted a 
systematic review of AI-based recommendation systems and 
discussed important considerations related to transparency, 
privacy, fairness, and responsible deployment, indicating that 
practical implementations should balance recommendation 
performance with ethical concerns [14]. Zhang et al. examined 
the broader role of artificial intelligence in recommender 
systems and demonstrated that intelligent learning methods 
significantly enhance recommendation capabilities, although 
effectively modeling continuously changing user interests 
remains a major challenge [15]. Wang et al. investigated 
fairness in recommender systems and revealed that 
recommendation bias may influence user exposure and 
decision-making, emphasizing the necessity of developing 
recommendation frameworks that maintain both effectiveness 
and equitable content representation [16]. 

Another important research direction focuses on 
improving interpretability and user interaction within 
recommendation systems. Chen et al. presented a 
comprehensive survey on explainable recommendation 
evaluation, highlighting that users increasingly expect 
understandable recommendation decisions in addition to 

accurate predictions, while many existing systems still 
provide limited interpretability [17]. Jannach et al. reviewed 
conversational recommender systems and demonstrated how 
interactive communication enhances recommendation quality 
by continuously refining user preferences, although such 
systems require efficient contextual understanding and 
adaptive response generation [18]. Penha and Hauff 
investigated the capability of language models to understand 
books, movies, and music for conversational 
recommendation, showing that contextual language 
representations provide valuable semantic knowledge but may 
still require complementary information to generate highly 
personalized recommendations [19]. 

The existing literature clearly demonstrates significant 

progress in recommendation technologies through machine 

learning, deep learning, conversational intelligence, 

explainability, and fairness. Nevertheless, several limitations 

remain, including insufficient utilization of heterogeneous 

information sources, limited contextual understanding, 

inadequate adaptation to evolving user preferences, and 

challenges in providing consistently personalized 

recommendations across large digital book collections. An et 

al. presented a comprehensive overview of technical 

challenges and societal implications of recommender systems, 

emphasizing the need for scalable, adaptive, and user-centric 

recommendation frameworks capable of effectively 

integrating diverse information while maintaining 

recommendation quality [20]. Motivated by these 

observations, the proposed framework addresses these 

research gaps by providing an adaptive and context-aware 

personalized book recommendation environment that 

combines complementary information sources within a 

unified architecture, thereby enhancing recommendation 

relevance, user experience, and scalability for modern digital 

reading platforms. 

III. MATERIALS AND METHODS 

 The proposed system is designed to generate adaptive and 

personalized book recommendations by integrating deep 

semantic learning with ensemble machine learning techniques 

using the Goodreads Books Metadata and User Interactions 

datasets. The framework follows a structured 

recommendation pipeline in which book metadata, user 

interaction records, and descriptive text are processed to 

construct meaningful feature representations while routine 

preprocessing and dataset preparation are performed to ensure 

data consistency and quality. A pre-trained BERT model is 

employed to generate semantic embeddings from textual 

descriptions, enabling a deeper understanding of  book content 

beyond conventional metadata. These embeddings are 

combined with metadata and user behavioral features to create 

a comprehensive representation for recommendation. 

XGBoost, CatBoost and LightGBM are trained 

independently, and their predictions are integrated through a 

Weighted Voting ensemble to improve prediction accuracy, 

robustness, and generalization. The trained recommendation 

engine is deployed using a Flask-based web application with 

SQLite support, enabling adaptive recommendation, user 

authentication, and recommendation history management 

while delivering scalable and personalized book discovery. 
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Fig. 1.  System Architecture 

Fig. 1 illustrates the overall architecture of the adaptive 
book recommendation system. Goodreads Books Metadata 
and User Interactions datasets are processed through data 
preprocessing and BERT-based semantic feature extraction. 
The enriched features are used to train XGBoost, CatBoost, 
and LightGBM models, whose predictions are combined 
using a Weighted Voting ensemble for rating prediction. The 
trained models are deployed in a Flask web application with 
SQLite for user authentication, recommendation history, and 
adaptive personalized Top-N book recommendations based 
on user preferences and interactions. 

A) Dataset Collection  

The proposed framework utilizes the publicly available 
Goodreads dataset, comprising the files 
books_metadata_large.csv and interactions_large.csv, to 
develop an intelligent book recommendation system. The 
dataset contains extensive book metadata, descriptions, 
author information, ratings, reviews, and user interaction 
records, providing both textual and structured features for 
recommendation learning. Its large-scale and diverse 
collection spans multiple genres and reading preferences, 
making it well suited for personalized recommendation tasks. 
The richness of semantic and behavioral information enables 
effective modeling of user interests, improves 
recommendation relevance, and supports the development of 
scalable and context-aware recommendation systems. 

B) Preprocessing 

The preprocessing phase prepares the Goodreads dataset 
by improving data quality, extracting meaningful 
information, and constructing informative features. These 
operations enhance data consistency, semantic 
understanding, model reliability, and overall 
recommendation performance before training and evaluation. 

Data Exploration: The collected Goodreads dataset was 
initially explored to understand its overall structure, 
dimensions, feature distribution, and data quality before 
model development. The exploration process included 
examining dataset size, feature information, representative 
records, missing values, and duplicate entries. This 
preliminary analysis provided valuable insights into the 
characteristics of both book metadata and user interaction 
data, enabling the identification of potential inconsistencies 
that could affect recommendation quality. Proper data 
exploration established a strong foundation for subsequent 
preprocessing and ensured reliable preparation of the 
recommendation dataset. 

Data Cleaning: Data cleaning was performed to improve 
the quality and consistency of the collected Goodreads 
dataset before feature extraction and model training. 
Duplicate records, repeated book entries, and redundant user–
book interactions were removed to eliminate data redundancy 
and prevent biased learning. Dataset indices were reorganized 
after cleaning to maintain a structured representation. This 
process minimized inconsistencies, enhanced dataset 

reliability, reduced unnecessary computational overhead, and 
ensured that the recommendation framework learned from 
unique and representative information, thereby improving 
recommendation performance. 

Feature Selection: Relevant attributes were selected 
from both the book metadata and user interaction datasets to 
construct an informative yet efficient feature space for 
recommendation generation. Important textual, metadata, 
behavioral, and contextual attributes were retained, while 
irrelevant or redundant information was excluded. Selecting 
meaningful features reduced data complexity, minimized 
noise, and improved computational efficiency during model 
training. This process enabled the recommendation 
framework to focus on informative characteristics that 
contribute significantly to accurate personalization and 
reliable recommendation performance. 

C) Training and Testing: 

The prepared interaction dataset was partitioned into 
separate training and testing subsets to enable unbiased model 
development and performance evaluation. The larger training 
portion was utilized for learning recommendation patterns, 
while the remaining testing subset was reserved exclusively 
for validating predictive performance on unseen data. This 
separation prevented information leakage between training 
and evaluation phases, improved the credibility of 
experimental results, and ensured that the developed 
recommendation framework demonstrated reliable 
generalization capability for real-world recommendation 
scenarios. 

D) Algorithms  

BERT: BERT is utilized to generate contextual semantic 

embeddings from textual information by capturing the 

meaning and relationships among words within their 

surrounding context. These rich semantic representations 

improve contextual understanding, enabling more accurate 

similarity learning and enhancing the quality of personalized 

recommendation generation. 

XGBoost: XGBoost serves as a powerful gradient 

boosting algorithm that learns complex relationships among 

multiple features to predict recommendation relevance. Its 

robust ensemble learning strategy effectively reduces 

prediction errors, improves generalization capability, and 

delivers highly accurate ranking performance for 

personalized recommendations. 

CatBoost: CatBoost is employed as a gradient boosting 

algorithm designed to efficiently learn from numerical and 

categorical information while minimizing overfitting. Its 

strong predictive capability enhances recommendation 

robustness and contributes complementary knowledge that 

improves the overall performance of ensemble-based 

recommendation models. 

LightGBM: LightGBM is incorporated as an efficient 

gradient boosting algorithm capable of handling high-

dimensional data with fast training and low computational 

complexity. Its leaf-wise learning strategy improves 

prediction accuracy while maintaining scalability, making it 

suitable for large-scale recommendation applications. 

Weighted Voting Ensemble: The Weighted Voting 

Ensemble combines the prediction outputs of multiple 

machine learning models by assigning greater importance to 

stronger individual learners. This collaborative decision-

making strategy improves prediction stability, increases 

recommendation accuracy, reduces individual model bias, 
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and enhances the overall robustness of the recommendation 

framework. 

LIME (Local Interpretable Model-Agnostic 

Explanations): LIME provides local explanations by 

identifying the most influential features contributing to 

individual recommendation predictions. This explainability 

technique improves transparency, increases user confidence, 

and enables better interpretation of recommendation 

decisions without affecting the predictive capability of the 

underlying learning models. 

SHAP (SHapley Additive exPlanations): SHAP 

explains prediction outcomes by quantifying the contribution 

of each feature toward the final recommendation decision. It 

offers both local and global interpretability, enabling 

comprehensive analysis of feature importance while 

improving transparency, reliability, and trustworthiness of 

intelligent recommendation systems. 

Flask Framework: Flask is utilized as the deployment 

framework to provide an interactive web-based interface for 

recommendation services. It efficiently manages user 

requests, authentication, recommendation generation, and 

communication between the trained models and end users, 

enabling scalable and user-friendly access to personalized 

recommendations. 

SQLite Database: SQLite functions as the lightweight 

relational database for securely storing user accounts, 

authentication details, reading history, ratings, and generated 

recommendations. Its efficient data management capabilities 

support fast retrieval, reliable persistence, and smooth 

interaction between users and the recommendation 

application. 

IV. PERFORMANCE EVALUATION METRICS 

     Mean Squared Error (MSE): Measures the average 

squared difference between the actual and predicted book 

ratings. Lower MSE values indicate improved prediction 

accuracy. 

     Root Mean Squared Error (RMSE): Represents the 

square root of the Mean Squared Error and provides the 

prediction error in the original rating scale, making model 

performance easier to interpret. 

     Mean Absolute Error (MAE): Measures the average 

absolute difference between the predicted and actual ratings. 

Lower MAE values indicate more accurate rating prediction. 

     Coefficient of Determination (R² Score): Measures 

the proportion of variance in the actual ratings explained by 

the regression model. Higher R² values indicate better 

predictive capability. 

Model MSE RMSE MAE R² 

Score 

XGBoost 0.892 0.945 0.471 0.802 

CatBoost 1.195 1.093 0.531 0.735 

LightGBM 1.080 1.039 0.518 0.761 

Weighted 

Voting 

Ensemble 

0.860 0.927 0.462 0.809 

Table. 1. Performance Evaluation 

Table 1 compares the performance of the implemented 

recommendation models using MSE, RMSE, MAE, and R² 

Score. The Weighted Voting Ensemble achieves the best 

overall performance, demonstrating superior prediction 

accuracy and robustness over individual models. 

 

Fig. 2. Comparison Graph 

Fig. 2 compares the performance of XGBoost, CatBoost, 

LightGBM, and the Weighted Voting Ensemble. The 

ensemble model records the lowest MSE, RMSE, MAE, and 

highest R² Score, indicating superior recommendation 

performance. 

 

Fig.3 Enter the input data 

Fig. 3 illustrates the book rating interface of the 

recommendation system, where users assign ratings using a 

five-star scale. The submitted ratings are stored and utilized 

to update user preferences, improving personalization and 

enhancing the accuracy of future book recommendations 

through adaptive learning. 

 

Fig.4 Predicted Result 

Fig. 4 illustrates the My Books dashboard displaying the 

user's reading collection, rating statistics, and books pending 

evaluation. The interface provides an organized overview of 

reading activity, enabling efficient book management and 

supporting personalized recommendation generation based 

on user interactions and ratings. 

V. CONCLUSION 

In conclusion, the primary objective of the proposed 

system is to enhance personalized book discovery by 

developing an adaptive recommendation framework that 

0
0.2
0.4
0.6
0.8

1
1.2
1.4

XGBoost CatBoost LightGBM Weighted

Voting

Ensemble

MSE RMSE MAE R² Score

https://ijnrd.org/
http://www.ijnrd.org/


INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 
© 2026 IJNRD | Volume 11, Issue 8, August 2026 | ISSN: 2456-4184 | IJNRD.ORG 

 

IJNRD2608073 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org) 

 

 

a664 

effectively captures both semantic content and user 

preferences. The system utilizes the Goodreads Books 

Metadata and User Interactions datasets, integrating book 

metadata, user behavioral information, and semantic 

representations generated through a pre-trained BERT model. 

These enriched features are processed using XGBoost, 

CatBoost, and LightGBM, whose predictions are combined 

through a Weighted Voting ensemble to improve 

recommendation quality and prediction reliability. 

Experimental evaluation demonstrates the effectiveness of 

the proposed approach, with the Weighted Voting ensemble 

achieving the best performance, including an R² Score of 

0.809, indicating strong predictive capability for personalized 

book rating estimation. The framework is further enhanced 

through deployment as a Flask-based web application 

integrated with SQLite, enabling secure user authentication, 

recommendation history management, and adaptive 

recommendation based on evolving reading behavior. By 

combining deep semantic feature extraction with ensemble 

learning and an interactive deployment framework, the 

developed system provides a scalable, reliable, and intelligent 

recommendation solution that supports accurate decision-

making, improves user experience, and facilitates efficient 

personalized content discovery across digital reading 

platforms. 

The developed recommendation framework can be 

further enhanced by incorporating multimodal information 

such as book cover images, author profiles, and audio 

summaries to improve recommendation quality. Integration 

with larger and multilingual book datasets can expand its 

applicability across diverse reading communities. Advanced 

transformer-based language models and reinforcement 

learning can be utilized to capture evolving user preferences 

more effectively. Additionally, incorporating explainable 

recommendations, real-time user behavior analysis, and 

cloud-based deployment can improve transparency, 

scalability, personalization, and overall user engagement in 

digital reading platforms. 
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