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 User-item recommendation systems play a vital role in enhancing 

personalized digital experiences across e-commerce and social media 

platforms. Traditional recommendation approaches, such as collaborative 

filtering (CF) and content-based filtering (CBF), often suffer from 

challenges like data sparsity, cold-start issues, and limited contextual 

understanding. Sentiment-aware recommendation systems have emerged as 

a promising solution by incorporating emotional insights extracted from user 

reviews, thereby improving recommendation accuracy and personalization. 

This study proposes a novel sentiment-aware user-item recommendation 

system (SAUIRS) framework that integrates optimized term frequency-

inverse document frequency (O-TF-IDF), parameterized bidirectional 

encoder representations from transformers (P-BERT), weighted extreme 

gradient boosting (WXGBoost), and an optimized similarity metrics model. 

The optimized TF-IDF enhances feature selection, reducing dimensionality 

while preserving relevant textual information. P-BERT, a fine-tuned BERT 

model, improves sentiment classification accuracy by leveraging deep 

contextual embeddings. WXGBoost further refined sentiment predictions, 

addressing class imbalance and enhancing model robustness. The extracted 

sentiment information is incorporated into an optimized similarity metrics 

model to improve recommendation precision by aligning user preferences 

with sentiment-driven insights. Extensive experiments conducted on 

Amazon benchmark datasets demonstrate the superior performance in terms 

of accuracy, root mean square error (RMSE), and mean absolute error 

(MAE) of the proposed framework compared to state-of-the-art 

recommendation models. 
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1. INTRODUCTION 

With the rapid expansion of e-commerce, social media, and online content platforms, user-item 

recommendation systems have become a crucial component of personalized digital experiences [1], [2]. 

Traditional recommendation algorithms, such as collaborative filtering (CF) and content-based filtering 

(CBF), often suffer from challenges like data sparsity, cold-start problems, and an inability to incorporate 

contextual and sentiment-driven insights [3], [4]. Sentiment-aware recommendation systems aim to bridge 

this gap by integrating users’ emotional inclinations extracted from textual reviews, leading to more accurate, 

https://creativecommons.org/licenses/by-sa/4.0/
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and personalized recommendations [5], [6]. Natural language processing (NLP) techniques have played a 

transformative role in improving sentiment analysis for recommendation systems [7], [8]. Conventional term 

frequency-inverse document frequency (TF-IDF) methods [9], [10] often fall short in capturing contextual 

meanings, whereas advanced deep learning models [11], [12] such as bidirectional encoder representations 

from transformers (BERT) [12], [13] have significantly enhanced sentiment classification. However, 

optimizing these models for effective user-item recommendation [14] remains a challenge due to 

computational complexity and the need for efficient feature representation [15], [16]. 

This study proposes a novel sentiment-aware user-item recommendation system (SAUIRS) that 

leverages an optimized TF-IDF for initial feature extraction, a parameterized BERT (P-BERT) for enhanced 

sentiment classification, and a weighted extreme gradient boosting (WXGBoost) model for robust sentiment 

prediction. The sentiment information is further integrated into an optimized similarity metrics model to 

refine user-item recommendations. The proposed hybrid model effectively captures user preferences, 

enhances interpretability, and improves recommendation accuracy by incorporating both sentiment-driven 

and content-based features. The primary contributions of this research include: 

i) Development of an optimized TF-IDF technique to enhance feature selection and reduce 

dimensionality. 

ii) Implementation of a P-BERT model to improve sentiment classification accuracy. 

iii) Integration of a WXGBoost model to enhance classification robustness and mitigate class imbalance. 

iv) Proposal of an optimized similarity metrics model to refine user-item recommendations using 

sentiment-aware insights. 

v) Empirical validation through extensive experiments demonstrating improved accuracy and efficiency 

over existing recommendation frameworks. 

Manuscript organization: section 2 reviews existing sentiment analysis–based recommendation 

methods used in e-commerce platforms. Section 3 presents a hybrid sentiment analysis and enhanced CF 

approach, while section 4 discusses experimental results and comparative analysis, followed by conclusions 

and research significance. 

 
 

2. LITERATURE SURVEY 

The integration of deep learning techniques, particularly large language models (LLMs) and 

sentiment analysis, has significantly advanced intelligent product recommendation systems. This literature 

survey reviews recent studies by analyzing their methodologies, datasets, optimized metrics, contributions, 

limitations, and future research directions. Thomas and Jeba [17] proposed a bigram-based deep learning 

framework that incorporates sentiment analysis to enhance product recommendation accuracy. By 

extracting sentiment scores from user reviews, the system refines recommendation precision and recall. 

The model was trained and validated using e-commerce datasets consisting of user reviews and ratings. 

Incorporating sentiment information enables the system to capture nuanced user preferences, resulting in 

improved personalization. However, the study highlights challenges related to large-scale data processing 

and recommends future exploration of efficient algorithms and real-time processing mechanisms.  

Abdalla et al. [18] introduced a hybrid recommendation model combining self-attention mechanisms with 

bidirectional long short-term memory (Bi-LSTM) networks and incentive learning-based CF. The model 

was evaluated using mean absolute error (MAE) and root mean square error (RMSE) metrics on e-

commerce datasets containing user-item interactions and review texts. Self-attention enables effective 

contextual representation, improving recommendation accuracy. Nevertheless, the model’s architectural 

complexity increases computational cost, suggesting the need for optimization and domain generalization 

in future research. Ibrahim et al. [19] presented a hybrid neural CF approach that integrates neural 

networks with traditional CF techniques. Performance was evaluated using precision, recall, and F1-score 

on publicly available datasets such as MovieLens. The hybrid framework effectively models both linear 

and nonlinear user-item interactions, improving recommendation accuracy. However, performance 

degradation under sparse data conditions remains a challenge, motivating future work on data 

augmentation and contextual feature integration. Sami et al. [20] proposed a hybrid recommendation 

model that combines deep learning with traditional recommendation algorithms to enhance 

personalization. The system was evaluated using accuracy and coverage metrics on datasets containing 

user interaction logs and profile information from online platforms. While the hybrid approach improves 

recommendation quality, the study emphasizes the need for scalable architectures and real-time data 

processing for practical deployment. Guo and Zhang [21] employed deep learning-based embeddings to 

predict customer satisfaction in cross-border e-commerce environments. The model optimized 

classification accuracy and F1-score using datasets comprising customer reviews and satisfaction ratings. 

Accurate satisfaction prediction supports strategic decision-making and customer retention. However, 
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potential biases in customer feedback limit model generalizability, and the authors recommend 

incorporating diverse data sources in future studies. Yao and Zheng [22] proposed an enhanced sentiment 

analysis model combining transformers with conditional random fields (CRFs) to capture contextual 

dependencies in text. Evaluated on Yelp and Amazon review datasets, the model achieved an accuracy of 

93.4%. While the transformer-CRF integration improves linguistic understanding, its computational 

complexity motivates future research on model optimization and real-time applicability.  

Roy et al. [23] introduced a hybrid recommendation system integrating content-based and  

item-based CF with cascaded LLMs. The model processes product metadata and user reviews to enhance 

recommendation accuracy, precision, and recall. Experiments conducted on online apparel retail datasets, 

particularly men’s shirt categories, demonstrate improved personalization through nuanced preference 

modeling. However, scalability and real-time processing remain open challenges. Garapati and 

Chakraborty [24] proposed the review text granularity (RTG) model to improve sentiment analysis and 

rating prediction by analyzing review texts at varying levels of detail. Evaluated using MAE and RMSE on 

e-commerce datasets, the model captures subtle opinion nuances. Despite its effectiveness, computational 

complexity remains a limitation, highlighting the need for efficient architectures and contextual feature 

integration. Yang et al. [25] developed an attentive aspect-based recommendation network (AARN) that 

employs attention mechanisms to capture aspect-level user preferences from reviews. The model 

optimized precision, recall, and F1-score using annotated e-commerce review datasets. Aspect-level 

modeling enables more personalized recommendations, though accurately extracting and weighting 

aspects remains challenging. Future work suggests refining aspect extraction and integrating external 

knowledge sources.  

In summary, these studies demonstrate that incorporating advanced NLP techniques such as LLMs, 

attention mechanisms, and aspect-level sentiment modeling significantly improves recommendation accuracy 

and personalization. However, challenges related to data imbalance, multi-domain e-commerce 

environments, computational complexity, and real-time processing persist. These limitations motivate the 

development of the proposed SAURIS framework discussed in the subsequent section. 

 

 

3. PROPOSED METHOD 

The SAUIRS presented in Figure 1 is designed considering recommending Top N items to users and 

identifying users with similar interests. The SAUIRS first collects realistic data from the Amazon website, 

considering multiple products of different domains, which include cosmetics, food, and electronics. More 

details of the datasets and their attribute are provided in sub-section 3.1. Then, the SAUIRS performs 

sentiment analysis using optimized TF-IDF and a transformer model employing a P-BERT model. More 

details of the process are discussed in sub-sections 3.2 and 3.3. Then, introduces WXGBoost to perform the 

sentiment classification task and optimized similarity metrics. A model is introduced to perform Top N 

recommendations. More details of this are presented in sub-sections 3.4 and 3.5. 

 

 

 
 

Figure 1. Architecture of SAUIRS 

 

 

3.1.  Dataset and preprocessing 

The study uses the Amazon dataset which spans multiple product categories like product reviews, 

laptop reviews, and tablet reviews [24], [25], maintained by the University of California San Diego.  

Due to the dataset’s large size [25], a subset of 30,000 rows having multiple categories were extracted to 

the men’s shirt category under clothing, shoes, and jewelry were selected randomly for creating a novel 

dataset for training, testing, and validation. Further, the Amazon laptop and tablet datasets [25] were also 
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collected from the publicly released Amazon product reviews 2 (5-core) collection, which ensures  

that each user and each item have at least five associated reviews. From the electronics category, laptop- 

and tablet-related entries were selected, preprocessed, and subsequently divided into training, validation, 

and test partitions following an 80:20 split. Only relevant fields necessary for constructing the  

sentiment-based recommendation system were retained from the original dataset. These fields include:  

Id (asin): a unique identifier for each product, Brand (details): details of the product’s brand. Categories 

(main_category): the primary category of the product. Manufacturer name (Manufacturer): the name of the 

manufacturer. Reviews_date (timestamp): the date when the review was posted. Reviews_didPurchase 

(verified_purchase): indicates whether the product was purchased by the reviewer. 

Reviews_doRecommend (bought_together): recommended bundles from the websites. Reviews_rating 

(rating): numerical ratings given by users. Reviews_text (text): the textual review content. Reviews_title 

(title): titles of the reviews. Reviews_username (reviewerName): the username of the reviewer. 

User_sentiment: the manually annotated sentiment label for each review (positive or negative). The 

preprocessing step ensured the dataset is clean and structured for analysis. Key tasks included are as 

follows: handling missing data: null values in the dataset were addressed by removing that particular row. 

Data cleaning (removing unnecessary columns): irrelevant data columns were removed. Only the essential 

columns from the dataset were retained, based on exploratory data analysis (EDA). Moreover, the  

text-based review data underwent the following steps: punctuation removal: non-alphanumeric characters 

were eliminated. Stopword removal: common words (e.g., “and” and “the”) that did not contribute  

to the sentiment were filtered out. Lemmatization: words were reduced to their root form to standardize 

textual content. 

 

3.2.  Feature extraction 

To make the cleaned dataset suitable for machine learning, feature extraction was carried out using a 

newly introduced optimized term frequency-inverse document frequency (O-TF-IDF) method. TF-IDF is a 

statistical technique that reflects the relevance of a term within a specific document relative to an entire 

collection. It is commonly applied in information retrieval and text analytics to transform textual input into 

meaningful numerical representations that can be utilized by learning algorithms. Term frequency (TF) 

reflects how often a particular word occurs within a document compared with the total number of words in 

that document as obtained in (1). 

 

𝑇𝐹(𝑡) =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝑡𝑒𝑟𝑚 𝑡 𝑎𝑝𝑝𝑒𝑎𝑟𝑠 𝑖𝑛 𝑎 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑒𝑟𝑚𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡
 (1) 

 

In contrast, inverse document frequency (IDF) indicates the significance of a term by lowering the influence 

of words that appear frequently across many documents, such as common stopwords as in (2). 

 

𝐼𝐷𝐹(𝑡) = log (
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑡𝑒𝑟𝑚 𝑡
) (2) 

 

The TF-IDF value is obtained by multiplying these two components as in (3). 

 

𝑇𝐹 − 𝐼𝐷𝐹(𝑡) = 𝑇𝐹(𝑡) × 𝐼𝐷𝐹(𝑡) (3) 

 

This combined measure emphasizes terms that are more distinctive or meaningful within a specific 

document while downplaying words that are commonly found throughout the entire corpus. Although  

TF-IDF remains a widely used and effective method for transforming text into numerical features, it still 

presents certain shortcomings that may limit its effectiveness for specific applications. The main problem 

identified during recommendation system design using sentiment analysis are as follows: 

i) TF-IDF treats words or n-grams as independent features and does not consider the semantic or syntactic 

relationships between them. Hence, due to this it cannot understand the meaning of words or phrases, 

leading to a lack of context in feature representation. For example, “not bad” and “bad” may be treated 

similarly despite having opposite sentiments. 

ii) The feature space grows rapidly with the size of the vocabulary and the use of n-grams (e.g., bigrams or 

trigrams). Hence, resulting in large, sparse matrices, increasing computational costs and memory 

requirements. It also makes models prone to overfitting, especially with small datasets. 

iii) Words that are very common across documents (e.g., “product” and “review”) may still have non-zero 

weights due to term frequency, even if they add little value. This can introduce noise into the feature set. 
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iv) Rare but meaningful terms (e.g., “awesome” and “disastrous”) may be discarded if the mined threshold 

is too high. This can lead to a loss of critical information. 

v) The performance of TF-IDF heavily depends on the selection of parameters like minds, max_df, and 

ngram_range. Poor parameter choices can result in irrelevant features being included or significant 

features being excluded. 

For solving the above issues, the O-TF-IDF has been enhanced by selecting the min_df, max_df and 

n_gram range. As TF-IDF vectorization is used to convert text data into numerical features for model 

training. The following parameter optimized metrics been used for enhancing the TF-IDF. That is, the 

configuration of parameters are tfidf=TfidfVectorizer(min_df =5, max_df =0.95, ngram_range =(1,2)), 

min_df =5: ignores terms appearing in fewer than 5 documents, max_df =0.95: excludes terms that appear in 

more than 95% of documents, and ngram_range =(1,2): the advantage of optimized TF-IDF are as follows: 

i) By including bigrams (ngram_range =(1,2)), this work significantly increases the number of features, 

leading to a high-dimensional sparse matrix. This provides better features. 

ii) The min_df =5 and max_df =0.95 thresholds are chosen according to the dataset. These parameters 

provide a balance between retaining important terms and removing noise. 

iii) By optimizing the TF-IDF approach, better performance is achieved providing better results for 

sentiment-based product recommendation. 

This optimized TF-IDF method assigned importance to words considering unigrams and bigrams based on 

their frequency across reviews, ensuring better representation of textual content for the supervised machine 

learning classifier. 

 

3.3.  Sentiment analysis with transformer-based model 

The extracted feature set was subsequently fed into a BERT-based model [15] to obtain sentiment 

scores. Among transformer-driven techniques, BERT [15] remains one of the most widely adopted due to its 

strong contextual understanding. Transformers, a class of deep learning models, rely on a self-attention 

mechanism that identifies the relevance of each feature and its contextual meaning within a review. Unlike 

traditional neural network architectures, transformer models support parallel computation, enabled by  

self-attention and positional embeddings, which capture long-range dependencies efficiently. For this reason, 

BERT is selected for sentiment evaluation. However, given the size of the dataset used in this study—

approximately 30,000 reviews standard BERT models and their common variants struggle to deliver optimal 

performance. To address this limitation, this work proposes a parameter-optimized version of BERT, referred 

to as P-BERT. The architecture of the proposed P-BERT model is illustrated in Figure 2. 

 

 

 
 

Figure 2. Sentiment predictive score, polarity labeling, and polarity classification 

 

 

In extracting polarities at a given review considering the contextual feature level, let the collection of 

review-text in the dataset be 𝑥 and 𝑁 denote words in each review-text. This is mathematically denoted as (4).  

 

𝑋 = {𝑥𝑁} (4) 

 

By using 𝑋, overall polarity of review-text is identified using (5), in a tuple-set format represented as 𝑇. 

 

𝑇 = {(𝑎𝑖 , 𝑜𝑖 , 𝑠𝑖)} (5) 

 

In (5), 𝑎𝑖 denotes contextural features, 𝑜𝑖  denotes polarity, and 𝑠𝑖 denotes review-polarity for given 

𝑋. The P-BERT approach considers position-tagging technique for representing contextual features; hence, 

tagging is done on complete review-text where the contextual-tags for starting-point and ending-point was 
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denoted as 𝐴𝑠 and 𝐴𝑒 and its respective polarities were denoted as 𝑂𝑠 and 𝑂𝑒. Moreover, position-encoding 

was incorporated in P-BERT for retrieving contextural feature position and its respective polarity as tokens.  

In (6), the 𝐶𝑅𝑒 denotes overall tokens present in review-text, 𝑟𝑒𝑙 denotes single tokens in the  

review-text. Using (6), the contextural feature polarity was extracted. The BERT approach was modified 

during fine-tuning process in this work. For modifying BERT, a SoftMax function was used for extracting 

review-level polarity and classifying polarity, to get the classification results achieved by the P-BERT.  

The output (tokens) from BERT were used as input for SoftMax function. The main aim of using SoftMax 

function was to use polarity given by BERT approach, and convert it to probabilities. The probabilities 

provided polarity likelihood for every class (neutral, negative, and positive), using which review-level 

polarity was extracted. The SoftMax probability was evaluated using (7).  

 
𝐶𝑅𝑒 = {𝑟𝑒1, 𝑟𝑒2, … , 𝑟𝑒𝑙} (6) 

 
𝑌 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝐶𝑅𝑒1𝑊𝑒1 + 𝑏𝑒1) (7) 

 
In (7), 𝑊𝑒1 denotes a weight matrix, which was utilized for transforming contextualized tokens to 

format which was used for classification and 𝑏𝑒1 denotes a bias vector which was added to linear transformed 

output for changing the outcome and enhancing BERT flexibility. In the P-BERT framework, CLS denotes 

the classification token, TOK refers to individual tokens, and SEP marks the separator. Each review is first 

processed through token and positional embedding layers, where every word is assigned a token identifier 

and a corresponding position index. This study employs only the encoder component of BERT, as the 

encoder alone is sufficient to generate rich contextual embeddings for the input text. The encoder contains a 

self-attention mechanism combined with a feed-forward network that transforms the review sequence into 

contextual representations. Unlike the original BERT model, which relies on static masking, P-BERT 

incorporates dynamic masking to produce more diverse and context-aware representations. Additionally, 

instead of using character-level byte-pair encoding, the proposed model adopts byte-level byte pair encoding 

(BPE) to accelerate computation. These enhancements allow P-BERT to handle larger datasets with more 

batches and longer sequences than standard BERT. Before constructing the attention masks and input IDs, 

each review is tokenized. During concatenation, the attention mask identifies the relative importance of each 

token, whereas input IDs convert the text into a sequential numeric format. Both components serve as inputs 

to the P-BERT architecture. The final P-BERT configuration includes 768 hidden units and 12 encoder 

layers. Its output layer categorizes each review as positive, neutral, or negative. The resulting classification 

scores are subsequently processed using a WXGBoost model, which is described in the following section. 

 
3.4.  Weighted extreme gradient boosting for sentiment classification 

This model classified user reviews as either positive or negative, using accuracy, precision, and  

F-score performance metrics. The sentiment analysis step formed the foundation for generating user and 

item-based recommendations. For polarity using the proposed model, consider the e-commerce dataset 𝑋 

with 𝑡𝑇ℎ𝑒  number of samples rated by the P-BERT model is defined in (8). 

 
𝑋 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … (𝑥𝑡 , 𝑦𝑡)} (8) 

 
In (8), 𝑥𝑡 denotes a feature vector for every 𝑡𝑡ℎ observation and 𝑦𝑡 ∈ {0,1} where 𝑦𝑡 = 1 denotes 

positive sample and 𝑦𝑡 = 0 denotes a negative sample. The supervised classifier model 𝐹 maps input features 

𝑋 for getting output 𝑦, as presented in (9).  

 
𝐹 = 𝑓(𝑋) = ∑ 𝜃𝑘 ∙ ℎ𝑘(𝑋)𝐾

𝑘=1  (9) 

 
In (9), 𝐾 denotes the total number of trees present, 𝜃𝑘 denotes weights assigned to 𝑘𝑡ℎ tree and 

ℎ𝑘(𝑋) denotes output of 𝑘𝑡ℎ for input 𝑋. The WXGBoost main aim is to minimize log-loss while 

incorporating a regularization term for preventing overfitting. The loss function is evaluated using (10).  

 
𝐿 = ∑ [𝑦𝑡 log(𝑝𝑡) + (1 − 𝑦𝑡) log(1 − 𝑝𝑡)] + ∑ 𝛺(ℎ𝑘)𝐾

𝑘=1
𝑁
𝑡=1  (10) 

 

In (10), 𝑝𝑡 = 𝜎(𝑓(𝑥𝑡)) is predicted positive polarity probability, where sigmoid-activation 𝜎 is 

evaluated as presented in (11). Also, 𝛺(ℎ𝑘) in (10) is evaluated using (12). 

 



Int J Artif Intell  ISSN: 2252-8938  

 

Sentiment-aware user-item recommendation combining weighted XGBoost and … (Snehal Bhogan) 

1857 

𝜎(𝑧) =
1

1+𝑒−𝑧 (11) 

 

𝛺(ℎ𝑘) = 𝛾𝑁 +
1

2
𝜆||𝑤𝑘||

2
 (12) 

 
In (12), 𝑁 represents the total number of leaves in each decision tree, while 𝑤𝑘 corresponds to the 

weight assigned to the k-th leaf. The parameters 𝛾 and 𝜆 serve as regularization terms that manage the overall 

complexity of the tree. During training, the WXGBoost model processes the e-commerce dataset by 

minimizing the loss function 𝐿, identifying the most effective tree structure through optimal node splitting, 

determining the ideal leaf weights 𝑤𝑘, and ensuring an appropriate balance between predictive accuracy and 

generalization by regulating 𝛺(ℎ𝑘). 

 
3.5.  Recommendation using similarity metrics and CF 

CF comes into play, which involves the creation of a cumulative product set based on other products 

deemed like the ones selected through content filtering, and using this approach, products that share 

commonalities with user preferences are identified. Subsequently, the similarity between the embeddings of 

the user-entered custom phrase and the products’ description and review in the corpus using the cosine 

formula as in (13). 

  

𝑐𝑜𝑠𝐶 =
〈𝑎,𝑏〉

‖𝑎‖∙‖𝑏‖
 (13) 

 
Where, 𝑎 and 𝑏 represent the cascaded embeddings of custom user phrases and concatenated product 

description and review information in the dataset respectively. 〈𝑎, 𝑏〉 represents the dot product of vectors. 

The vector norm for 𝑎 is shown in (14). 

 

‖𝑎‖ ∙ ‖𝑏‖ = √𝑎1
2 + 𝑎2

2 + ⋯ + 𝑎𝑛
2  (14) 

 
In this study, the model evaluates the similarity between an active user 𝑐𝑎and each neighboring user 

𝑐𝑛using the cosine similarity metric shown in (13). Here, the neighbors of 𝑐𝑎 are defined as users who have 

provided ratings for the same items and whose rating patterns closely resemble those of the active user. To 

estimate the final predicted ratings, the system combines the criterion scores for each recommended item 

using a weighted aggregation strategy. The aggregated scores are used to compute the expected rating for 

each item, after which the items are sorted according to their predicted values. The highest-ranked items are 

ultimately recommended to the user. 

 

𝑆(𝑐𝑎, 𝑐𝑛) =
∑ 𝑅𝑡𝑎𝑖𝑅𝑡𝑐𝑖

𝑁
𝑖=1

√∑ 𝑅𝑡𝑎𝑖
2𝑁

𝑖=1 √∑ 𝑅𝑡𝑐𝑖
2𝑁

𝑖=1

 (15) 

 
Let the string representation of the active user be denoted as 𝑆𝑐𝑎 and that of the neighboring user as 

𝑆𝑐𝑛. Their vectorized forms are represented by 𝑉𝑐𝑎 and 𝑉𝑐𝑛, respectively. For each item associated with the 

active user 𝑢𝑎, the corresponding genres are extracted, concatenated into a textual sequence 𝑆𝑡𝑎, and then 

transformed into a vector 𝑉𝑐𝑎. A similar process is applied for the neighboring user 𝑢𝑛, where the categories 

for each item are combined into 𝑆𝑡𝑛 and converted into the vector form 𝑉𝑐𝑛. These representations are 

generated using the BERT-XGBoost model. Because a user’s full rating history defines their behavioral 

profile, the BERT-XGBoost model processes all items rated by a user as the contextual input for each 𝑐𝑛. The 

similarity significance between 𝑉𝑐𝑎 and 𝑉𝑐𝑛 is further refined using a normalized Euclidean distance 

measure. In (16) integrates both the similarity score 𝑆(𝑐𝑎, 𝑐𝑛) and the corresponding weight 𝑊(𝑐𝑎 , 𝑐𝑛) to 

compute the predicted rating for an unrated item 𝑢𝑟𝑖. The preference of user 𝑐𝑎 for item 𝑢𝑟𝑖 is inferred from 

the ratings of the 𝐾 most similar neighbors. 

 

𝑃𝑎𝑖 = 𝑟̄𝑎 +
∑ 𝑊(𝑐𝑎,𝑐𝑖)⋅𝑆(𝑐𝑎,𝑐𝑖)⋅(𝑟𝑎𝑖−𝑟̄𝑎)

𝐾
𝑖=1

∑ ∣𝑊(𝑐𝑎,𝑐𝑖)⋅𝑆(𝑐𝑎,𝑐𝑖)∣
𝐾
𝑖=1

 (16) 

 
Here, 𝑟𝑎𝑖  denotes the rating assigned by 𝑐𝑎 to the item 𝑢𝑟𝑖, 𝑟̄𝑎 is the average rating of user 𝑐𝑎, 𝑐𝑖 represents the 

neighboring user, 𝑆(𝑐𝑎 , 𝑐𝑖) is the similarity measure, and 𝑊(𝑐𝑎 , 𝑐𝑖) is the weight associated with that 

similarity. The outputs obtained from CF and sentiment analysis are then combined to generate a unified 
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recommendation list. Given a rating matrix 𝑅𝑘×𝑙, where 𝑘 denotes the number of users and 𝑙 denotes the 

number of items, each rating 𝑟𝑎𝑖 ∈ 𝑅𝑘×𝑙 represents the score assigned by user 𝑎 to item 𝑖. The final predicted 

rating for item 𝑖 by user 𝑎is obtained as in (17). 

 

𝑃𝑓𝑖𝑛𝑎𝑙 = 𝛼 ∙ 𝑃𝑎𝑖 (17) 

 

Using the modelled similarity matrix in this work, user-item similarity matrix is constructed to 

identify similar interest users; then, user rating normalized to perform prediction of what items a user may 

purchase. Then, item-based recommendation is performed by identifying top-10K, Top-20K items for the 

users. This system generates recommendations for products that are similar to those previously bought or 

rated highly by the user. The model similarity metrics is designed in such a way when no rating is available 

for particular products, it can still make Top-N recommendations to users. 

 

 

4. RESULTS AND DISCUSSION 

This section studies the performance attained by proposed model and various other baseline models 

using multi-domain ecommerce Amazon dataset. The study includes studying performance for sentiment 

classification and Top-N recommendation using novel hybrid model combined with new similarity  

metrics-based collaborative metrics. The findings of polarity classification are evaluated using accuracy 

defined in (18). 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (18) 

 

To assess the effectiveness of the proposed model, two commonly adopted evaluation metrics: MAE 

in (19) and RMSE in (20) were employed for rating prediction. These measures are widely used in 

recommendation systems to quantify prediction accuracy. RMSE emphasizes larger deviations by squaring 

the errors, thereby penalizing significant mispredictions more heavily than MAE. For this reason, RMSE is 

frequently preferred when large errors are particularly undesirable. Nevertheless, because both metrics can be 

influenced by outliers, MAE may be more suitable for datasets with irregular or skewed rating distributions. 

 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑟𝑖,𝑗 − 𝑟̂𝑖,𝑗|𝑁

𝑛=1  (19) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑟𝑖,𝑗 − 𝑟̂𝑖,𝑗)

2𝑁
𝑛=1  (20) 

 

Here, 𝑁 denotes the total number of samples in the test set, while 𝑟𝑖,𝑗 and 𝑟̂𝑖,𝑗 correspond to the actual and 

predicted ratings, respectively. Since both metrics measure prediction error, lower values indicate improved 

accuracy, and stronger predictive capability of the model. 

 

4.1.  Sentiment analysis performance evaluation 

This section studies evaluated the sentiment classification performance using proposed WXGBoost 

based model with other existing machine learning-based classifiers [23]. The study showed in [23], that 

employing TF-IDF with machine learning classifier aided the performance in comparison with 

Countvectorizer-based machine learning model. The work introduces a novel XGBoost+optimized TF-IDF 

model ensuring an accuracy of 88%; then, the work introduced a novel WXGBoost combined with optimized 

TF-IDF, ensuring an accuracy of 94% as shown in Table 1. Thus, the result shows the proposed model attains 

significantly higher accuracy by learning through BERT-based scoring combined with XGBoost-based 

weighted classifier when compared with existing methods. 

 

 

Table 1. Comparative study with machine learning-based sentiment analysis model 
Model Accuracy (%) 

Logistic regression+TF-IDF [23], 2024 81.32 

Naïve Bayes+TF-IDF [23], 2024 79.82 

XGBoost+TF-IDF [23], 2024 81.67 
Random forest+TF-IDF [23], 2024 83.01 

CRF [22], 2024 93.4 

XGBoost+O-TF-IDF [proposed] 88 

WXGBoost+O-TF-IDF [proposed] 94.5 
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4.2.  Recommendation performance evaluation 

This section provides a comparative evaluation of the SAUIRS recommendation framework and 

several well-established baseline models. To verify the effectiveness of the SAUIRS model, the baselines 

were grouped into four main categories: i) methods that rely exclusively on numerical ratings (CF and 

probabilistic matrix factorization (PMF)), ii) approaches that integrate review text into the prediction process 

(hidden factors and hidden topics (HFT) and retrieval-augmented retrieval (RAR)V2), iii) attention-driven 

models that exploit neural attention mechanisms (neural attentional regression model with review-level 

explanations (NARRE) and review semantics based model (RSBM)), and iv) aspect-aware recommendation 

models (aspect attention-based neural collaborative filtering (A3NCF) and user and context aware model 

(UCAM)). A concise overview of the baseline techniques is summarized as follows:  

− CF [26]: one of the earliest and most influential recommendation strategies, CF identifies similar users 

or items by analyzing historical rating patterns, and recommends items from the closest neighbors.  

− PMF [27]: PMF extends the matrix factorization paradigm by introducing Gaussian priors, allowing it 

to respond effectively to highly sparse and imbalanced rating matrices.  

− HFT [28]: the HFT model employs latent Dirichlet allocation (LDA) to derive underlying topics from 

user and item reviews and fuses these topics with latent factors obtained through matrix factorization.  

− NARRE [29]: the NARRE mechanism that highlights impactful reviews. User and item embeddings are 

learned using matrix factorization, while a CNN identifies informative review segments for the  

final prediction.  

− RARV2 [30]: this method enriches review-text representation by combining multiple embedding types. 

It utilizes BERT and robustly optimized BERT pretraining approach (RoBERTa) as auxiliary sources of 

semantic information within a deep matrix factorization framework.  

− RSBM [31]: the RSBM extracts semantic features from reviews using a CNN and applies an attention 

network to capture aspect-specific evaluations for rating prediction.  

− A3NCF [32]: an aspect-aware neural model that adapts to user-specific preferences across various item 

aspects. Topic modeling is used to identify user interests and item attributes, which are then integrated 

into the recommendation process. 

− UCAM [33]: a deep-learning-based, context-aware model that merges user-item interactions with 

review representations. Review features are obtained using a BERT-based aspect-based sentiment 

analysis (ABSA) module to extract aspect-oriented sentiments.  

The RMSE and MAE scores for the baseline models are reported in Table 2. The results 

demonstrate that the proposed SAUIRS framework, leveraging hybrid optimization, enhanced similarity 

computation, and a sentiment-aware classification module, achieves a substantial reduction in predictive error 

compared with all competing approaches. The MAE performance of different transformer and attention-

based models is tabulated in Table 3. The results can be seen in the proposed SAUIRS model, employing 

hybrid optimization with optimized similarity metrics combined with sentiment classifier enabled the model 

to significantly reduce predictive error in comparison with different baseline models. 

 
 

Table 2. Comparative study with baseline models 
Model RMSE MAE 

CF [26], 2001 1.291 1.602 

PMF [27], 2007 1.003 1.008 

HFT [28], 2013 0.901 1.297 

RARV2 [29], 2018 0.655 0.809 

NARRE [30], 2023 1.023 1.373 

RSBM [31], 2020 0.578 0.799 
A3NCF [32], 2018 0.992 1.307 

UCAM [33] 2020 0.767 0.997 

AARN [25], 2024 0.509 0.764 
RTG [24], 2025 0.267 0.217 

SAUIRS [proposed] 0.245 0.311 

 

 
Table 3. Comparative study with transformers and attention-based models 

Model MAE 

Doc2Vec 0.692 

BERT 0.585 
RoBERTa 0.576 

AARN [25] 0.509 

SAUIRS [proposed] 0.245 

 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 2, April 2026: 1851-1862 

1860 

The results indicate significant improvements in recommendation accuracy. validating the 

effectiveness of sentiment-aware features in refining user-item recommendations. The proposed methodology 

offers a scalable and interpretable approach, bridging the gap between sentiment analysis and 

recommendation systems. This study contributes to advancing intelligent recommender systems by 

integrating deep learning-based sentiment classification with optimized similarity measures, paving the way 

for more accurate and user-centric recommendations. 

 

 

5. CONCLUSION 

This study introduced a novel SAUIRS framework integrating O-TF-IDF, P-BERT-based sentiment 

classification, WXGBoost, and an optimized similarity metrics model. The approach was evaluated using the 

Amazon multi-domain dataset comprising 30,000 reviews across diverse product categories. Performance 

was assessed using accuracy, MAE, and RMSE, ensuring a comprehensive evaluation of effectiveness. 

Experimental results demonstrated that the proposed framework outperforms existing recommendation 

models by achieving higher accuracy while reducing error metrics. The sentiment classification module, 

powered by P-BERT and WXGBoost, significantly improved prediction precision, leading to more relevant 

and user-centric recommendations. O-TF-IDF effectively captured essential features, mitigating sparsity 

issues and enhancing contextual understanding of reviews. Furthermore, sentiment-aware similarity metrics 

refined the recommendation process by aligning suggestions with users’ emotional inclinations. Quantitative 

analysis confirmed accuracy improvements over traditional CF methods, while reduced MAE and RMSE 

validated robustness and reliability. Overall, the proposed SAUIRS model offers a scalable, efficient, and 

sentiment-aware solution. Future work will focus on real-time deployment, large-scale optimization, and 

reinforcement learning–based adaptive refinement. 
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