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Abstract. Recommender systems are a popular research area broadly applied, 

from e-commerce to e-learning systems. The paper presents a hybrid approach 

to recommender systems that leverages user reviews, clustering, and sentiment 

analysis to enhance recommendation accuracy. Traditional models primarily 

rely on user ratings, often neglecting the rich contextual information in textual 

reviews. The proposed method extracts user preferences by analyzing re-view 

content through sentiment analysis and clustering techniques, providing a more 

nuanced understanding of user tastes and preferences. By incorporating this 

detailed preference data and contextual information, the system generates Top-

N recommendations that are relevant to the user and personalized. We applied 

our model to the Yelp dataset, which includes diverse and extensive user 

reviews of various businesses. Comparative evaluations demonstrate that our 

approach significantly outperforms traditional models based solely on user 

ratings, achieving higher accuracy in recommendation predictions. The results 

underscore the importance of utilizing multidimensional data sources in 

recommendation systems, highlighting the potential for im-proved user 

satisfaction and engagement. This study contributes to recommender systems 

by showcasing the benefits of a comprehensive analysis of user-generated 

content and its impact on recommendation quality. 

Keywords: Recommender Systems, Hybrid Recommender  

System,Collaborative Filtering 

1 Introduction 

Nowadays, recommendations have become a part of everyday life. Recommender 

systems techniques have been sturdily researched within the last decade to facilitate 

the demand for prioritizing information and suggesting information of potential 

interest to the users. The recommender system is widely used in various domains, 

including resumes, movie recommendations, e-commerce, etc. It has become an 

effective way in marketing processes in e-commerce because it provides valuable and 

personalized information. Our paper aims to develop a hybrid approach to 

recommendation that can exploit implicit feedback and sentimental analysis for 

calculating user preferences and suggesting appropriate items according to user 

preferences. 
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2 Related Work 

There are two approaches to recommender systems: the classical 2D approach and the 
multidimensional or contextual approach [1]. The classical approach or 
two-dimensional approaches to recommender systems only consider the rating matrix 
of user and item. It emphasizes recommending the most appropriate items to users 
without incorporating any contextual information. In many applications, such as 
suggesting a restaurant, it is inadequate to consider only a combination of users and 
items. Incorporating contextual information into the recommendation process is vital 
for providing users with item suggestions tailored to specific conditions. Reviews 
crawled from the people who had already visited the restaurant are valuable sources 
of information for recommendation. Therefore, accurate user preference prediction 
depends on how well the appropriate contextual information is combined into a 
recommendation process. 

3 Context Aware Recommender System (CARS) 

Context is any aspect or sub-aspect of an entity that can be used to characterize a 
situation. In [2], context is “Any information that can be used to characterize the 
situation of an entity. An entity is a person, place, or object considered relevant to the 
interaction between a user and an application, including the user and applications 
themselves”. The application incorporates the user's contextual information and adapt 
dynamically to changes in this context to deliver precise recommendations. This is 
known as context awareness [3] [4]. Table 1 shows the example of context for 
recommendation. 

Table 1. Example of Context for Recommendation 

S.No. Reference Context/Aspect 
1 [2] Context toolkit to build context-aware applications 
2 [5] Identity, location, objects, nearby people 
3 [6] Season, location, identity, object, nearby people 
4 [7] Location, identity, time, activity, Email, Phone 

5 [8] feature of interaction/emergent property of 
occasions of interaction/ characteristics of the 

6 [9] Where you are/ Who you are with/What resources 
are nearby 

7 [10] State, reachability, surroundings, location 
8 [11] Location, time, weather, user preferences 

Context Information taken from user opinion increases the accuracy of 
recommendation systems. In the context of restaurant recommendations, the factors to 
consider include the food quality, service type, location, and the ambiance of the 
venue. For example, "food quality" can be a vital feature for some users, while saving 
traveling time is essential for others. Location is the most crucial feature in restaurant 
recommendation systems among the many contextual information [12]. To accurately 
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predict the preferences and provide better recommendations, the Context Aware 
Recommender System incorporates context information into the classical 
recommender system [13] [14]. 

4 Sentiment Analysis Methods for Recommender System 

Sentiment analysis is a computational technique to study the feelings, emotions and 
user attitude towards any individual, event, place, topic, service, product, and their 
attributes [15]. It is also called opinion mining. It is an interesting part of machine 
learning. The focus of sentiment analysis is to extract polarities from data. Over the 
past five years, many surveys [16, 17, 18] have been performed on sentiment analysis 
methods for recommender systems. These are good starting points for discovering 
new challenges in recommendations. Complexity is high in natural language 
processing since the same word can express different things. In such cases, a semantic 
approach to sentiment analysis is suitable. 

Carl Anderson in [19] presents a literature survey on technical approaches to food 
recommendations, such as collaborative filtering, content-based recommendations, 
hybrid, graph-based recommendations, word embeddings, expert systems, and 
clustering. Hegde et al. in [20] utilized general approaches like Bag of Word and Term 
frequency-inverse document frequency (Tf-idf) to extract the features of the food 
items. Utilizing the Support Vector Machine algorithms, user feedback is analyzed 
based on extracted features, and top-n food items are recommended to be 
included.Table 2 shows the summary of work related to sentiment analysis methods 
for recommendation.Table 3 shows example of restaurant reviews consisting of 
features and sentiments. 



Learning 

algorithm. 

 

352             A. Sankari et al.

Table 2. Summary of Work Related to Sentiment Analysis Methods for Recommendation 

Year, 
author, 
referen
ce 

Main 
Subject 

Dataset Proposed 
Method 

Conclusion Future 
Work 

[21] Comparative 
study of 
Rule-Based 
Sentiment 
Analysis, 
Aspect-Based 
Sentiment 
Analysis, and 
Sentiment 
Analysis 
using 
Machine 

Kaggle 
Dataset, 
Movie 
Review, 
aclimbstand
ford, 
Rt-polarity 
dataset 

Aspect-based 
Sentiment 
analysis is 
integrated 
with 
maximum 
entropy. 

Machine 
Learning 
has higher 
accuracy. 

A 
parallelized 
ranking 
algorithm 
can be 
incorporated 
to improve 
results. 

[22] Multi-criteria 
recommendat
ion using 
aspect-based 
sentiment 
analysis 

Yelp, 
Tripadvisor, 
Amazon 

Framework 
for Sentiment 
Aspect Based 
Retrieval 
(SABRE)  

Framework 
extracts 
relevant 
aspects and 
their 
sub-aspects 
from 
reviews 

Encode the 
extracted 
features 
from users’ 
reviews on 
the context 
aware 
recommenda
tion 

[20] Sentiment 
Classification 
and 
four-course 
meal 
classification 

Yelp Framework 
for 
sentiment-bas
ed food 
classification 

Address the 
issue in 
identifying 
top-n food 
items of 
users’ 
preference 

Extract 
negative 
sentiment 
from 
customer 
review 
 

[23] Attractive-Re
levance-Popu
larity 
measures 
performance 
compared to 
traditional 
similarity 
measures in a 
collaborative 
filtering 
context. 

Yelp 
Restaurants 
Reviews/ 
Datafiniti 
Hotel 
Review 

Proposed 
sentiment 
rating 
approach 
using 
SentiwordNet 
/Designed 
Attractive-Re
levance-Popu
larity 
measure to 
determine the 
similarity 
between two 
users. 

ARP 
successfully 
replaces 
traditional 
similarity 
measure 
like Pearson 
Correlation 
Coefficient. 

ARP can be 
applied on 
multiple 
datasets to 
study the 
effects of 
sparsity and 
dimensionali
ty features 
over its 
performance
. 



The staff was friendly, but it took a while for our food to arrive. I might 
come back to try something else. 
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Table 3.  Example of Restaurant Reviews Consisting of Features and Sentiments 

1. The restaurant was decent. The food was okay, but nothing really stood 
out. I ordered the burger, and while it was cooked well, the toppings 
were a bit lacking. 

2. Absolutely love this place! The selection of craft beers is impressive, 
and the staff is incredibly knowledgeable. 

3. I was really disappointed with my visit. The wait time was excessively 
long, and when our food finally arrived, it was cold. 

4. 

5. This place receives stars for their APPETIZERS!!! 

5 Problem Statement 

Most traditional restaurant recommendation system research is based on the user’s 
rating history. In past research, user opinions are seldom considered. Therefore, the 
accuracy of the recommendation is not satisfactory. For example, if user A's opinion 
about a restaurant is negative, then user B, who has the same taste as user A, should 
not recommend that restaurant. Restaurant recommendations are quite difficult, as 
users hardly rate restaurants without bias. Due to this, it is challenging to build a user 
profile for recommendations. This lack of information or no information at all leads to 
a cold start problem [24]. Therefore, rather than focusing on ratings and users’ 
profiles, the proposed model takes users' reviews and generates user preferences 
accordingly. This method is more effective in situations where ratings are unavailable. 

6 Proposed Model 

The proposed model (Fig 1) comprises three phases: extracting the user preferences, 
incorporating contextual information, and making recommendations.  

6.1 Extracting preferences  

In this phase, the following steps are preprocessing, clustering, and sentiment analysis 
to extract the user preference. Information filtering techniques are used to find 
relevant information in a dynamic database. The first step is preprocessing, which 
includes tokenization, POS tagging, stop word elimination, stemming, and extracting 
nouns.   

Tokenization is the process of splitting text into individual words or tokens. The basic 
phase in NLP involves splitting a text into meaningful units. In POS tagging, a 
part-of-speech tag is assigned to each token, identifying its grammatical category, 
such as noun, verb, or adjective. Here, we filter out only the nouns. The stop word 
elimination method removes common stop words (words that don't contribute much 
to the meaning) from the text. Nltk provides a predefined list of stop words. 



 

 
 
 

 

 

i. Tokenization 
ii. POS Tagging 

iii. Stop-Word Elimination 
iv. Stemming 
v. Extracting Noun 

Step 2: Clustering 
Step 3: Sentiment Analysis 

i. Sentiment feature extraction and selection 
ii. Sentiment Classification (positive, neutral, negative) 
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Stemming is utilized to convert the words to their base or root form. This helps in 
dropping the inflected words to a common base form. 

After noun extraction from the user's opinion, nouns that are not related to the 
restaurant domain are identified. In the next step, the semantic similarity of the related 
nouns is identified to form a cluster. We used Word embedding to identify semantic 
similarity among related nouns and form clusters. Word Embeddings represent words 
in a continuous vector space. In our experiment, we utilized Word2Vec word 
embedding models. It maps words into high-dimensional vectors, capturing semantic 
relationships. A similarity graph based on the semantic similarity of the extracted 
nouns is created, utilizing the cosine similarity matrix [25]. The next step is 
clustering. Once the clustering is done, we applied sentimental analysis to explore the 
information and the textual reviews that are relevant for recommendation. The 
clusters are scored using sentiment analysis. The user preferences are identified 
through the cluster with the highest sentiment score. 

6.2 Algorithm for User Preference 

Inputs: User Reviews 
Contextual Information 

Step 4: Score each cluster based on sentiment analysis and noun frequency 
Step 5: Select the cluster having the highest score  

6.3 Incorporating context or side information 

The use of context or side information such as geographic locations with user 
preference could favor the recommendation process [26]. Some contextual 
information in the restaurant recommender system is the weather, location, time, and 
business attributes such as "Good For Kids," "Has TV," etc. The aim of incorporating 
context information in the recommender system is to improve user satisfaction and 
also the accuracy of the recommender system.  

Output: Top-N list of User Preferences 
Step 1: Preprocessing 
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6.4 Recommendation 

A personalized restaurant recommender system model provides the Top-N 
recommendation list to the target user by combining user preferences and contextual 
information. The user preferences are then converted into vectors. The preference 
vector is matched with the contextual information vector using cosine similarity to 
find the similarity between them. The Top-N restaurant most similar to the user’s 
preferences is recommended based on his context. 

 
Fig. 1. CARM Model 

7 Results and Discussion 

Precision, recall, and F-measure are essential metrics for assessing the performance of 
recommender systems. Precision focuses on the percentage of recommended items 
that are actually useful to the user. It is calculated by dividing the number of relevant 
items found by the total number of items suggested. This metric reflects the accuracy 
of the recommendation system. Recall evaluates how many relevant items the system 
successfully recommends from the entire set of relevant items. It is determined by 
dividing the number of relevant items retrieved by the total number of relevant items 
available. This metric shows the system's effectiveness in finding all possible relevant 
items. F-measure is the harmonic mean of precision and recall, balancing the two. It is 
instrumental when the dataset has an uneven class distribution, ensuring that precision 
and recall are considered in the evaluation.Table 4 indicates the performance 
evaluation of CARM Model on Yelp Dataset using precision, recall and F1-measure 

Table 4. Performance Evaluation of CARM Model on Yelp Dataset using Precision, 
Recalland F1-Measure 

The proposed model is evaluated using the Yelp Open 
Dataset(https://www.yelp.com/dataset), which comprises 6,990,280 reviews of 
150,346 businesses in 11 metropolitan areas. The dataset consists of review data, 
business data, user data, check-in data, tip data, and photo data. We limited our 
experiment to the restaurant business in the dataset and omitted check-in, tip, and 
photo data. The traditional restaurant recommender systems utilized only rating 
information. The paper compares the proposed model against the traditional 
rating-based restaurant recommender system.  

https://www.yelp.com/dataset
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 Top 5 Recommendation Top 10 Recommendation 
 Preci

sion 
Recall F-Measure Precisio

n 
Recall F-Measur

e 
Rating-Ba
sed Model 

11.67 4.22 0.051 11.88 7.30 0.072 

Proposed 
Model 

18.51 5.89 0.073 19.50 8.91 0.099 

The evaluation uses Mean Absolute Error (MAE) and Root Mean Squared Error 
(RMSE). These are metrics used to evaluate the accuracy of predictive models. MAE 
measures the average magnitude of errors. The Mean Absolute Error (MAE) is 
calculated by taking the average of the absolute differences between predicted and 
actual values, giving a simple measure of the overall error. On the other hand, the 
Root Mean Square Error (RMSE) measures the average error size but places more 
emphasis on larger errors. RMSE is determined by taking the square root of the 
average of the squared differences between predicted and actual values. This metric is 
useful for identifying significant errors and is more responsive to outliers compared to 
MAE.Table 5 shows the performance evaluation of traditional model of CARM on 
Yelp Dataset using MAE and RMSE. 

We have used Top-5 and Top-10 recommendations to evaluate our model. In the 
Top-5 recommendations, 11.67% of the suggestions made by the rating-based model 
are relevant, whereas the CARM model achieves 18.51% relevant viz. much higher 
than the rating-based model. The rating-based model captures 4.22% of all relevant 
items and compared with 5.89% for the CARM model, showing a slight improvement 
(Fig 1). The F-Measure score of 0.051 shows that the model performs low when 
balancing both precision and recall for Top-5 (Fig. 2) recommendations for 
rating-based model. The F-Measure of 0.073 indicates better overall performance 
compared to rating-based model when considering both precision and recall for 
CARM model. Context Aware Recommendation Model demonstrates superior 
performance across all metrics, suggesting that it delivers more accurate and relevant 
recommendations within the Top-5 while still identifying more relevant items. 

In rating-based model,11.88% of Top-10 recommendations are relevant, while 
19.50% of Top-N recommendations are relevant for CARM. This indicates its 
improvement over both the rating-based model and its own Top-5 performance. In 
rating-based model for Top-10 recommendations,7.30% of relevant items are 
successfully captured, a notable improvement from the 4.22% recall seen with the 
Top-5(Fig 3). In CARM, for the Top-10 recommendations, 8.91% of all relevant items 
are captured, indicating a better ability to identify relevant items compared to the 
rating-based model.  
The F-Measure of 0.072% for Top-10 recommendations in rating-based model 
indicates that while recall is improved, the overall balance between precision and 
recall is still low. The F-Measure of 0.099 reflects a stronger overall performance, 
with the CARM model effectively balancing precision and recall(Fig 4). 
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Fig. 2 Performance Evaluation of CARM using Precision 

 

 

Fig. 3 Performance Evaluation of CARM using Recall 
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Fig. 4 Performance Evaluation of CARM using F1-Measure 

 

MAE and RMSE 
Methods  MAE RMSE 
Rating-Based 

Model 
0.6904 0.8950 

Proposed Model 0.6402 0.8612 

8 Conclusion 

With the increase in online information available to users, innovative methods are 
needed to assist the user in finding relevant information. Our paper shows how a 
hybrid approach and sentimental analysis can be put within a common framework to 
have more precise recommendations. Here, we propose a context-aware restaurant 
recommender system to incorporate context information and user preferences in the 
restaurant recommender system. The model first extracts the user preferences by 
preprocessing, clustering, and sentiment analysis. Later, we find the relevant 
contextual information in our model and incorporate it with user preference to the 
recommendation engine. Lastly, the top-n list of restaurants is recommended. The 
recommendation is based on their similarity of user preferences and contextual 
information obtained through the proposed model. 

Table 5. Performance Evaluation of the traditional model of CARM on Yelp Dataset using 
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        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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