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ABSTRACT

Sentiment analysis is one of the promising approaches for developing a point of interest (POI) recommendation system. It uses
natural language processing techniques that deploy expert insights from user-generated content such as reviews and feedback. By
applying sentiment polarities (positive, negative, or neutral) associated with each POI, the recommendation system can suggest
the most suitable POIs for specific users. The proposed study combines two models for POl recommendation. The first model
uses bidirectional long short-term memory (BiLSTM) to predict sentiments and is trained on an election dataset. It is observed
that the proposed model outperforms existing models in terms of accuracy (99.52%), precision (99.53%), recall (99.51%), and
F1-score (99.52%). Then, this model is used on the Foursquare dataset to predict the class labels. Following this, user and POI
embeddings are generated. The next model recommends the top POIs and corresponding coordinates to the user using the LSTM
model. Filtered user interest and locations are used to recommend POls from the Foursquare dataset. The results of our proposed
model for the POl recommendation system using sentiment analysis are compared to several state-of-the-art approaches and
are found quite affirmative regarding recall (48.5%) and precision (85%). The proposed system can be used for trip advice, group
recommendations, and interesting place recommendations to specific users.

Keywords: recommendation system, point of interest, sentiment analysis, neural networks, BiLSTM

Received: October 17,2023
Accepted: March 20, 2024

Revised: March 5, 2024
Published: June 30, 2024

@ @ AlL JISTaP content is Open Access, meaning it is accessible online
= to everyone, without fee and authors’ permission. All JISTaP content

is published and distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/). Under
this license, authors reserve the copyright for their content; however, they permit
anyone to unrestrictedly use, distribute, and reproduce the content in any medium as
far as the original authors and source are cited. For any reuse, redistribution, or
reproduction of a work, users must clarify the license terms under which the work

was produced.

*Corresponding Author: Gaurav Meena
https://orcid.org/0000-0001-5528-2437
E-mail: gaurav.meena@curaj.ac.in

64 © Gaurav Meena, Ajay Indian, Krishna Kumar Mohbey, Kunal Jangid, 2024


https://orcid.org/0000-0001-5528-2437
https://orcid.org/0000-0002-7261-164x
https://orcid.org/0000-0002-7566-0703
https://orcid.org/0009-0008-9427-0170

Gaurav Meena, et al., POl Recommendation System Using Sentiment Analysis

1. INTRODUCTION

Individualized suggestions for goods, services, and lo-
cations are provided by recommendation systems, which
have become an indispensable part of our day-to-day
lives. These suggestions are derived from our preferences
and actions. One such system is a point of interest (POI)
recommendation system, which recommends popular
and relevant places based on user interests and location
(Acharya et al., 2024). The POI recommendation system
using sentiment analysis (SA) has potential applications in
various domains, including tourism, hospitality, and mar-
keting. By providing personalized recommendations for
the user and emotional preferences, the recommendation
system can enhance user engagement, increasing user loy-
alty and revenue for the business using SA. In conclusion,
POI recommendation analysis is a promising approach to
providing users with tailored and enhanced travel experi-
ences (Xu et al., 2019). One approach to improving the
accuracy of POI recommendation systems is through a
method for determining the emotional tone of a passage
of text, known as SA. SA can be applied in the context of
POI recommendation systems to analyze the sentiments
indicated in user reviews of various places like restaurants,
hotels, tourist attractions, and more. By using SA, the sys-
tem can gain insights into the overall satisfaction of users
with a particular place and make better recommendations
to users based on their preferences. Integration of SA into
POI recommendation systems is being done to provide
consumers with suggestions that are more accurate and
more tailored to their specific needs. By analyzing the sen-
timents expressed in user reviews, the system can identify
highly recommended users and recommend them to users
with similar preferences. It can increase user satisfaction
and engagement with the recommendation system. In
addition, using SA for POI recommendation systems can
help businesses improve their products and services based
on user feedback. Utilizing user SA, businesses can iden-
tify areas for improvement and make adjustments to their
products and services to better meet the requirements and
expectations of their clientele. According to Mishra et al.
(2020), using SA in POI recommendation systems can en-
hance the accuracy of suggestions, boost user happiness,
and offer meaningful feedback to different enterprises.

This study aims to develop a recommendation system
for POIs that considers the sentiment of user reviews. The
challenge is to provide accurate and relevant recommen-
dations despite the large number of POIs available and the
diverse interests of users. To handle this challenge is our

research problem, and so this study proposes using SA to
determine the sentiment of user reviews about a particular
POI to address this challenge. The proposed system will
recommend POIs that have positive, negative, or neutral
sentiments based on user reviews. The proposed solution
uses a bidirectional long short-term memory (BiLSTM)
model for SA and an LSTM model for POI recommenda-
tion. The proposed POI recommendation system will take
input such as the user’s ID, location, and interests, and
recommend POIs within a radius of 5 km from the user’s
location that matches the user’s interests and has a positive
or neutral sentiment. The goal is to develop a personalized
POI recommendation system that incorporates the senti-
ment of user reviews. Based on user choices and reviews,
the POI recommendation system employs SA to give POIs
tailored to their specific needs. The study aims to contrib-
ute the following objectives:

+ Enhance User Experience: Through the provision of
more tailored suggestions that are derived from the
user’s preferences and the SA of their evaluations,
the model that has been developed intends to en-
hance the user experience significantly. It will make
it easier for users to find the most suitable POIs.

o Increase User Engagement: By providing personal-
ized recommendations, the proposed model aims
to increase user engagement and encourage users to
use the system more frequently.

o Improve POI Selection: The proposed model aims
to improve the selection of POIs by considering the
users’ preferences and analyzing their reviews’ senti-
ments. It will help users find the most suitable POIs
that match their interests and preferences.

o Increase User Satisfaction: The proposed model aims
to increase user satisfaction by providing personal-
ized recommendations that match their preferences
and interests. This will make users more likely to
recommend the system to others.

o Improve Business Outcomes: The proposed model
aims to improve business outcomes by increasing
user engagement and satisfaction, which can lead
to increased revenue and customer loyalty for busi-
nesses the system recommends.

The proposed study is subsequently organized into five
sections. Specific significant studies on SA and POI rec-
ommendation systems are reviewed in Section 2. Section
3 explains the proposed approach, covering a summary of
the datasets utilized in the study, the proposed SA model,
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and the POI recommendation model using SA. In Section
4, the results of the suggested models are discussed. Fi-
nally, Section 5 concludes the present study by discussing
findings and giving some future scope of study.

2. LITERATURE REVIEW

A good recommendation system should have as its
primary objective the provision of consumers with a col-
lection of suggested destinations that are a great match for
their preferences. People who use location-based social
networks (LBSN), often known as LBSNs, might benefit
from user recommendations of their favorite local attrac-
tions, such as shopping centers and restaurants (Zhang
& Chow, 2015). Users can post their positions and share
their ideas on interesting regions to visit via LBSNs. The
conclusions drawn from these discussions may then be
applied to making suggestions to other users. According
to Yu et al. (2019), the objective of a recommendation
system is to provide consumers with a list of locations and
items most closely aligned with their preferences.

According to Ding and Chen (2018), local business
social networks are online communities where members
can search for particular areas of interest and broadcast
their geographical whereabouts through check-ins. LBSNs
like Foursquare and Yelp attract attention since they allow
finding new locations to add to favorites lists. Therefore,
individualized suggestions for POI recommendation are
important. It is possible to model peoples unique choices
using the wealth of user and POI data found, including
check-in data, POI locations, and classifications. The al-
gorithmic procedure for recommending POIs has been
through a relatively protracted development period. It
starts with collaborative filtering methods and tensor de-
composition algorithms and then moves on to using deep
learning algorithms to mine the geographical preferences
of users. Because of the inherent graph structure of POI
data, the development of graph neural networks has led to
a change in the focus of a substantial amount of research
toward applying graph neural network algorithms for
POI recommendations (Ma et al., 2018). Liu et al. (2018)
proposed a modified Feature-Scaled Unifying Algorithm
system to obtain important POIs from temporal features
using non-negative matrix factorization. The results sug-
gested the importance of time in physical space.

An Adversarial Point-of-Interest Recommendation
(APOIR) model for examining the distribution of latent
user preference for POI recommendation is proposed by
Zhou et al. (2019); the recommender (R) and the discrim-
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inator (D) are the two main components of APOIR. By
maximizing the likelihood that these POISs are expected to
be unvisited and possibly fascinating, the recommender
makes recommendations based on the distribution
learned. The discriminator is responsible for distinguish-
ing between recommended and actual check-ins and
providing gradients to provide direction for improving R
within a rewarding framework. The two components are
co-trained using the same method by playing a minimax
game, in which one of the components wants to develop
while pushing the other to the maximum. APOIR incor-
porates geographical and social relationships between
POIs into the reward function and optimizes R through
reinforcement learning. Compared to state-of-the-art ap-
proaches, the suggested strategy achieves considerable
performance improvements in four standard criteria.
Zhou et al. (2019) contribute to a better understanding of
the critical user check-in behavior in POI recommenda-
tions. They introduce a novel method for productively
learning latent user preferences.

Wang et al. (2019) proposed mine trust-based POIs
using modified collaborative filtering — the model of a
fusion of temporal and spatial features based on the user’s
physical space. Most POI location recommendations
made by recent studies employ conventional collabora-
tive filtering recommendation techniques. For instance,
a 3-layer network framework POI recommendation ap-
proach using LBSN was proposed (Zhang et al., 2019).
Additional tags, social and geographic data, and other
data are modeled individually and incorporated into a
matrix factorization framework. Although this technique
is more accurate than previous methods, the performance
of recommendations as a whole still needs to be enhanced.
According to Yu et al. (2019), a POI recommendation
system supported by the semantics of the user’s contextual
behavior is proposed.

A continuous POI recommendation approach utilizing
latent variables with recurrent neural network was pro-
posed by Lu et al. (2019). Recommending POIs combines
the preferences of users and sequential access to POIs.
There is still scope for enhancement of the extraction of
prospective knowledge despite the methods better preci-
sion than continuous POI. Zhao et al. (2021) proposed
mine sentiment-based POIs from the users’ rated data.
The approach showed enhanced results. Sun et al. (2020)
proposed the long- and short-term preference modeling
model to extract users long- and short-term preferences
for personalized POI recommendations. Dang et al. (2020)
presented a detailed study on the SA models using various
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algorithms like deep neural networks, convolutional neu-
ral network, recurrent neural network, term frequency-
inverse document frequency or word embedding on the
series of datasets. Dai et al. (2019) introduced a new neu-
ral network approach to context-aware citation recom-
mendations by combining stacked denoising autoencod-
ers and BiLSTM.

The use of SA in POI recommender systems was ex-
amined by Mishra et al. (2020). They pointed out that
with the rise of the tourism sector and the Internet, data is
available about various POI locations, making it difficult
for users to make informed selections. The authors pro-
posed a model that uses review data to select POIs that fit
their interests. They use the Sentiment Intensity Analyzer
to calculate the mean value of sentiment weightage in the
reviews and suggest top places based on the score. User
preferences were derived through semantic clustering and
the SA of their comments and reviews (Abbasi-Moud
et al., 2021). The features of tourist attractions were ex-
tracted. The proposed recommendation system was based
on contextual information such as weather, time, location,
user preferences, and the similarity of tourist preferences
to nearby attraction elements.

A deep learning-based POI recommendation strategy
in LBSN is also proposed (Liu & Wu, 2021) to address
the challenges of data sparsity and a lack of negative
samples that affect many POI recommendation systems.
A BiLSTM attention mechanism assigns weights to differ-
ent parts of the current sequence following the user’s long-
term and short-term preferences. Using the user’s past and
the current POI sign-in sequence, the suggested method
records the whole sequence.

The encoder data is then given into the BiLSTM-
Attention algorithm, representing the current POI sign-in
sequence based on attention. The decoder then goes over
it to provide a Top-N recommendation list. Previous ap-
proaches illustrated in Sachin et al. (2020), Murthy et al.
(2020), Aman et al. (2020), and Das et al. (2021) have used
SA in different perspectives for mining content from text.
Dang et al. (2021) proposed an integrated SA and recom-
mender system combination. The results were quite ef-
ficient. As explained, SA has varied applications in online
advertising (Zhao et al., 2021). Naresh and Krishna (2021)
deployed machine learning models for SA, demonstrating
the potential of machine learning models.

An LSTM-LSA-based model was presented by Wang
et al. (2023) to create a more secure recommendation
system for POIs, with privacy serving as the determining
criterion. The Stan model, defined by Luo et al. (2021),

proposed a POI recommendation model based on a self-
attention layer from mining spatiotemporal features-based
POIs. It is a key feature for travelers to be able to visit, in
the order of their preferred destinations, beginning from
the network site, which provides them with advantages
such as access to shopping malls and restaurants, among
other options. Several factors determine the collection of
locations and the choice of those locations, the most im-
portant of which are the orders given by consumers to lo-
cations, the distance between them, and the total amount
of time spent on the trip. A prototype is developed for a
system that may be used to fulfill consumers’ visitation
requirements and can deliver packages in sequences de-
termined by their locations (Mohbey et al., 2021).

In order to mine user-interested POIs, Hossain et al.
(2022) presented the context-aware recency-based atten-
tion network model, which used contextual information.
In order to examine the connections between social media
and its impact on community-based tourism, Khruahong
et al. (2022) suggested a BiLSTM model incorporating a
Social Media Sensing framework as SA. Effectively illus-
trating nonlinear and linear relationships between the user
and the object is the strength of deep learning (El Alaoui
et al,, 2022). Data sources like images and texts are mined
for their underlying relationships, which are extracted.
Learning and training are predicated on refining a process
to reduce reconstruction error. Deep learning can take
data from any source and transmit it to the output using
categorization. This exemplifies deep learning’s primary
benefit. Alemayehu et al. (2023) proposed a SA system for
the Amharic language.

Based on the literature review, it is clear that the POI
suggestion system could use some work because the cur-
rent systems are not very good at recalling points and
being accurate. It is also evident from the review that this
improvement can be achieved using SA to develop the
POI recommendation model.

3. POl RECOMMENDATION SYSTEM USING
SA

The proposed model aims to address the limitations
of the existing models by incorporating SA to provide
more personalized and relevant recommendations. Fig. 1
depicts the detailed procedures involved in the proposed
POI recommendation model, such as data loading, pre-
processing, model training, and user input processing,
which leads to the final recommendations. Overall, the
proposed model can improve the user experience by pro-
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‘ Load election dataset with ‘text’ and ‘sentiment’ columns ’

v

‘ Preprocess dataset by tokenization, removing stopwords and lemmatization ’
v

‘ Split the dataset into train and test sets ’
v
‘ Train BiLSTM model for sentiment analysis ’
v
‘ Evaluate model with accuracy, precision, and recall metrics ’

v

‘ Load foursquare dataset with ‘uid’, ‘pid’, ‘review’, and ‘coordinates’ columns ’
v

‘ Apply sentiment model to the ‘review’ column and predict ‘sentiment label’ ’
v

‘ Create user embeddings and POl embeddings using Word2Vec ’
v
‘ Split the dataset into X (user embeddings and POl embeddings) and y (sentiment label) ’
v
Train LSTM model with X and y
v
‘ Take user input for ‘user id’, ‘user location’, ‘user interest’, and ‘topk’ recommendations ’
v
Filter data based on user interest

v

‘ Filter dataset based on a radius of 5 km from user location

’ Fig. 1. Procedure involved in
proposed POl recom-

!

‘ Recommend topk POls with positive or neutral sentiment to user

mendation system using
’ sentiment analysis. POI,

®

viding tailored recommendations, which are more likely
to be of interest to the user.

3.1. Dataset and Data Preprocessing

Two datasets are used in the proposed POI recommen-
dation system using SA: the election dataset for SA and
the Foursquare dataset for POI recommendation.

3.1.1. Election Dataset
The election dataset is a labeled dataset that contains
a collection of tweets related to General Elections Held

point of interest; BiLSTM,
bidirectional long short-
term memory.

in India - 2019." The dataset was obtained from Kaggle,
and the dataset has two columns: ‘text’ and ‘sentiment,
and 162,980 rows. The ‘text’ column includes the tweet
text, while the ‘sentiment’ column indicates the sentiment
polarity of the tweet. The sentiment polarity can be either
positive, negative, or neutral. The election dataset is used
for training and testing the SA model.

3.1.2. Foursquare Dataset
The Foursquare dataset includes user reviews of dif-
ferent POIs, such as restaurants, cafes, and museums. The

"https://www.kaggle.com/datasets/cosmos98/twitter-and-reddit-sentimental-analysis-dataset
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dataset was obtained from Git Hub and collected from the
Foursquare API. The dataset contains four columns: ‘uid,
‘pid; review; and ‘coordinates. The ‘uid’ column represents
the user ID who wrote the review; the pid’ column repre-
sents the POI ID; the ‘review’ column includes the text of
the user review of the ‘pid; and the ‘coordinates’ column
includes the latitude and longitude coordinates of the POL

The SA model trained on the election dataset is applied
to the review’ column to predict the sentiment of each
review, and a new column, ‘score, is added to the dataset
to represent the predicted sentiment. Table 1 shows the
unique numbers of users, POIs, check-ins, and reviews of
the Foursquare dataset.

3.1.3. Evaluation Metrics

Evaluation metrics are essential for evaluating the ef-
fectiveness and performance of a recommendation model
in the context of POI recommendation incorporating SA
(Meena et al., 2022). These metrics help evaluate the mod-
els accuracy, relevance, and quality of recommendations.

(TP+TN)
Accuracy= (1)
(TP+TN+FP+FN)
(TP)
Precision=—————— (2)
(TP+FP)

Table 1. Foursquare dataset info

Column Numbers
Number of users 9,728
Number of point of interests 12,449
Number of check-ins 177,142
Number of reviews 234,793

(TP)
Recall=————— (3)
(TP+EN)
PrecisionxRecall
F1-Score=2x (4)
(Precision+Recall)

By analyzing these metrics, we can determine the ef-
fectiveness and accuracy of the models. From the metrics,
we can compare different recommendation models. These
metrics help understand the models strengths and weak-
nesses and provide insights into areas for improvement
and future research.

3.2. Sentiment Analysis Model

Fig. 2 presents the complete data preprocessing and
model-building pipeline for a SA model using the Bag of
Words (BOW) approach. The steps involved in the design
and implementation of the proposed SA model are as fol-
lows.

Loading and Cleaning the Election Dataset: The first
step is to import all necessary libraries, such as pandas,
NumPy, Keras, sci-kit-learn, matplotlib, nltk, etc., and
load the election dataset, which contains text and senti-
ment columns. Any null or missing numbers, duplicate
data, and fields that are not needed are taken out of the
data to clean it up.

Preprocessing: Some classes of sentiment columns have
significantly fewer samples than others. Equalizing the
class distribution of the sentiment score column ensures
that the model is not biased toward any particular class. It
under-samples each sentiment label to the specified num-
ber of samples using the resample method of sklearn.utils
library. The next step is to tokenize the text data, which
involves breaking down the text into a list of individual

Preprocessing
- Tokenization
_ Feature R q
Dz " extraction y Lo
- Stopword removal
- Lemmatization il
Fig. 2. Schematic diagram of sen-
Sentiment timent analysis model.
model BiLSTM, bidirectional
long short-term memory.
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words or tokens. This process also involves removing
special characters, numbers, punctuation, and non-letter
characters using regular expressions, and then removing
the stop words using the nltk library, which involves elim-
inating common terms with little or no meaning, such as a;
‘the; ‘and; and so on, and in the last step lemmatization to
convert words to their base form is performed.

Feature Extraction: Feature extraction is performed
using the BOW approach in the proposed model. It trans-
forms the text data into a token count matrix. The Count-
Vectorizer method of the sklearn.feature_extraction.text
library is used to perform the BOW feature extraction.

Splitting the Dataset: The cleaned and preprocessed
dataset is divided into 70% train and 30% test sets. The
training set is used to train the BiILSTM model, while the
test set evaluates the models performance.

BiLSTM Model for SA: Input text is first transformed
into a fixed-length vector representation by an embed-
ding layer; next, a BILSTM layer is added to the model to
learn about the texts context and meaning. In conclusion,
a dense layer with a softmax activation function is utilized
to predict the sentiment of the text. The architecture of the
BiLSTM model is shown in Table 2.

The BiLSTM performs both forward and backward
evaluations of the input sequence, allowing gathering con-
textual information from past and future aspects of the
input sequence, making the method well-suited for NLP

Table 2. Architecture of proposed bidirectional long short-term
memory model

Layer (type) Output shape  Parameter
Embedding (Embedding) (None, 50,32) 160,000
Conv1d (Conv1D) (None, 50, 32) 3,104
Max_pooling1d (MaxPooling1D)  (None, 25, 32) 0
Bidirectional (Bidirectional) (None, 64) 16,640
Dropout (Dropout) (None, 64) 0
Dense (Dense) (None, 3) 195

Total params: 179,939
Trainable params: 179,939

Non-trainable params: 0
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applications such as SA. The BiLSTM model takes pre-
processed text data as input and returns a sentiment score
that might be positive, negative, or neutral. The model
is built with cross-entropy loss and optimized with the
Adam optimizer. Various metrics are used to determine
the effectiveness of the proposed SA model using the test-
ing set. After testing, the SA model is saved to predict the
sentiments of a Foursquare text review as positive, nega-
tive, or neutral.

3.3. POl Recommendations Model

In the “POI Recommendation System using sentiment
analysis,” the Foursquare dataset contains reviews for dif-
ferent POIs and their corresponding user IDs, POI IDs,
and coordinates. Fig. 3 depicts a schematic diagram of the
POI Recommendation Model, which includes the system
processes. The Foursquare dataset review column is fed
into the SA model to predict sentiment scores, which are
then used to recommend POIs to users based on their
choices.

Rows containing null or missing values, duplicate
rows, and unnecessary columns are dropped as a part
of data preprocessing. The model uses tokenization, re-
moving stop words and other unnecessary words, and
lemmatization to preprocess the text review data of the
Foursquare dataset. In tokenizing and padding the review
data, the function tokenize_pad_sequences() takes in the
text data and tokenizes it using the Tokenizer() method
from the Keras library. It then converts the tokenized text
into sequences of integers using the texts_to_sequences()
method of the Tokenizer object. Finally, it uses the pad_
sequences() method from TensorFlow.Keras library for
padding the sequences with zeros to ensure sequences of
the same length. The preprocessed text is then fed into
the trained SA model, which predicts the sentiments. The
predict_class () function is used to predict the sentiment
class of each text entry, which can be negative, neutral, or
positive.

The predict_class() function takes in a text as input,
tokenizes and pads it using the same Tokenizer and pad-
ding method as before, and uses the loaded model to
predict the sentiment class of the text. The model takes
in a sequence of words, and for each word, it produces an
output that is used to predict the sentiment score for the
entire sequence. The function returns the predicted senti-
ment class. The predicted sentiment scores are -1, 0, and 1.
Here, 1 represents positive sentiment, 0 represents neutral
sentiment, and -1 represents negative sentiment.

Once the sentiment scores are predicted, they are
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Sentiment
model

Sentiment
convert

User

embedding

Data

POI
embedding

User input

User ID

v

Split train & tets

User interest

User location

Top K

added as a new column in the Foursquare dataset, called
“score” These scores are then used to filter and recom-
mend top-k POIs with positive or neutral sentiment to the
user.

To recommend POIs, the user and POI embedding are
generated using the cleaned and preprocessed Foursquare
dataset. User embeddings are a vector representation of
each user based on their interactions with POIs. In con-
trast, POI embeddings are a vector representation of each
POI based on the sentiment scores of the reviews. The
embeddings are generated using a Word2Vec technique in
the gensim library.

After applying the sentiment model, user and POI
embedding are generated to represent each user and POI
in a vector space. These embeddings are used as input fea-
tures (X), and the predicted sentiment (score) is used as
the target variable (y) for splitting and training the LSTM
model. The dataset was then split 70:30 into train and test
sets. Next, the system trains the proposed LSTM model
as the architecture shown in Table 3 displays using the
embedding and the user’s ratings for the POIs. The trained
model predicts the sentiment of POIs based on user and

Filtering based on user
interest and location

A 4

Fig. 3. Schematic diagram of POI
recommendation model.
POI, point of interest;
LSTM, long short-term
memory.

Recommend of top K POls
with positive,
neutral sentiments

Table 3. Proposed architecture of LSTM model for point of interest
recommendation system

Layer (type) Output shape  Parameter
Embedding (Embedding) (None, 100,32) 160,000
Conv1d (Conv1D) (None, 100, 32) 3,104
Max_pooling1d (MaxPooling1D)  (None, 50, 32) 0
LSTM (LSTM) (None, 32) 8,320
Dropout (Dropout) (None, 32) 0
Dense (Dense) (None, 1) 33

Total params: 171,457
Trainable params: 171,457

Non-trainable params: 0

LSTM, long short-term memory.

POI embeddings.

Then, the test dataset is used and preprocessed by
tokenization, removal of unnecessary words, and lemma-
tization to filter the dataset based on the users interests.
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Further, a dataset is created using the list of keywords
related to the user’s interest (a few users interests are de-
fined, such as restaurant, museum, mall, library, hotel,
educational, and emergency services). The process filters
the data by keeping only the rows where the preprocessed
“text” column contains keywords related to the particular
user’s interest. It then shortens the resulting data. For ex-
ample, if a user is interested in “restaurants;” we will filter
the Foursquare dataset to include data related only to res-
taurants, cafes, and bars. Similarly, if a user is interested in
“museums,” we will filter the dataset only to include data
related to museums such as museums, galleries, and his-
toric sites.

This step ensures that the recommended POIs cor-
respond to the users interests, making it more likely that
the user will visit and appreciate the places. To create the
list of keywords related to user interest, we can combine
manual curation and automated techniques, such as key-
word extraction from users previous check-ins or search
queries. Applying a filtering mechanism to the dataset
according to the user’s interests guarantees that the sug-
gested POIs are directly related to the users preferences
and desires. This enhances the user’s overall experience
and level of satisfaction.

The next step in the recommendation model is to take
user input for their ID, location, interests, and the number
of top recommendations they want. Based on this input,
the system filters the dataset to show POIs that match the
user’s interests and are within a certain radius of the user’s
location.

After the dataset has been refined based on user inter-
ests, it is further filtered based on the user’s location. It en-
sures that the recommended POIs are within a reasonable
distance of the user’s current location. The filtering is done

by calculating the distance between the user and the POT’s
location using the coordinate information available in the
dataset, increasing the likelihood that the user will visit
and enjoy the places suggested. The top POIs with positive
or neutral sentiments are recommended to the user.

This study aims to give users tailored suggestions based
on their interests, geography, and sentiment score. These
recommendations can be positive or neutral, considering
the sentiment of previous evaluations. Overall, this study
blends SA with geographically specific recommendations.

4. RESULTS AND DISCUSSION

This study’s findings about the SA model and POI rec-
ommendation model using SA are presented, analyzed,
and interpreted in this section to draw meaningful con-
clusions.

4.1. Sentiment Analysis Model

Table 4 displays the performance metrics of the SA
model after 50 training epochs. These evaluation metrics
showed that the model is good at categorizing the senti-
ment of text data (reviews) as positive, negative, or neu-
tral. The model has an accuracy of 0.9952, which means
that 99.52% of all reviews in the dataset were correctly
classified as positive, negative, or neutral sentiment, a pre-
cision of 0.9953, which means that 99.53% of all reviews
predicted as positive sentiment were positive, and a recall
of 0.9951, which means that 99.51% of all actual positive
reviews in the dataset were correctly predicted as positive
sentiment by the model, and F1 score of 0.9952, showing
that it predicts the sentiment of reviews in the election
dataset fairly accurately. The comparative results of the
proposed SA model and other state-of-art problems (Ale-

Table 4. Performance comparison of proposed sentiment analysis model with other state-of-art

Author Model Dataset Accuracy (%) Precision (%)  Recall (%)  F1-score (%)

Dang et al. (2020) Deep learning Tweets airline 90.45 93.06 95.09 94.06
Khruahong et al. (2022) BiLSTM YouTube comments 85.78 83.25 87.01 85.08
Alemayehu et al. (2023) BiLSTM Amharic political 85.27 85.24 81.67 83.42
GRU Ambharic political 88.99 90.61 89.67 90.14

Proposed method BiLSTM with BOW Tweets airline 98.86 98.91 98.84 98.88
Ambharic political 98.87 99.05 98.50 98.77

India election 99.52 99.53 99.51 99.52

BiLSTM, bidirectional long short-term memory; GRU, gated recurrent unit; BOW, Bag of Words.
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mayehu et al., 2023; Dang et al., 2020; Khruahong et al.,
2022) are also presented in Table 4, which clearly shows
that the proposed models outperform the others in per-
formance. Further, it is observed that the proposed mod-
els outperform others when applied to the other datasets,
such as Tweets Airline and Ambaric Political.

A high F1 score suggests that the model has an appro-
priate balance of precision and recall, which are important
for effective SA. Furthermore, the model consistently ob-
tained good accuracy, precision, recall, and F1 score across
50 epochs, implying that the model is stable and does not
overfit the data. The model's improved performance, as
shown in Table 4, can be due to implementing a BILSTM
with feature extraction using BOW, a deep learning model
capable of properly capturing the sequential information
in the review. Furthermore, the elimination of stop words
and tokenization of the text data improved the model’s
performance by lowering noise and boosting the quality
of the input data. Overall, these findings illustrate that the
SA model is highly accurate in predicting the sentiment
of reviews and may be applied to analyze reviews in other
datasets, as shown in Table 4.

Fig. 4 illustrates the accuracy and loss of the proposed
SA model. It shows that our model is working accurately.
Validation and training accuracy increase as the epochs
increase. Similarly, validation loss and training loss de-
crease as the epochs increase.

The SA models confusion matrix is displayed in Fig.
5. This method may be used to gauge how well the SA
model is doing. Results show that 24,372 negative feelings,
24,373 neutral sentiments, and 24,469 good sentiments
are all accurately predicted. The dataset also shows that
the number of erroneous predictions is relatively low.

Fig. 4. Graphs of accuracy and
loss of sentiment analy-
sis model.
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Fig. 5. Confusion matrix of sentiment analysis model.

4.2. POl Recommendation Model Using SA

The proposed POI recommendation model is subse-
quently evaluated with the help of a test set that consists
of thirty percent of the dataset. The model is trained using
the training dataset, while the testing dataset determines
the system'’s performance.

The POI recommendation models output is the rec-
ommended POIs based on the user’s input. The recom-
mended POIs are ranked based on the SA of the reviews
linked with each POI and are filtered depending on the
user’s location and interest. When filtering data based on
user interest, the model’s performance may vary according
to user input. If the user input is correct or complete, the
predictions and accuracy of the recommendations may be
improved.

Overall, the POI recommendation model provides a
useful feature for users to discover and explore new loca-
tions of interest based on their location and SA. If the
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recommended POIs are relevant and have positive senti-
ments, they can be considered successful recommenda-
tions. Further research can explore ways to improve the
models performance and accuracy, such as incorporating
additional features, using more advanced deep learning
models, or optimizing the model architecture. With fur-
ther improvements and enhancements, the system has the
potential to become a valuable tool for users looking to
discover new and interesting places to visit.

The recall@k results for the proposed top POI recom-
mendation model are provided in Table 5, along with a
comparison to the outcomes of preceding models. The
proportion that recall@k calculates out of the entire num-
ber of relevant items that might have been suggested is
the percentage of relevant things that were recommended
out of the total number of relevant items. Even though
Zhou et al. (2019) have recall@5, recall@10, recall@15,
and recall@20 values of 0.06, 0.10, 0.12, and 0.14, re-
spectively, the recommended model recall@k climbs as k
increases and reaches over 50%. Liu and Wu (2021) con-
cluded that the values for recall@5, recall@10, recall@15,
and recall@20 are, respectively, 0.19, 0.23, 0.28, and 0.32.
Their research obtained this knowledge. For recall@5,
recall@10, recall@15, and recall@20, respectively. Wang et
al. (2019) obtained the values of 0.27, 0.32, 0.399, and 0.47.
These values were recorded in their study. The researchers
collected all of these values. Zhang et al. (2019) state that
recall@5, recall@10, recall@15, and recall@20 values are

Table 5. Comparison of recall@k of proposed point of interest
recommendation model with other state-of art

Author Recall@5 Recall@10 Recall@15 Recall@20

Zhou et al. 0.06 0.10 0.12 0.14
(2019)

Liu & Wu 0.19 0.23 0.28 0.32
(2021)

Wang et al. 0.27 0.32 0.399 0.47
(2019)

Zhang et al. 0.09 0.15 0.17 0.20
(2019)

Yu et al. 0.12 0.16 0.19 0.22
(2019)

Dai et al. 0.14 0.17 0.22 0.24
(2019)

Lu et al. 0.17 0.24 0.25 0.28
(2019)

Proposed 0.35 0.45 0.475 0.485
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0.09, 0.15, 0.17, and 0.20, respectively. These values may be
compared to one another. This set of values was obtained
in a related manner. Yu et al. (2019) established that the
values for recall@5, recall@10, recall@15, and recall@20
are, respectively, 0.12, 0.16, 0.19, and 0.22. The values Dai
et al. (2019) found for recall@5, recall@10, recall@15,
and recall@20 are 0.14, 0.17, 0.22, and 0.24, respectively.
The researchers collected all of these values. It has been
determined by Lu et al. (2019) that the values of recall@5,
recall@10, recall@15, and recall@20 are 0.17, 0.24, 0.25,
and 0.28, respectively. It was possible to acquire these val-
ues. The proposed model performed significantly better
in terms of recall@5, recall@10, recall@15, and recall@20
when compared to the research works published by Zhou
et al. (2019), Liu and Wu (2021), Wang et al. (2019),
Zhang et al. (2019), Yu et al. (2019), Dai et al. (2019), and
Lu et al. (2019). This was determined by comparing the
suggested model to the research works performed by the
authors above. Fig. 6 compares the proposed model and
studies for recall@5, recall@10, recall@15, and recall@20.
Table 6 shows how the proposed model stacks up
against other state-of-the-art recommendations for top
POIs in terms of precision@k. Precision@k is a measure
that determines the percentage of the top k suggestions
that are relevant or wanted by the user. It is evident from
Table 6 that the precision@k of the suggested model drops
with increasing k and approaches 38% approx. Still, the
results for precision@5, precision@10, precision@15, and
precision@20 were 0.07, 0.057, 0.049, and 0.043, respec-
tively, according to Zhou et al. (2019). The precision@
k values were not observed by Liu and Wu (2021). Ac-

Recall@k vs. k
0.6 1 e

0.5 1
0.4

0.3 1

Recall@k

0.2 1

0.1 1

O T T T T T T T
1 5 10 15 20 25 30
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Fig. 6. Performance of proposed POl recommendation model for
recall@k versus top k POl recommendations. POI, point of
interest.
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Table 6. Comparison of precision@k of proposed point of interest recommendation model with other state-of-art

Author Precision@5 Precision@10 Precision @15 Precision@20

Zhou et al. (2019) 0.07 0.057 0.049 0.043
Wang et al. (2019) 0.38 0.345 0.326 0.288
Zhang et al. (2019) 0.12 0.011 0.01 0.005
Yuetal. (2019) 0.018 0.02 0.011 0.001
Dai et al. (2019) 0.028 0.026 0.017 0.001
Lu et al. (2019) 0.045 0.038 0.028 0.02

Proposed 0.85 0.63 0.478 0.384

Precision@k vs. k
1.0 4 e

Precision@k

0 T T T T T T
5 10 15 20 25 30

k
Fig. 7. Performance of proposed POl recommendation model for

precision@k versus top k POl recommendation. POI, point
of interest.

cording to Wang et al. (2019), the various precision values
were 0.38 for precision@5, 0.345 for precision@10, 0.326
for precision@15, and 0.288 for precision@20. According
to the study by Zhang et al. (2019), the accuracy values
for precision@5, precision@10, precision@15, and preci-
sion@20 were 0.12, 0.011, 0.01, and 0.005, respectively.
Yu et al. (2019) documented precision values of 0.018,
0.02, 0.011, and 0.001 for precision@5, precision@10, and
precision@15, respectively. The precise values for preci-
sion@5, precision@10, precision@15, and precision@20
achieved by Dai et al. (2019) were 0.028, 0.026, 0.017,
and 0.001, respectively. Lu et al. (2019) achieved preci-
sion values of 0.045, 0.038, 0.028, and 0.02, respectively,
for precision@5, precision@10, precision@15, and preci-
sion@20. Concurrently, the suggested POI recommenda-
tion models yielded values of 0.85 for precision@5, 0.63
for precision@10, 0.478 for precision@15, and 0.384 for
precision@20. Therefore, in terms of accuracy@>5, accu-
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Fig. 8. Comparison of results of precision@k for top k point of
interest recommendation.

racy@10, accuracy@15, and accuracy@20, the suggested
model surpassed other state-of-the-art.

The graph of the precision@k with the k of the POI
Recommendation Model is displayed in Fig. 7. It is ob-
served that the values of precision@k decrease as k in-
creases, and the proposed model has the best precision@k
values as compared to other state-of-the-art (Fig. 8). Fig. 9
illustrates the bar graph comparing the results of recall@5,
recall@10, recall@15, and recall@20 between the research
presented by Zhou et al. (2019), Wang et al. (2019), Zhang
etal. (2019), Yu et al. (2019), Dai et al. (2019), and Lu et al.
(2019), and the model that proposed.

Fig. 10 presents recommended top k POIs with coordi-
nates for a given user using the web application developed
for the proposed model.
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5. CONCLUSIONS

This study focused on developing a POI recommenda-
tion system that effectively integrated the SA model with
the POI recommendation model. By integrating these
components, the system demonstrated a deeper under-
standing of user preferences and emotions expressed in
their reviews, resulting in a more targeted recommenda-
tion process. The system provided a more targeted rec-
ommendation process by filtering reviews based on user
interests. The LSTM model was utilized to identify long-
term dependencies in sequential data, resulting in precise
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Fig. 9. Comparison of results of recall@k for top k point of interest
recommendations.

User Input Info:

User ID: 56

and personalized POI suggestions.

The proposed system effectively generates personalized
and relevant user recommendations based on interests,
location, and sentiment labels from user-generated text
reviews. The proposed system consists of six main steps:
data preprocessing, SA using BiLSTM, converting reviews
to sentiment labels, POI recommendation modeling us-
ing SA model, filtering data based on user interest and
location, and designing the user interface. The proposed
model leverages the power of SA to understand user
preferences and emotions expressed in their reviews, in
order to train a recommendation model that employs user
embeddings, POI embeddings, and sentiment labels to
offer pertinent POIs to the user based on user interests,
produce a more targeted recommendation process, and
anticipate the sentiment of reviews for different points of
interest. In recognizing the sentiment of user reviews, the
SA model achieved decent accuracy (99.52%), precision
(99.53%), recall (99.51%), and F1-score (99.52%) as com-
pared to other state-of-arts. The POI recommendation
algorithm also did well when proposing relevant points of
interest to users based on their interests and location, with
recall (48.5%) and precision (85%) compared to other
state-of-arts. The study demonstrated that the proposed
model can effectively generate personalized and relevant
POI recommendations, helping users discover new and
interesting POIs. It showcases the potential benefits of in-
tegrating SA into any recommender system for users and
businesses.

Another fact that should be mentioned here is that the
SA model is prepared on one dataset (an election dataset).
Then, this model was used to develop the proposed POI
recommendation model using the Foursquare dataset with

POIL: 1064 - Coordinates: 1.4354539060201061,103.78664016723633

POIL: 2906 - Coordinates: 1.4291902234770726,103.78153324127197

User Interests: museum

1
e POI: 80 - Coordinates: 1.43115762734928,103.79371432042643

User Coordinates: 1.4447635942370927,103.76816511154175

POI: 1208 - Coordinates: 1.4403232638174226,103.78962814807892

Top K: 5

Copyright © 2023. Web APP for POI Recommendation System using Sentiment Analysis.

POIL: 622 - Coordinates: 1.426659004447594.103.78925800323486

Fig. 10. Recommended top POls
with coordinates for a
given user. POI, point of
interest.
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LSTM, which gives it more strength to extract the charac-
teristics of two different datasets and inculcate them into
a single model. This strength makes it more generalizable
and applicable to other datasets and scenarios.

As the proposed model is trained and tested using only
two datasets (the election dataset for SA and the Four-
square dataset for POI recommendation), this model will
perform optimally for the applications that match the do-
mains of these two datasets. Otherwise, this model might
perform sub-optimally for other domains.

Further, the following points/suggestions can be con-
sidered for future work: incorporating more data sources,
implementing more advanced recommendation algo-
rithms, incorporating more features, personalizing for
individual users, extending the radius of filtering, adding
negative sentiment scores, incorporating real-time data,
and improving scalability to handle large datasets or real-
time recommendations. Discovering more customized,
relevant, and engaging experiences when discovering new
points of interest may be achieved by continuing to ex-
pand and enhance POI recommendation systems. Future
research paths in this subject can benefit from investigat-
ing these topics.
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