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Abstract—Pilgrimage, also known as Hajj, brings together
millions of people each year, creating significant challenges in
managing, organizing, and maintaining the quality of various
services. Among these essential services, food provision plays a
vital role in shaping pilgrims’ overall experience and satisfaction.
Despite its importance, research focusing on food services using
sentiment analysis during Hajj remains limited. Existing studies
often rely on social media data, which may not accurately capture
the genuine opinions of pilgrims. This study addresses this gap by
analyzing food service text reviews collected from Google Maps
within the Hajj context. It contributes a new dataset collected
for evaluating food services provided to pilgrims after the Hajj
season, along with an empirical benchmark for Arabic Hajj food
reviews. The dataset consists of 4,018 Google Maps reviews from
160 Hajj campaigns conducted between 2022 and 2025. After data
preprocessing, the reviews were classified using several classical
machine learning algorithms as empirical baselines, including
support vector machine (SVM), logistic regression (LR), naı̈ve
Bayes (NB), decision tree (DT), and random forest (RF). The
experimental results demonstrate that LR achieved the highest
accuracy of 93.6% among the evaluated models, followed by SVM
and RF with accuracies of 92.9% and 92.2%, respectively. The
analysis also shows that positive sentiment dominated across all
studied years, indicating an overall improvement in pilgrims’
satisfaction with food services. However, the persistence of food-
related issues highlights the need for continued attention and
improvement in service quality.

Keywords—Sentiment analysis; service quality; machine learn-
ing; Hajj; food service

I. INTRODUCTION

Every year, Mecca attracts over two million pilgrims
who gather to perform the Hajj, one of the largest religious
gatherings in the world. The magnitude of this event re-
quires extensive logistical planning and highly efficient service
management across multiple sectors, including healthcare,
transportation, accommodation, and food services. The scale
and complexity of the Hajj demand meticulous organization
to ensure safety, comfort, and satisfaction for millions of
pilgrims. Among these services, food quality plays a vital role
in maintaining pilgrims’ health and overall well-being, as poor
management or inadequate quality can lead to dissatisfaction
or even health-related risks.

Recently, sentiment analysis, a significant subfield of nat-
ural language processing (NLP), has become an essential tool
for understanding public opinion and satisfaction levels [1].
It classifies text into emotional categories—positive, negative,
or neutral—based on subjective expressions such as reviews,
posts, or comments [1]. The exponential growth of online
platforms has generated massive volumes of opinion-rich data,

making sentiment analysis an effective means of identifying
trends and evaluating public perception in business, politics,
and social sciences [1].

Within the context of the Hajj, several studies have ex-
plored the quality of services such as accommodation [2],
transportation [3], and healthcare [4]; however, research fo-
cusing on food service quality—especially through sentiment
analysis in Arabic—remains limited [5]. Despite these efforts,
significant research gaps persist. Most prior studies have relied
on data from social media platforms such as X (Twitter)
[6], [7], [8], which may not accurately reflect the current
state of service quality following recent developments in line
with Saudi Arabia’s Vision 2030. Furthermore, there is a
lack of studies specifically analyzing Arabic-language reviews
related to food services during the Hajj, leaving a valuable
source of user-generated feedback, such as Google Maps
reviews, underutilized. This study aims to address these gaps
by employing machine learning–based sentiment analysis on
pilgrims’ Arabic textual reviews of food services collected
after the Hajj.

The specific objectives of this study are: first, to extract and
describe the principal food-service issues reported by pilgrims
(e.g., availability, safety, cleanliness, and nutrition); second, to
estimate the overall sentiment distribution toward food service
quality (positive, negative, or neutral); and third, to benchmark
multiple machine learning algorithms—including SVM, LR,
NB, DT, and RF —to determine the best-performing model
for sentiment classification. Accordingly, the main research
questions are: What food service issues do pilgrims report dur-
ing the Hajj?, What sentiments (positive, negative, or neutral)
are associated with these issues across pilgrims’ reviews?, and
Which machine-learning approach most effectively classifies
sentiment in this dataset?

This research contributes a new dataset collection applied
for the first time to evaluate food services provided to pilgrims
after the Hajj season. To the best of our knowledge, it is the
first study to analyze Google Maps reviews within the Hajj
context with a specific focus on food services. Previous work
has seldom relied on Google Maps as a data source in this
domain.

The scope of the research is restricted to text-based analysis
of reviews about food services during the Hajj. It excludes
multimedia data, such as images or videos, and does not
address external factors such as politics or finance. The main
focus is on textual sentiment to provide an evidence-based
understanding of food service quality.

However, there remains a lack of focused research applying
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these methods specifically to food services in the unique
context of the Hajj, creating a need for an updated, domain-
focused analysis that utilizes pilgrim-authored reviews beyond
social media and rigorously evaluates sentiment models for
text to produce actionable insights.

The structure of this research is organized as follows:
Section I presents the introduction and problem statement and
outlines the research objectives, questions and contributions;
Section II reviews related literature on service quality and
sentiment analysis in the context of the Hajj; Section III
describes the methodology; Section IV presents and discusses
the results; and Section V concludes the study with key
findings, limitations, and recommendations for future research.

II. LITERATURE REVIEW

Every year, the Hajj attracts a huge number of pilgrims; a
total of 1,673,230 pilgrims were recorded in 2025 [9], and the
quality of services provided plays a major role in achieving
pilgrim satisfaction. The literature review of this research
has been divided into two sections: the service quality and
sentiment analysis in the Hajj.

A. Services Quality in Hajj

Service quality consists of two component words. “Ser-
vice” refers to the basic features of a specific function, while
“quality” refers to the application of a user-based approach
[10]. Together, “service quality” refers to the value of service
to the customer [10]. A measure of service quality shows
how well a company meets the expectations of its clients
by comparing actual service delivery to client expectations
[11]. Consumers have explicit wants and needs, as well as
occasionally having latent or concealed demands [11]. It is
the responsibility of the company to recognize these demands
and meet them, either above or beyond the expectations of
the client. One of the most crucial factors in determining a
company’s success or failure—and, in the event of success,
the degree of that success—is service quality [11].

These studies investigate the quality of services provided
during the Hajj, including food, accommodation, transporta-
tion, and healthcare services.

Food service provision during the Hajj introduces unique
challenges and opportunities to improve. Research indicates
that there are varying levels of compliance with food safety
practices among different food provider companies. Profes-
sional training was found to considerably enhance adherence
to safety protocols, with a compliance rate between 72.67%
and 88.3% [12]. The researchers proposed automated food
production using blockchain and centralized plants to control
and improve food service quality, reducing service delivery
times by 54.46% [5]. During the Hajj, the quality of food
service is a critical concern for pilgrims’ satisfaction and
health. About 20% of pilgrims suffer from chronic diseases,
with 15.7% needing special diets due to chronic health condi-
tions; however, research has found that most caterers do not
provide special meals for them [13]. All of these efforts, such
as training and automated food production, aim to enhance
the quality of food, particularly during the Hajj. Yezli et al.
[14] investigated the prevalence of gastrointestinal symptoms
among pilgrims during the 2019 Hajj and assessed their

knowledge and practices regarding food and water safety. They
also aimed to identify knowledge gaps and risky behaviors
that could increase the risk of food- and water-borne diseases
(FWBDs). The findings showed that nearly 10% (n = 133) of
pilgrims reported at least one gastrointestinal symptom during
the Hajj, with diarrhea being the most common (51.9%). Most
symptoms lasted for less than two days, and 78.2% of affected
individuals sought medical assistance [14]. During the 2023
Hajj, Msrahi et al. [15] investigated the relationship between
foodborne disease (FBD) and food safety knowledge and prac-
tices among pilgrims. They employed a self-reporting online
questionnaire, which comprised four sections: demographic
data, pilgrims’ food safety knowledge and practice, and FBD
symptoms. The dataset collected involved 409 pilgrims from
15 countries. They found that the pilgrims demonstrated an
above-average level of food safety knowledge, while their food
safety practices were below average [15]. Alfiah et al. [16]
investigated the nutritional completeness of food consumed
by Indonesian Hajj pilgrims, identifying the factors associated
with incomplete nutrition and highlighting the importance of
nutritional education and policy. The study included a sample
of 231 Indonesian respondents who were Hajj or Umrah
pilgrims aged 18 years and above. The researchers found
that a significant majority (87%) of Indonesian Hajj pilgrims
consumed nutritionally incomplete food, meaning that one or
more components (carbohydrates, fat, protein, vegetables, or
fruit) were missing [16].

The provision of accommodation during the Hajj plays a
crucial role in enhancing pilgrims’ satisfaction and their overall
experience. Mohammed et al. [17] used the analytic hierarchy
process (AHP) to prioritize the service quality dimensions that
are most important for improving pilgrim satisfaction. The
most important dimension was found to be tangibility, reflected
in the physical facilities, equipment, and the appearance of
personnel.The reliability dimension demonstrated the ability
to deliver promised services consistently and dependably [17].
Providing high-quality accommodation services, comfortable
transportation, and reliable religious scholars all enhance the
pilgrimage experience, and authorities should focus on these
[18]. Jouda et al. [2] aimed to investigate how service quality
affects the satisfaction levels of Hajj pilgrims in Saudi Arabia’s
hotel sector and identified key service dimensions that influ-
ence the pilgrim’s experience. The authors made suggestions
for improving hotel services aligned with religious tourism
expectations. They found that service quality significantly
impacted pilgrims’ satisfaction, while the dimensions of re-
sponsiveness, reliability, and empathy were the most influential
in determining satisfaction levels [2].

Large numbers of participants and spatiotemporal restric-
tions lead to significant challenges in the transportation of
pilgrims during the Hajj [3], [19]. Trains and pedestrian
routes are intensely used modes of transport during the Hajj
[19]. Hussain et al. and Owaidah et al. [3], [19] proposed
strategies to improve transport shuttle bus service efficiency
and evaluated services by using simulations of discrete events
for pilgrim transport modeling between sites. Weber et al.
[20] aimed to assess pilgrims’ satisfaction with metro ser-
vices during the Hajj. They defined the key factors affecting
satisfaction, offered proposals and recommendations to im-
prove metro services in the future, and emphasized the role
of metro services in mitigating transport crowds during the
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Hajj season. They found high satisfaction among pilgrims
concerning the quality of the service, with the metro help-
ing to mitigate overcrowding, a positive perception of safety
through the measures implemented in the metro system, and
improvements to pilgrim mobility; however, the study also
found that elderly and disabled pilgrims faced difficulties in
accessing metro services [20]. Almujibah et al. [21] aimed
to evaluate the efficiency of the Almashaaer Al Mugaddassah
Metro (MMMSL) in transporting pilgrims, assess the efficacy
of the metro system in meeting its intended objectives, analyze
the safety measures implemented in the MMMSL and their
effectiveness, and provide recommendations for enhancing
performance and safety. They concluded that the metro worked
with high efficiency during off-peak times, faced challenges
during peak periods, was successful in reducing traffic, and had
effective safety measures in place for managing the movement
of passengers. The authors also provided a number of improve-
ment recommendations [21]. These studies emphasize the need
for innovative solutions to address the complex transportation
challenges faced during the Hajj.

Digital transformation initiatives implemented by the Saudi
Ministry of Health have led to improved healthcare services
[4]. However, integrating various healthcare applications re-
mains a challenge due to the lack of a unified electronic
platform [4].

B. Sentiment Analysis in Hajj

Sentiment analysis is a method that uses a vast number
of textual data sources to identify positive and negative views
about particular goods, services, or events [22]. These research
articles targeted particular domains, for instance, sentiment
analysis in the education [23], [24], Hajj domain [6], [7], [8],
[25], [26], [27], [28], medical domain [29], or business domain
[30], [31]. Sentiment analysis offers several advantages, such
as gaining insights into students’ opinions about the educa-
tional process delivered by teachers; understanding people’s
opinions about specific events, such as the Hajj; helping in
gathering patients’ feedback on hospital services; and allowing
businesses to understand customers’ opinions about specific
products or services offered in a restaurant or store. These
benefits help companies and service providers improve their
products and services. The following studies discuss sentiment
analysis in relation to the Hajj:

Alghamdi [6] presented a comprehensive sentiment analy-
sis of Arabic tweets related to the Hajj over a six year period
from 2017 to 2022 to investigate the prevailing sentiments
related to Hajj events before, during, and after the Hajj.
The study showed a significant surge in both positive and
negative tweets during the Hajj period. It applied different
classifications of machine learning and deep learning, with
the bidirectional encoder representations from transformers
(BERT) model achieving the highest accuracy of 93.8% in
sentiment classification. Thus, BERT was found to be one of
the most effective models in sentiment analysis, especially for
capturing the complexities of Arabic text. The study’s findings
indicated an increase in both positive and negative sentiments
during the Hajj period through engagement and emotional
expression [6].

Ottom et al. [8] applied sentiment analysis using a series
of tweets related to the Hajj. The researchers collected data

from 1-8-2018 to 25-8-2018 using the Twitter application
programming interface (API) and conducted two experiments
based on the machine learning approach and the lexicon
approach to compare the accuracy of the method of analysis.
The machine learning-based approach worked better than the
lexicon-based approach in the classification and sentiment
analysis, with SVM outperforming the other models with a
high degree of accuracy (84%) [8].

During the COVID-19 pandemic, a small number of pil-
grims were undertaking hajj. Shambour [25] used deep learn-
ing methods to discuss people’s impressions about the 1442
Hajj season. A dataset was compiled based on approximately
4,300 texts from social media, including X (Twitter) and
YouTube, posted over 13 days. Based on the experiment
results, the convolutional neural networks and long short-
term memory (CNN-LSTM) model outperformed the other
models in sentiment classification, achieving 97% accuracy.
The researcher provided a clear framework for understanding
public perceptions by using a five-point scale for sentiment
classification. The overall results showed highly positive feel-
ings about the Hajj season, with ratings exceeding 4 out of 5
[25].

In another study, Gutub et al. [26] investigated the emo-
tional impact of the COVID-19 pandemic on individuals in
Makkah and Madinah during the 2021 Hajj season, utilizing
deep learning techniques to analyze X (Twitter) data. It aimed
to understand the sentiments of residents in these holy cities,
which were significantly affected by reduced pilgrim numbers
due to the pandemic. The dataset comprised more than 22,000
tweets collected from Twitter accounts in Makkah and Madi-
nah during the 2021 Hajj season (1442 AH) between 28 Dhu
al-Qi’dah and 23 Dhu al-Hij’jah. They found “strange negative
feelings” toward the Coronavirus pandemic in tweets from the
holy cities. The sentiment analysis rate for COVID-19-related
tweets in both cities decreased below neutrality, with Makkah
tweeters expressing more negative sentiments [26].

Albahar et al. [27] used deep learning to predict satisfaction
levels with high accuracy, which influenced the quality of
accommodation services. The study collected 15,859 Arabic
reviews from the Booking.com website and proposed a model
using a deep learning approach that achieved 97% accuracy.
The study employed sentiment analysis techniques based on
the expectation-confirmation paradigm. This method made it
possible to gain a complex understanding of how pilgrims’ ex-
pectations affected how satisfied they were with the hospitality
services provided [27].

Chelloug et al. [28] presented an advanced social media
classification system designed to enhance Hajj and Umrah
services that utilized predictive deep learning and particle
swarm optimization to improve accuracy and offer immedi-
ate feedback for better decision-making and service quality
management. The researchers analyzed 5,000 tweets, 25,000
Facebook posts, and 10,500 Instagram posts. The proposed
model demonstrated superior performance, achieving an accu-
racy of 98.85% and outperforming other models in classifying
social media posts related to Hajj and Umrah services [28].

Several studies have explored food services [14], sentiment
[7], [26], [28], and health issues [15], [16] among Hajj and
Umrah pilgrims using advanced analytical methods.
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In food services, Alasmari et al. [7] aimed to create a
novel approach for sentiment analysis of pilgrims by utilizing
a hybrid deep learning model combining CNN and LSTM
models. The study used a novel and specialized dataset com-
prising 4,669 tweets collected from X (Twitter) during the
1442 Hajj (2021 AD) that discussed pilgrims’ opinions about
catering services. The proposed CNN-LSTM model achieved
an accuracy of 92%, outperforming other machine learning
models (SVM, RF, LR, and DT) and individual deep learning
models (CNN and LSTM) [7].

C. Studies Analysis

Most of the studies examined here did not specify the type
of service analyzed, focusing instead on general experiences.
Table I summarizes previous studies that conducted sentiment
analysis during the Hajj using various online platforms, such
as X (Twitter). Most of these studies focused on general topics,
for example, [25], [8], [6], [26] related to Hajj services while
only one study [27] focused on hospitality services. On the
other hand, ref. [28] focused on religious rites, management,
safety, well-being, and services, but only one study [7] focused
on catering services, and it was limited to Hajj 1442 (2021
AD). In terms of data collection periods, the studies collected
data during short and specific Hajj seasons, for example, 2018
[8], 2021 [7], and 2023 [27], or over limited durations, such
as 120 hours [28]. Concerning platform use, most previous
studies have relied on X (Twitter) [8], [25], [7], [28], [26] as the
primary source of data, with some incorporating YouTube [25],
Facebook [28], or Instagram [28]. With respect to language
coverage, previous studies show that sentiment analyses were
conducted in Arabic, English, or both.

TABLE I. SENTIMENT ANALYSIS IN HAJJ

Ref. Platform Data Collection Period Languages Service Type

[6] X(Twitter) 2017-2022 Arabic Not specified

[7] X(Twitter) Hajj 1442 (2021) Arabic Catering
services

[8] X(Twitter) 1-8-2018 to 25-8-2018 English Not specified

[25] X(Twitter),
YouTube

Hajj 1442 Arabic Not specified

[26] X(Twitter) Hajj season (1442 AH)
between 28 Dhu al-
Qi’dah and 23 Dhu
al-Hij’jah

Arabic,
English

Not specified

[27] Booking Hajj 2023 Arabic Hospitality
service

[28] X(Twitter),
Face-
book,
Instagram

collected over a continu-
ous period of 120 hours

Arabic,
English

Religious rites,
management,
safety, well-
being, and
services

These studies depend on data from social media platforms
in sentiment analysis, which does not offer straightforward
conclusions about the quality of services provided to pilgrims
during the Hajj. The results showed the effectiveness of using
machine learning algorithms and deep learning algorithms in
sentiment analysis. In addition, many of these studies were
conducted several years ago, which may limit their relevance
to the Hajj at the present time. Table II shows the differences
between studies based on number of datasets, machine-learning
models used, sentiment analysis used, and the levels of accu-
racy achieved by the machine-learning or deep learning models

in each study. Table I presents the differences between studies
that apply sentiment analysis in relation to the Hajj. The study
has aimed to measure the effectiveness of machine learning
techniques in improving the quality of food services that are
provided to pilgrims based on their sentiment analysis.

In sum, our research stands out in three key ways when
compared with previous studies in the Hajj field, as shown
in Table I. First, in terms of specificity, it focuses directly on
the food service aspect of the Hajj, unlike most prior works.
Second, in terms of recency and duration, our review covers
the 2022–2025 period, providing a modern and multi-year
perspective. Lastly, in terms of practical relevance, this study
uses sentiment analysis and machine learning techniques to
contribute practical insights for identifying the main problems
related to food services that pilgrims face during the Hajj.

TABLE II. SUMMARY OF RELATED RESEARCH OF MACHINE LEARNING
AND SENTIMENT ANALYSIS IN HAJJ

Ref. Dataset Classifier Features Ex-
traction

Sentiment
Polarity

Accuracy

[6] Over
80,000
tweets

LR, RF, KNN,
SVM, NB,
XGBoost,
CNN, LSTM,
BERT

TF-IDF, BoW,
Word2Vec
Embeddings

Positive,
Negative,
Neutral

93.8%
BERT

[7] 4669
tweets

SVM, DT,
RF, LR, CNN,
LSTM, CNN-
LSTM

One Hot
Encoder

Positive,
Negative,
Neutral

92%
CNN-
LSTM

[8] 3175
tweets

SVM, KNN,
NB, Text Blob

BoW, N-
Grams, TF-
IDF

Positive,
Negative,
Neutral

84%
SVM

[25] 2996
tweets,
1293
com-
ments

CNN-LSTM CNN five-point
scale for
sentiment
classifica-
tion

Reach to
97%

[26] Over
22,000

CNN-LSTM CNN Scale
score
from 1 to
5

Not
specified

[27] 15,859
reviews

CNN, LSTM,
proposed
model

Convolutional
Layer

Positive,
Negative,
Neutral

97%
pro-
posed
model

[28] 15,000
tweets,
25,000
Facebook
posts, and
10,500
Instagram
posts

SVM, RF,
DT, XGBoost,
K-NN, BERT,
ALBERT,
ROBERTA,
XLNet,
Proposed
model

Principal
Component
Analysis
(PCA) and
Pearson
Correlation
Coefficient
(PCC)

based on
relevant
attributes:
service-
level, and
scores

98.85%
pro-
posed
model

III. METHODOLOGY

This research used a sentiment analysis approach applied
to pilgrims’ reviews about food service. Sentiment analysis is
a widely recognized approach in natural language processing
(NLP) that focuses on identifying and interpreting emotions or
opinions expressed in text data [32], [1]. Its main objective is
to classify written content—such as reviews, tweets, or com-
ments—into sentiment categories such as positive, negative, or
neutral [32], [1]. With the exponential rise of social media and
digital communication, massive amounts of opinion-rich data
are generated daily, making sentiment analysis an essential
tool for understanding public attitudes, market trends, and
consumer behavior [33].
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This approach plays a crucial role in various domains, in-
cluding business, politics, and social research, by helping orga-
nizations analyze feedback, monitor reputations, and enhance
decision-making [33], [32]. Sentiment analysis approaches can
be divided into three categories, as shown in Fig. 1: machine
learning, deep learning, or ensemble learning [1]. In this
research, the focus is on the machine learning approach.

Fig. 1. Sentiment analysis approach.

Sentiment analysis typically involves several key stages [1],
as illustrated in Fig. 2. It starts with data acquisition, then
perform data preprocessing to clean and normalize the text.
After that, feature extraction converts text into numerical repre-
sentations using methods like TF–IDF (term frequency–inverse
document frequency) or word embeddings. Finally, machine
learning algorithms such as SVM for classification are used
[1]. By integrating natural language processing and machine
learning techniques, sentiment analysis provides a powerful
framework for automatically extracting and interpreting human
emotions and opinions from unstructured text data [33], [32],
[1].

Fig. 2. Sentiment analysis process.

This section accentuates our research methodology, which
includes the dataset collection, labeling, and preprocessing, as
well as the subsequent steps of feature extraction and model
classification, as shown in Fig. 3.

Fig. 3. Methodology overview.

A. Dataset Collection

The foundation for sentiment analysis has been established
by collecting text-based feedback from Hajj pilgrims. This

feedback covered sentiments related to food service quality.
The data have been gathered from a range of sources between
2022 and 2025, from 160 Hajj campaigns. The research data
for this study have been collected from Google Maps reviews
related to campaigns at Hajj sites using the Outscraper website
[34]. This tool offers rapid, reliable access to data on Google
Maps locations through a simple and intuitive interface [34].
Additionally, we utilized Instant Data Scraper, a feature of
Google Chrome that serves as an automated data extraction
tool for any website. The dataset was garnered from Google
Maps. We initially gathered 6,450 reviews; after removing
duplicates, non-text items, and entries with missing or off-
topic content, we retained 4,018 reviews explicitly referencing
food or catering. The data collection process involved several
steps. First, specific keywords were searched on Google Maps
to identify Hajj campaigns, such as “ �

HCÔg” (campaigns),

“ l .k
�
éÊÔg” (hajj campaign), “É 	

g@YË@ h. Am.
k” (domestic pilgrims),

and “ l .k” (hajj). Based on the search results, relevant cam-
paigns were selected, and all available reviews were opened
and extracted using the Instant Data Scraper tool. The collected
reviews were then downloaded, copied, and combined into a
single file. This process was carried out individually for each
campaign, which required a considerable amount of time due
to the manual nature of the task. After completing the data
collection, the dataset was cleaned and standardized to ensure
consistency. The data preparation process included unifying
all reviews into Arabic, standardizing the review dates into an
annual format, and organizing the dataset for data labeling and
preprocessing. Table III presents the dataset attributes and their
types used in this study.

TABLE III. POTENTIAL ATTRIBUTES AND DATA TYPE

Attribute Data Type
Textual review Text

Review datetime Numerical
Sentiment analysis Categorical

Fig. 4 shows a bar chart illustrating the relationship be-
tween review years and sentiment categories. The chart shows
a gradual increase in the number of reviews over the years.
There are relatively few reviews in 2022, with a noticeable
rise in 2023 and a sharp increase in 2024 and 2025. Positive
reviews remain the most frequent across all years, followed by
negative and neutral reviews.

1) Dataset Labeling: The dataset has been organized
into three class single-label sentiment classification (posi-
tive/neutral/negative) to encompass the entire spectrum of
classification. The positive class comprises reviews that are
commendatory or appreciative of the pilgrim’ satisfaction
with the food or service, such as food quality, good taste,
cleanliness, variety, organization, or speed of service. On the
other hand, the negative class encompasses reviews that are
derogatory and critical and reflect dissatisfaction or a poor
experience, such as poor taste, delayed service, lack of variety,
poor cleanliness, or poor service by servers. Finally, a neutral
class expresses a descriptive opinion or information without
positive or negative emotion (i.e., an objective comment that
does not express obvious satisfaction or dissatisfaction); for
instance, three meals are served daily to pilgrims. Table IV
shows examples of three categories of sentiment analysis. The
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Fig. 4. Dataset distribution.

dataset was manually labeled by assigning a sentiment label
to each review individually using an Excel file, which was
later converted into a CSV format. The final dataset contains
4,018 Arabic reviews provided by pilgrims. To ensure labeling
reliability, all reviews were annotated by three native Arabic
speakers. One annotator has a background in information
technology (IT), while the other two are in information systems
(IS). All annotators were between 28 and 32 years old and
participated independently in the labeling process. During
data preparation, only the review text and review date were
retained, while star ratings, no campaign identifiers or reviewer
IDs were excluded to avoid potential data leakage risks and
bias. Each annotator was provided with the same dataset
and instructed to classify each review into one of the three
sentiment categories (positive, negative, or neutral) based on
the predefined definitions. After all annotators completed the
labeling process, the final label for each review was determined
using majority voting. For example, if two annotators labeled a
review as positive and one labeled it as neutral, the final label
was assigned as positive. In ambiguous cases, the annotators
discussed the review collectively to decide the appropriate
sentiment class, and reviews that could not be confidently
resolved were removed from the dataset.

Fig. 5 illustrates the distribution of sentiments and the
number of reviews in each class in our dataset. The largest
portion of the chart represents positive sentiments, which
account for 62.00% (2,491 reviews) of the total. The negative
sentiments make up 27.85% (1,119 reviews), while the neutral
sentiments represent the smallest portion, with 10.15% (408
reviews). It is clear that positive reviews dominate the dataset,
followed by negative and then neutral reviews.

B. Dataset Preprocessing

Preprocessing techniques are important in natural language
processing tasks [35]. The quality of preprocessing has a direct
impact on the performance and precision of NLP tasks such
as text classification and sentiment analysis [35]. One of the
most widely used libraries in NLP is the Natural Language
Toolkit (NLTK) [36]. It is a Python library that offers a variety
of linguistic resources, like text processing, and performs
operations such as tokenization, stemming, and classification
[36]. To prepare the data for analysis, preprocessing tasks, as

TABLE IV. EXAMPLES OF REVIEW IN DIFFERENT SENTIMENT CLASSES

Sentiment Review English translation
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The food was good but mostly
traditional.
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Their cooking is okay — at
least you won’t die, the taste

doesn’t have to be 100%

Fig. 5. Number of positive, negative and natural reviews in our dataset.

shown in Table V, such as text cleaning and tokenization, have
been performed to ensure consistency. The reviews obtained
for this study consisted of feedback written in Arabic as well as
several other languages. To standardize the linguistic input and
avoid model bias arising from multilingual text, we translated
all non-Arabic reviews into Arabic using Google Translate.
This translation step served to unify the dataset under a single
language representation and enable the application of Arabic-
specific preprocessing and sentiment-analysis techniques. Ac-
cordingly, the following steps were applied, before building
the machine learning model, to ensure the efficiency of its
accuracy.

1) Noise removal: According to [37], removing noise en-
hances analysis speed and accuracy. This involves removing
any URLs, special characters, punctuation, and numbers from
the reviews. To address these complexities in our dataset,
we implemented a Python function called remove noise(text),
which relies on regular expressions and the “sub” method
from the “re” package [37] to systematically preprocess Arabic
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reviews, and applies it to a panda DataFrame. This function
removes unwanted elements such as digits, punctuation marks,
and unusual symbols. It also cleans emojis, reduces elongated
Arabic vowels, and normalizes white space. The cleaned text
is then saved into a new column called clean text, ensuring a
clean and readable dataset for further analysis.

2) Normalization: Text normalization is employed to re-
duce noise within Arabic data and to correct spelling incon-
sistencies, as noted in prior research [38]. This procedure has
been shown to enhance model performance in multiple studies
[38], [6]. For example, the authors of [38] reported improved
accuracy after applying normalization along with other prepro-
cessing steps. Arabic text presents additional complexities, as
some letters can appear in multiple forms depending on their
position within a word. To address this, we normalized these
letter variants—for example, converting �

è (taa’ marbuta) to è,

standardizing the different forms of


@ ,
�
@ and @ to a single @ (alif),

converting alif maqsura ø into ø



, and changing letters with

hamza ( 
ð and 
ø) into a stand-alone hamza Z. Arabic diacritics
(such as fatha, damma, and kasra) are also removed, as they
don’t contribute significantly to sentiment analysis.

3) Tokenization: Tokenization is a fundamental prepro-
cessing step in Arabic text analysis because it reduces typo-
graphical variation and prepares the text for reliable linguistic
processing [39], [38]. Tokenization is the process of splitting
the text into individual words or tokens [22]. For Arabic text,
tools like NLTK, can be used to perform this step efficiently.
In summary, this step converts the normalized Arabic text
into separate words, making it easier to process in later
tasks such as removing stop words, stemming, or performing
deeper text analysis. Effective tokenization facilitates more
precise counting of word occurrences and enhances the overall
structure and interpretability of the text for NLP models [39],
[38].

4) Stop word removal: Removing stop words—common
words like 	áÓ ,úÎ« ,ú




	
¯ , etc.—is another key task, as these

words don’t carry much useful information for sentiment
analysis [22]. We used the NLTK stop words corpus to filter
out common Arabic words that usually carry little semantic
meaning [39]. First, it downloads and loads the Arabic stop
words provided by NLTK into a set called stop words. Then,
it extends this list with a custom set of additional Arabic
stop words that the user defines manually (e.g., pronouns,
prepositions, and frequently used words like ú




	
¯ ,úÎ« , 	áÓ , etc.).

After combining both sets, a function called remove stopwords
is defined, which takes a list of tokens (words) and returns only
those that are not in the stop words set.

5) Stemming or lemmatization: Stemming, or lemmatiza-
tion, is performed to reduce words to their root forms, ensuring
variations of the same word [22]; for example, “ �

HAJ.k. ð”

becomes “I. k. ð”. In this research, we apply stemming to
Arabic words using NLTK’s ISRIStemmer as implemented in
[39], which is a rule-based algorithm specifically designed for
the Arabic language. This step refines the text preprocessing
pipeline by unifying word variants under a common root,
which enhances the effectiveness of tasks such as text analysis

and machine learning by treating semantically related words
as the same concept.

TABLE V. EXAMPLE OF DATA PREPROCESSING

Data prepro-
cessing
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6) Feature extraction: After preprocessing, relevant fea-
tures have been extracted for input in machine learning models.
This process converts raw text into numerical features that
machine learning models can understand. Examples of these
features include bag-of-words (BoW), term frequency–inverse
document frequency (TF–IDF), and word embeddings.

For the sentiment analysis task, the text data were trans-
formed into numerical features using the TF–IDF technique,
which quantifies the importance of words or phrases within
a collection of documents. This process prepared both the
text data and sentiment labels for machine learning. The
categorical sentiment labels (“positive,” “negative,” and “neu-
tral”) were first converted into numerical form through a
mapping dictionary, where the values 0, 1, and 2 represented
positive, negative, and neutral sentiments, respectively. This
encoding allowed the data to be used effectively in algorithms
that require numerical input. The textual data were then
vectorized using TF–IDF to assign weighted values to each
term, emphasizing those that are more relevant to individual
documents while downplaying common or less informative
terms. To optimize feature extraction, several parameters were
configured: The n-gram range was set from 1 to 3 to capture
single words, bigrams, and trigrams; the minimum document
frequency (min df=3) excluded rare terms occurring in fewer
than three documents; the maximum document frequency
(max df=0.9) removed overly common words appearing in
more than 90 percent of documents; sublinear term frequency
scaling (sublinear tf=True) was applied to reduce the influ-
ence of very frequent terms; and the maximum number of
features was limited to 5,000 to manage the dimensionality of
the feature space. The resulting TF–IDF matrix represented
each document as a numerical vector corresponding to the
relative importance of its terms, and the matrix dimensions
along with the vocabulary size were recorded to validate the
transformation.

C. Machine Learning Models

Machine learning, a vital subfield of artificial intelligence
(AI), enables computers to learn and enhance their perfor-
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mance through experience without requiring explicit program-
ming [40]. It is designed to help systems automatically identify
patterns, make predictions, and make informed decisions based
on data [40]. We used five machine learning algorithms to
evaluate our dataset.

1) Support Vector Machine (SVM): Support vector machine
is a supervised machine learning algorithm used for both
classification and regression tasks [41]. The goal of SVM is
to find the best possible hyperplane that divides the data into
distinct classes, while maximizing the margin, or the distance,
between the hyperplane and the closest data points from each
class [41].

2) Naive Bayes (NB): Naive Bayes classifiers are a group
of algorithms based on Bayes’ Theorem, which is used to
calculate probabilities for classification tasks [42]. Rather than
referring to a single method, “Naive Bayes” covers a family of
models that make the simplifying assumption that the features
are independent of each other [42]. This assumption makes
the models computationally efficient, especially when working
with large datasets [42].

3) Logistic Regression (LR): Logistic regression is a su-
pervised learning technique commonly used for classification
problems, particularly when the goal is to estimate the proba-
bility that a given instance belongs to a specific class [43]. It
works by calculating a value between 0 and 1, representing the
likelihood that an event will occur, based on the relationship
between the input features and the target variable [43].

4) Decision Tree (DT): A decision tree is a supervised
machine learning technique that can be applied to both classi-
fication and regression problems [44]. Its structure resembles a
hierarchy, beginning with a root node and branching into inter-
nal nodes, edges, and leaf nodes [44]. Much like a flowchart,
it guides the decision-making process step by step: Internal
nodes perform tests on attributes, branches denote the values
of these attributes, and leaf nodes provide the final outcome
or prediction [44]. Decision trees are commonly employed
because they are easy to interpret, are adaptable, and require
minimal data preprocessing [44].

5) Random Forest (RF): Random forest is a powerful
machine learning technique that combines the predictions
of multiple decision trees to improve accuracy [45]. During
training, it builds several decision trees, each working with
a different subset of the data and features. This “ensemble”
approach helps make the model more robust, reducing the risk
of overfitting and enhancing its ability to generalize well to
new data [45].

D. Performance Measures

The quality of sentiment analysis has been assessed using
various metrics and indicators to measure its performance. In
this section, multiple machine learning algorithms have been
compared based on performance metrics such as accuracy,
precision, recall, and F1-score to determine which algorithm
best predicts sentiment. Each metric has a unique formula,
and we evaluated how well classifiers performed by using
mathematical formulas. The following definitions of symbols
are used in the formulas. “TP” refers to instances that are
correctly classified as positive, “TN” signifies instances that

are accurately classified as negative, “FP” represents instances
that are incorrectly classified as positive, and “FN” denotes
instances that are incorrectly classified as negative.

Accuracy refers to the overall proportion of correct clas-
sifications made by the model, including both positive and
negative predictions [6].

accuracy =
TP + TN

TP + TN + FP + FN
(1)

The recall is the percentage of actual positive cases that
the model correctly identifies as positive [46].

recall =
TP

TP + FN
(2)

Precision is the proportion of positive predictions made by
the model that are actually correct [46].

precision =
TP

TP + FP
(3)

The F1-score is a way to combine precision and recall into
a single metric. It is the harmonic mean of the two, balancing
the trade-off between them [46].

f1− score =
2 · TP

2 · TP + FP + FN
(4)

This comparison has led to a final interpretation, visualiza-
tion, and evaluation of the different approaches. By gathering
feedback data, preprocessing it for machine learning models,
and applying various algorithms, issues with food service
quality can be identified.

IV. RESULTS AND DISCUSSION

The following sections present the detailed results obtained
from each model, followed by a comparative discussion that
interprets their performance and highlights the most effective
approach for analyzing pilgrims’ opinions about food service
quality during the Hajj.

A. Machine Learning Evaluation

Table VI presents the performance metrics for all classi-
fiers, including accuracy, precision, recall, and F1-score. These
results were obtained using the optimal parameters determined
through a grid-search procedure. We also implemented an
adaptive hyperparameter tuning strategy that automatically
selected the appropriate parameter grid based on the charac-
teristics of each model type. This approach ensured that each
classifier received targeted parameter optimization focused
on the most relevant hyperparameters. Using f1 weighted as
the scoring metric facilitated balanced performance across all
sentiment classes. To ensure the robustness and reliability of
the findings, the dataset was preprocessed and divided into
training and testing subsets using a 70/30 split ratio (total
dataset 4018, of which 2812 were for training and 1206
for testing), as illustrated in Table VII, followed by fivefold
cross-validation. Stratified sampling was employed to maintain
the original class distribution in both subsets. Examination

www.ijacsa.thesai.org 987 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 1, 2026

of the training data revealed class imbalance, with some
sentiment categories being underrepresented. To address this
issue, the synthetic minority oversampling technique (SMOTE)
was applied to the training set. SMOTE generates synthetic
samples of minority classes, thereby achieving a balanced
dataset without duplicating existing entries [47]. The resulting
balanced dataset ensured that the classification models were
trained on an equal representation of all sentiment categories
and no duplicate reviews across splits, thereby reducing bias
and improving the reliability of the predictive outcomes.

TABLE VI. CLASSIFICATION RESULT

Model Accuracy Precision Recall F1-score
LR 0.936153 0.926571 0.862949 0.888955
SVM 0.928690 0.900183 0.859686 0.877759
RF 0.922056 0.916339 0.839022 0.870070
NB 0.912106 0.846642 0.855347 0.850854
DT 0.865672 0.825404 0.792528 0.807579

TABLE VII. CLASS DISTRIBUTION IN TRAINING AND TEST SETS

Dataset Split Positive Negative Neutral Total

Full dataset 2491 1119 408 4018
Training set (70%) 1743 (61.98%) 783 (27.84%) 286 (10.17%) 2812
Testing set (30%) 748 (62.03%) 336 (27.86%) 122 (10.12%) 1206

The comparison of machine learning models for sentiment
analysis of food services during the Hajj demonstrates notable
variations in performance across algorithms. Fig. 6 presents a
bar chart that compares the performance metrics of different
models. Among them, the LR classifier achieved the highest
performance, with an accuracy of 93.6%, a precision of 92.7%,
a recall of 86.3%, and an F1-score of 88.9%. This strong
balance between precision and recall indicates that LR not only
minimizes false positives but also captures most true positives,
which is an ideal outcome for sentiment classification. The
SVM and RF classifiers also performed competitively, with
accuracies of 92.9% and 92.2%, respectively. SVM achieved
90% precision, 86% recall, and an F1-score of 87.8%, whereas
RF achieved 91.6% precision, 83.9% recall, and an F1-score
of 87%. The NB classifier demonstrated moderately strong
performance, with an accuracy of 91.2%, a precision of 84.7%,
a recall of 85.5%, and an F1-score of 85.1%. In contrast, the
DT classifier delivered the weakest performance, achieving
86.6% accuracy, 82.5% precision, 79.3% recall, and an F1-
score of 80.8%. As shown in Table VI, LR achieved the highest
overall accuracy (93.6%) and F1-score (88.9%), indicating
its strong ability to correctly classify pilgrims’ opinions on
food services. The competitive performance of SVM and RF
suggests that these models also provide effective alternatives
for text classification tasks. In contrast, the relatively low
performance of the DT model may be attributed to its sus-
ceptibility to overfitting.

These results indicate that LR offers the most equitable and
dependable performance for the analysis of textual feedback.
Therefore, it can be considered the most suitable model for
identifying and interpreting sentiments expressed by pilgrims
regarding food quality, distribution, and overall satisfaction
during the Hajj season.

Table VIII reports class-wise precision, recall, and F1
scores for each model, along with the macro-averaged F1

Fig. 6. Comparing the performance metrics of different models.

score. Most models achieve strong performance on the positive
and negative classes, whereas performance on the neutral class
is consistently lower, as expected given its smaller sample
size (408 compared to 1119 and 2491). Among the evaluated
models, LR achieves the highest macro-F1 score, indicating
more balanced classification performance across the sentiment
categories.

To assess the stability of the results, LR was trained and
evaluated over ten runs using different random seeds, as shown
in Table IX. The macro-averaged F1 score was reported as
the mean across runs, along with a 95% confidence interval.
To evaluate the robustness of the LR model, the experiment
was repeated ten times using different random seeds with
stratified train–test splits. The macro-averaged F1 score across
runs ranged from 0.859 to 0.907, with a mean value of 0.887
and a standard deviation of 0.015. The corresponding 95%
confidence interval [0.878, 0.897] indicates limited variability
in performance, suggesting that the model’s balanced classi-
fication ability is stable and not sensitive to a particular data
split. This result is consistent with the macro-F1 value reported
in Table VIII, confirming that the observed performance is
reproducible and not an artifact of a single evaluation split.

TABLE VIII. CLASSIFICATION RESULT IN EACH CLASS

Model Class Precision Recall F1-score Macro-F1
positive 0.951031 0.986631 0.968504

LR negative 0.905605 0.913690 0.909630 0.888955
neutral 0.923077 0.688525 0.788732
positive 0.948320 0.981283 0.964520

SVM negative 0.909091 0.892857 0.900901 0.877759
neutral 0.843137 0.704918 0.767857
positive 0.928030 0.982620 0.954545

RF negative 0.911315 0.886905 0.898944 0.869824
neutral 0.908046 0.647541 0.755981
positive 0.959569 0.951872 0.955705

NB negative 0.892857 0.892857 0.892857 0.850854
neutral 0.687500 0.721311 0.704000
positive 0.895541 0.939840 0.917156

DT negative 0.830671 0.773810 0.801233 0.807579
neutral 0.750000 0.663934 0.704348

Fig. 7 illustrates the accuracy results across different ma-
chine learning models, with LR achieving the highest score of
93.6% and DT achieving the lowest score of 86.6%.

Fig. 8, Fig. 9, and Fig. 10 present the performance com-
parison of several machine learning models—SVM, NB, LR,
DT, and RF—used for sentiment analysis of food service
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TABLE IX. STABILITY ANALYSIS OF LR USING REPEATED RUNS

Metric Value
Number of runs 10
Macro-F1 scores [0.88305793 0.85866379 0.8780987 0.88270304

0.90666875 0.88068048 0.90701475 0.87978505
0.89923511 0.89673202]

Mean Macro-F1 0.8873
Standard Deviation 0.0151
Minimum Macro-F1 0.8587
Maximum Macro-F1 0.9070
Confidence Interval 95% [0.8779, 0.8966]

experiences during the Hajj. The sentiment categories consid-
ered in this analysis are positive, negative, and neutral, and
performance is evaluated using recall, precision, and F1-score.

In Fig. 8, the positive and negative classes achieved high
precision across most models, indicating that when the models
predicted a positive or negative sentiment, they were usually
correct. The neutral class showed greater variability, with
LR performing best for this category. This finding suggests
that neutral predictions are more prone to misclassification
compared to the other sentiment types.

Fig. 9 shows that all models achieved high recall for
the positive class, particularly LR and SVM, both exceeding
0.95. This indicates that these models were highly effective
in correctly identifying positive sentiments. For the negative
class, recall values were slightly lower but still strong, typically
around 0.85–0.9, meaning that most negative sentiments were
also captured well. However, the neutral class consistently
exhibited the lowest recall across all models, suggesting that
distinguishing neutral opinions remains a challenge.

Fig. 7. Accuracy results comparing the performance of several machine
learning models.

The F1-score results, shown in Fig. 10, reveal a similar
pattern. The positive class achieved the highest F1-scores
across all models, followed by the negative class. The neutral
class again received the lowest F1-scores, reflecting the overall
difficulty of detecting neutral feedback in sentiment analysis
tasks. Overall, the results demonstrate that LR and SVM
provided the most balanced and consistent performance across
all sentiment categories. These findings suggest that these
models are well-suited for analyzing pilgrims’ feedback on

Fig. 8. Precision results comparing the performance of several machine
learning models across sentiment categories.

Fig. 9. Recall results comparing the performance of several machine
learning models across sentiment categories.

food services during the Hajj, as they reliably distinguish
between positive and negative sentiments.

Fig. 10. F1-score results comparing the performance of several machine
learning models across sentiment categories.

B. Visualization

Word frequency, word cloud, and confusion matrix—these
visualization outputs contribute to data inspection and commu-
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nication of results, supporting both preprocessing validation
and model evaluation stages. Within Hajj-related sentiment
analysis, authors have used these tools to display word-
frequency patterns and illustrate sentiment trends in user-
generated content on social platforms [6], [7], [8].

1) Word frequency: The analysis of word frequency in the
textual data was conducted to identify the most common terms
used by pilgrims when describing their experiences with the
food services during the Hajj. As illustrated in Fig. 11, the
word “É¿



B@” (food) appeared most frequently, with 1,315

occurrences, indicating that the majority of comments were
directly related to the quality, availability, and overall expe-
rience of the food provided. The next most frequent word
was “

�
@Yg. ” (very), which appeared 789 times, suggesting that

many participants used intensifiers to emphasize their opinions,
whether positive or negative. Other common words such as
“ �è 	PA�JÜØ” (excellent), “ é<Ë @” (God), “ �éÊÒmÌ'@” (the campaign),

and “ éJ

	
¯ñJ. Ë @” (buffet) also appeared prominently, reflecting

positive sentiments and references to the service settings. In
addition, terms such as “ �éÓY 	

g” (service), “ÐAª¢Ë@” (meal),

and “ �
HAÓY

	
mÌ'@” (services) were frequently mentioned, showing

that pilgrims often discussed both the food and the qual-
ity of service delivery. The presence of words like “ �éª
K @P”

(wonderful) and “ 	PA
�
JÜØ” (excellent) further suggests that the

general sentiment expressed in the comments was positive,
aligning with the results of the sentiment analysis. Overall, this
word-frequency analysis highlights the main topics of concern
and appreciation among pilgrims—particularly food quality,
buffet arrangements, and service efficiency—offering valuable
insights for improving food service management during the
Hajj season.

Fig. 11. Word frequency analysis showing the most common terms used by
pilgrims in their feedback about food services during Hajj.

2) Word cloud: The next figure presents three Arabic word
clouds categorized by sentiment: positive, negative, and neu-
tral. Each word cloud visually displays the frequency of words
appearing in pilgrim feedback, where larger words indicate
higher occurrence.

Fig. 12 illustrates a word cloud of positive Arabic reviews,
highlighting the most frequently used terms related to food
services. In the visualization, larger words represent higher

frequency. The most prominent terms include “É¿


B@” (food),

“ �éÓY 	
g” (service), and “ �é 	¯A 	¢ 	

JË @” (cleanliness), indicating that
praise is most often directed toward these three aspects. Other
common expressions consist of strong positive adjectives such
as “ 	PA�JÜØ” (excellent), “©
K@P”(great), “Q 	¯ñ�JÓ” (available), and

“Õæ



	
¢
	
J
�
K” (organization), along with intensifiers like “

�
@Yg. ” (very)

and expressions of gratitude “
�
@Qº

�
�” (thank you). Operational

references, such as “ éJ

	
¯ñJ. Ë @” (buffet), “Zú



æ
�
� É¿” (everything),

“ 	á�

	
®
	
£ñÖÏ @” (staff), and “ �é«A�Ë@ P@YÓ úÎ«” (around the clock),

also appear frequently, reflecting appreciation not only for
food quality but also for efficient logistics and staff support.
Overall, the word cloud underscores a dominant theme of
positive sentiment centered on cleanliness, high-quality food,
and attentive service.

Fig. 12. Word cloud showing the most frequent words in positive Arabic
reviews about food services in Hajj.

In the neutral word cloud, as shown in Fig. 13, terms such
as “ÐAª¢Ë@” (food), “YJ
k. ” (good), “ �

HAÓY
	
mÌ'@” (services), and

“ �èXñm.Ì'@” (quality) appear most frequently, indicating that many
reviews described the experience as satisfactory or acceptable.
These comments primarily reflect practical assessments of
meal quality, cleanliness, and organizational processes rather
than emotionally driven opinions.

Fig. 13. Word cloud showing the most frequent words in neutral Arabic
reviews about food services in Hajj.

The negative word cloud, presented Fig. 14, displays
frequently used words in reviews expressing dissatisfaction
with food services. The most noticeable terms, “É¿



B@” (food),
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“ �é
J�
�” (bad/poor), “ éJ

	
¯ñJ. Ë @” (buffet), “Õæ




	
¢
	
J
�
K” (organization),

“Yg. ñK
 B” (not available), and “XPAK.” (cold), point to dissatis-
faction related to meal quality, limited variety, and weak coor-
dination. The prominence of these words highlights key areas
of concern among pilgrims. Many complaints relate to food
quality, temperature, availability, and organizational issues.
Phrases like “¨ñ	J�K Yg. ñK
 B” (no variety) and “XPAK. ÐAª¢Ë@”
(cold food) are indicative of operational and logistical short-
comings rather than fundamental dissatisfaction with the con-
cept of the service itself. Moreover, the recurrence of words
such as “ 	

­�


B@” (unfortunately) and “øñ

�
J�ÖÏ @” (standard)

suggests unmet expectations, particularly given the significance
of the Hajj pilgrimage and the challenging conditions under
which meals are prepared and served. A closer analysis of
negative sentiments also reveals several challenges faced by
pilgrims, including the lack of specially prepared meals for
individuals with chronic illnesses, such as diabetes or hyperten-
sion, as well as for those with specific dietary needs. Pilgrims
also reported occasional delays in meal service and unexpected
changes in serving times without prior notice. In addition, the
absence of designated dining areas often forced them to eat in
their rooms or in shared hallways. Overall, the visualizations
clearly show that pilgrim opinions, whether positive, negative,
or neutral, center around the same core themes: food quality,
buffet service, and the overall service experience.

Fig. 14. Word cloud showing the most frequent words in negative Arabic
reviews about food services in Hajj.

3) Confusion matrix: We evaluated the performance of
the SVM, LR, NB, DT, and RF models using confusion
matrices, as illustrated in Fig. 15, to analyze their classification
accuracy across the positive, negative, and neutral sentiment
classes. The diagonal values in each matrix represent correctly
predicted instances, whereas the off-diagonal values indicate
misclassifications. Each confusion matrix shows how well
a model correctly classified instances across the positive,
negative, and neutral categories. The results indicate that LR
achieved the most balanced performance, correctly predicting
738 positive, 307 negative, and 84 neutral samples. The SVM
model produced similar accuracy, with slightly fewer correct
neutral predictions. The RF model performed well overall,
although it exhibited minor misclassifications in the negative
and neutral categories. NB also achieved strong results, with
712 positive, 300 negative, and 88 neutral correct predictions,
while the DT model performed comparatively lower, especially
in the negative class. Overall, LR and SVM provided the
most stable and accurate sentiment classifications across all

categories.

Fig. 15. Confusion matrices for five machine learning models: LR, SVM,
RF, NB, and DT.

C. Hyperparameter Tuning

We performed hyperparameter tuning on the best-
performing classification model obtained from previous eval-
uations. Based on the selected model type, we defined a
specific set of parameters to optimize its performance, as
shown in Table X. Each algorithm—SVM, LR, NB, DT,
and RF—was assigned a distinct parameter grid containing
key hyperparameters and their possible values. We used the
GridSearchCV method with fivefold cross-validation to sys-
tematically evaluate all parameter combinations. The weighted
F1-score was selected as the evaluation metric to effectively
handle class imbalance. This process allowed us to identify
the most suitable hyperparameter configuration for the chosen
model, improving its overall accuracy and generalization.

D. Comparison with Previous Studies

Compared with previous studies, the present research pro-
vides a distinctive contribution by focusing specifically on food
service quality during the Hajj, an area that has received lim-
ited attention in prior sentiment analysis works. While earlier
studies, such as [8], [6], and [26], mainly analyzed general
service sentiments on platforms like Twitter and YouTube, this
study utilized Google Map reviews collected directly from Hajj
campaigns between 2022 and 2025.
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TABLE X. HYPERPARAMETER SETTINGS FOR EACH MODEL

Model
Type

Hyperparameters Tuned Parameter Values Tested

SVM Regularization parameter (C),
Class weight

C = [0.1, 1, 10, 100];
class weight = [’balanced’, None]

NB Smoothing parameter (alpha),
Class prior fitting

alpha = [0.1, 0.5, 1.0, 2.0];
fit prior = [True, False]

LR Regularization (C),
Penalty type,
Solver,
Class weight

C = [0.1, 1, 10, 100];
penalty = [’l1’, ’l2’];
solver = [’liblinear’];
class weight = [’balanced’, None]

DT Maximum depth,
Minimum samples split,
Minimum samples leaf,
Class weight

max depth = [None, 5, 10, 15];
min samples split = [2, 5, 10];
min samples leaf = [1, 2, 4];
class weight = [’balanced’, None]

RF Number of estimators,
Maximum depth,
Minimum samples split,
Minimum samples leaf,
Class weight

n estimators = [100, 200, 300];
max depth = [None, 10, 20];
min samples split = [2, 5, 10];
min samples leaf = [1, 2, 4];
class weight = [’balanced’, None]

This approach ensures that the dataset reflects pilgrims’
authentic experiences with catering services. This approach
provides a more targeted view of food-related satisfaction.
Methodologically, while most earlier works (e.g., [7], [25],
[28]) relied on deep learning models such as CNN, LSTM,
or hybrid CNN-LSTM , achieving accuracies ranging from
92% to 98%, the present study employed traditional machine
learning algorithms (SVM, LR, NB, DT, RF) combined with
TF-IDF and n-grams for feature extraction. Despite being
less computationally intensive, the LR classifier achieved an
accuracy of 93.6%, demonstrating that high performance can
be obtained with optimized classical methods when the data
is domain-specific and linguistically normalized. Another key
distinction lies in the language unification process. While
several studies, such as [6] and [28], addressed multilingual
datasets or mixed Arabic–English content, this research stan-
dardized all data into Arabic, ensuring consistency in sentiment
polarity detection. Moreover, the scope of this study—covering
a four-year data collection period (2022–2025)—extends be-
yond the shorter, event-based windows (e.g., a few weeks
during Hajj 1442) used in earlier works, allowing for more
stable and generalizable insights. Overall, this research bridges
a critical gap by integrating machine learning–based sentiment
analysis with a domain-specific assessment of food services
during the Hajj, offering both methodological rigor and prac-
tical value for service management.

V. CONCLUSION

Through our analysis, we demonstrated that sentiment
analysis is an effective method for understanding pilgrims’
opinions regarding food services during the Hajj. We addressed
a gap in the existing research, as previous work tended to rely
on social media data and did not specifically focus on food
services. In this study, we analyzed pilgrims’ feedback using
Arabic textual reviews collected from Google Maps, providing
a direct and representative source of post-Hajj evaluations.
Our primary objective was to assess the performance of five
machine learning algorithms in classifying sentiments related
to food services. To achieve this, we collected approximately
4,018 reviews across 160 Hajj campaigns conducted between
2022 and 2025. After applying preprocessing techniques and
extracting features using TF-IDF with n-grams, we trained and
evaluated the classifiers. In addition to model performance, we

examined the key issues reported by pilgrims and analyzed
sentiment distributions related to food service quality.

The results revealed that many pilgrims still face issues
related to food, such as a lack of specially prepared meals
for individuals with chronic illnesses, limited variety, and
weak coordination, indicating that this remains an ongoing
challenge. The application of machine learning classifiers
showed excellent overall performance. Among the models,
LR achieved the highest accuracy of 93.6%, outperforming
the other classifiers. The SVM and RF models produced
comparable results, with accuracies of 92.9% and 92.2%,
respectively. Furthermore, sentiment analysis indicated that
positive sentiments predominated across all years, from 2022
to 2025, reflecting an overall improvement in pilgrims’ satis-
faction with food services over time.

The limitations of this research primarily stem from data-
related constraints. First, the volume of available reviews was
not sufficient to support the training of more complex deep
learning models. Second, the dataset is limited in scope, as
it includes reviews from domestic Hajj campaigns only and
therefore does not fully represent the diversity of pilgrims. Fi-
nally, some reviews contained mixed or ambiguous sentiments,
complicating the classification process.

For future research, we intend to employ more advanced
feature extraction techniques—such as word embeddings and
contextual language models—to better capture semantic nu-
ances in Arabic text. Furthermore, we plan to extend the
scope of the analysis to cover other essential services provided
during the Hajj, such as transportation and accommodation.
Finally, exploring deep learning methods may further improve
classification performance and provide deeper insights into
sentiment patterns.
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