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Abstract 12 

Migraine detection and sentiment analysis in healthcare have become increasingly important, 13 

particularly with the rise of social media platforms like Twitter, where users often share their personal 14 

health experiences. This study presents MASHA (Multi-Agent System for Healthcare Sentiment 15 

Analysis), an artificial intelligence (AI)-driven framework that integrates multiple machine learning 16 

(ML) models for sentiment analysis of Arabic tweets related to migraines. The system leverages a 17 

multi-agent architecture to handle tasks such as data acquisition, pre-processing, model training and 18 

real-time decision-making. Key ML models, including Support Vector Machines (SVM), Naive Bayes 19 

(NB) and Logistic Regression (LR), are integrated using ensemble techniques, leading to improved 20 

classification performance. 21 

Experiments conducted on a dataset of Arabic tweets demonstrate that MASHA outperforms 22 

traditional methods, achieving an accuracy of 90.0% and an F1-score of 89.46%. Moreover, the 23 

system's scalability and flexibility make it suitable for real-time public health monitoring, offering 24 

valuable insights into patient experiences and public sentiment regarding healthcare services. 25 

MASHA’s adaptability suggests its potential application for analysing other healthcare-related 26 

conditions, reinforcing the system's scalability and broader relevance. Future work will focus on 27 

incorporating deep learning (DL) models and expanding the dataset with content from additional 28 

social media platforms. 29 
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1. Introduction 33 

The integration of machine learning (ML) models is crucial in improving the performance of 34 

complex applications, particularly in the field of Natural Language Processing (NLP) (1). 35 

NLP involves the interaction between computers and human language, enabling machines to 36 

understand, interpret and generate human language (2–4). The effective integration of ML 37 

models in NLP is vital for managing and interpreting vast amounts of unstructured text data. 38 

However, traditional methods often face interoperability, scalability and efficiency 39 

challenges, limiting their effectiveness in real-world scenarios (5). 40 

Healthcare is a critical global concern and headaches, particularly migraines, are recognized 41 

as one of the most common and disabling conditions worldwide (6,7). The World Health 42 

Organization (WHO) reports that nearly half of the global population experiences some form 43 

of headache, including tension-type headaches, cluster headaches and migraines (8). 44 

Migraines, often episodic, significantly impact individuals’ quality of life and create a 45 

substantial economic burden on society (9). 46 

With the rise of social media platforms such as Twitter, individuals increasingly share their 47 

personal experiences, including their health struggles (10,11). This presents a unique 48 

opportunity to analyze real-time data on conditions like migraines, providing insights into 49 

behavioural patterns and emotional responses. Textual data from Twitter can capture 50 

individuals’ perceptions of migraine attacks, offering valuable information that can 51 

supplement existing medical knowledge and potentially improve predictive capabilities in 52 

public health (12). 53 

While existing studies have explored various aspects of migraine epidemiology in the Arab 54 

world, there is a need to synthesize these findings, mainly using modern technologies such as 55 

SA and ML (13–16). Twitter data, especially in Saudi Arabia, where there is a significant 56 

number of active users, provides an opportunity to explore how individuals discuss their 57 

migraine experiences (17). However, extracting useful information from unregulated 58 

platforms like Twitter poses significant challenges, particularly in filtering relevant tweets 59 

and pre-processing Arabic language data (5,18,19). Moreover, current ML models often face 60 

difficulties integrating diverse data sources and handling large-scale datasets, limiting their 61 

scalability and flexibility (20–22). 62 

Existing SA studies in healthcare often face challenges in effectively analyzing social media 63 

data due to the diverse nature of Arabic dialects, the volume of unstructured text and the 64 
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dynamic nature of social discussions. While approaches such as MARBERT and deep neural 65 

networks (DNNs) have shown success in structured datasets, the scalability and 66 

interoperability of these models remain limited when applied to real-world, large-scale, 67 

unstructured data environments like Twitter (23). 68 

Most frameworks focus solely on individual models, overlooking the potential benefits of 69 

multi-agent-based frameworks that coordinate and integrate diverse ML models (24–27). This 70 

research bridges the gap by proposing MASHA (Multi-Agent System for Healthcare 71 

Sentiment Analysis), a novel multi-agent-based SA system that addresses the volume and 72 

complexity of Arabic healthcare-related tweets, specifically targeting migraine-related 73 

discussions. 74 

This study presents the following contributions: 75 

1. Framework Development: Introduction of MASHA, a novel Multi-Agent System 76 

(MAS) designed to manage the entire sentiment analysis workflow, from data 77 

collection and pre-processing to model training and decision-making. 78 

2. Scalability and Flexibility: Integrating multiple ML models (support vector 79 

machines (SVM), Naive Bayes (NB) and Logistic Regression (LR)) through ensemble 80 

learning within a multi-agent framework to improve sentiment classification in 81 

resource-limited healthcare environments. 82 

3. Case Study Validation: The proposed framework was applied to real-world Arabic 83 

tweets related to migraines, demonstrating improved accuracy, precision, recall and 84 

F1-score compared to traditional single-model approaches. 85 

4. Addressing Dialectal Complexity: Implement customized pre-processing techniques 86 

to handle Arabic dialect variations, enhancing text normalization and feature 87 

extraction processes. 88 

MASs involve multiple autonomous agents collaborating to achieve specific goals. In the 89 

context of ML, MAS facilitates the integration of diverse models by allowing agents to 90 

manage different aspects of the process (28). Prior research has demonstrated the potential of 91 

MAS in improving the efficiency and scalability of ML model integration (29–31). 92 

Ensemble learning and hybrid models have traditionally been used to combine the strengths 93 

of different ML models, improving overall performance (32–34). However, these methods 94 

often struggle with scalability and flexibility in dynamic environments. In NLP applications, 95 

ensemble methods face challenges in coordination and efficiency during integration (32). 96 
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Despite advancements in ML model integration, existing methods struggle with handling 97 

large-scale and dynamic data environments, particularly in NLP applications (5). This study 98 

addresses these gaps by proposing a flexible and scalable multi-agent-based framework for 99 

integrating diverse ML models. 100 

Recent advancements in SA and ML for healthcare applications have demonstrated the 101 

potential of analyzing patient experiences through social media data (35). AlMuhaideb et al. 102 

(2023), introduced a novel HoPE-SA dataset that gathers patient experience sentiments from 103 

Saudi Arabia’s healthcare services using Arabic Twitter data. The study fine-tuned 104 

transformer-based models, such as MARBERT, achieving high accuracy in sentiment 105 

classification. This research underscores the growing role of social media SA in 106 

understanding patient experiences, particularly in healthcare contexts (36). 107 

Similarly, Khan et al. (2024) applied various ML models, including SVM, decision trees (DT) 108 

and DNNs, to classify different types of migraines using patient data. The study employed 109 

data augmentation techniques to expand the dataset, significantly improving the model’s 110 

accuracy. Notably, the DNN model achieved an accuracy of 99.66%, emphasizing the 111 

potential of ML in diagnosing and predicting conditions such as migraines (15). These studies 112 

highlight the importance of leveraging advanced ML models and SA to improve the accuracy 113 

and scalability of healthcare-related NLP tasks. This aligns with the focus of this research on 114 

developing a multi-agent-based framework for SA of Arabic tweets related to migraine 115 

detection. 116 

In summary, integrating ML models in NLP is a complex task that requires robust 117 

frameworks to manage diverse data and model types effectively (37). This study proposes 118 

MASHA, a multi-agent-based framework that addresses the challenges of ML models 119 

integration. A case study on sentiment classification for migraine detection using Arabic 120 

tweets is used to demonstrate the effectiveness of this framework, which enhances both 121 

performance and efficiency in integrating diverse models. 122 

The remainder of this study is structured as follows: Section 2 reviews the related work, 123 

focusing on previous studies involving MAS, ML integration in NLP and SA, particularly in 124 

the context of Arabic language and healthcare data. Section 3 outlines the methodology to 125 

develop the multi-agent-based framework for sentiment classification of migraine-related 126 

tweets, including data collection, filtering and integrating diverse ML models. Section 4 127 

presents the results of the experiments and discusses the proposed framework’s performance 128 
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using key metrics such as accuracy, precision, recall and F1-score. Finally, Section 5 129 

concludes the study, summarizing the key contributions and suggesting potential avenues for 130 

future research. 131 

2. Related Work 132 

The integration of ML models into various applications has been extensively researched, 133 

particularly in the domain of NLP. However, there is room for improvement in healthcare-134 

related tasks like SA of social media data for public health monitoring. This section explores 135 

the existing MAS, SA and ML model integration work, specifically in NLP and healthcare 136 

domains. 137 

2.1 Multi-Agent Systems (MAS) 138 

MASs are composed of multiple autonomous agents interacting to achieve common or 139 

individual goals (38). In ML contexts, MAS has shown great potential in managing complex 140 

processes by distributing tasks among agents. In their study  (39), they laid the foundation for 141 

MAS by defining key concepts and applications, which have since expanded to various 142 

domains such as robotics, distributed computing and decision-making. MAS is particularly 143 

advantageous for integrating multiple ML models, as agents can manage different aspects of 144 

the integration process, improving system efficiency and scalability. 145 

The key characteristics of agents in MAS, autonomy, reactivity, pro-activeness and social 146 

ability, enable them to operate independently, respond to changes, take initiative and 147 

collaborate effectively (28). These traits are essential for efficiently integrating ML models in 148 

the MASHA framework for SA and healthcare applications. Figure 1 visualizes these core 149 

characteristics, illustrating how agents’ attributes support effective collaboration and task 150 

execution within the system. 151 

 152 

Figure 1 Core Characteristics of Agents in MAS 153 

In recent years, MAS has been employed to address challenges in data processing and 154 

integration of models in real-time systems (29). For example, MAS has been used in medical 155 

applications to diagnose and process patient data, by allowing different agents to handle 156 

diverse tasks such as data pre-processing, model development and model integration, MAS 157 

can significantly reduce bottlenecks and improve performance, especially when managing 158 

large datasets or complex data streams (41). Given these strengths, applying MAS in NLP 159 

tasks such as SA can significantly enhance system flexibility and scalability. 160 
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2.2 Sentiment Analysis (SA) 161 

Sentiment Analysis (SA) is a popular approach in NLP that classifies text based on 162 

individuals’ emotions, opinions or sentiments. SA has been widely applied across industries 163 

to gauge consumer feedback, track public opinion and monitor trends. In healthcare, SA can 164 

be particularly valuable for monitoring patient experiences and disease-related discussions on 165 

social media platforms (42). 166 

Arabic sentiment analysis (ASA), in particular, presents unique challenges due to the 167 

language’s rich morphological structure and the prevalence of dialects in social media 168 

conversations (43). Early research on SA in Arabic faced significant difficulties due to the 169 

lack of resources such as sentiment lexicons and annotated corpora (44). Also (45), provided 170 

a comprehensive overview of SA techniques while (46), discussed the importance of 171 

combining ML with NLP to enhance the accuracy of Arabic text classification. 172 

Recent studies have explored deep learning (DL) techniques for ASA (47). The authors (48) 173 

surveyed the latest advances in this field, noting an increasing trend toward DNN for feature 174 

extraction and sentiment classification. However, these studies often focus on general-175 

purpose applications rather than domain-specific tasks like healthcare. This gap highlights the 176 

need for further research on applying SA techniques to specific problems like migraine 177 

detection. 178 

2.3 ML Integration in NLP 179 

Extensive research has been done on integrating multiple ML models, especially in ensemble 180 

learning techniques like bagging, boosting and stacking (32,49). These methods combine 181 

different models’ strengths to enhance prediction accuracy and robustness. However, despite 182 

their success, traditional ensemble methods face challenges when applied to large-scale and 183 

dynamic environments, such as social media data in healthcare contexts (50). 184 

In NLP, ensemble learning methods have been used to combine the predictive power of 185 

different algorithms, particularly for tasks like SA, text classification and machine translation 186 

(51,52). However, these approaches often have inefficiencies in coordinating multiple 187 

models, particularly when handling heterogeneous data types and formats (53). The 188 

complexity of coordinating ML models increases when dealing with healthcare-related data, 189 

as the accuracy and timeliness of insights are crucial for improving patient outcomes (35). 190 

Several studies have proposed hybrid models that combine ML with rule-based systems to 191 

handle complex NLP tasks better (54). However, these models often lack the flexibility and 192 
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scalability to process real-time data or handle dynamic input like social media streams. As a 193 

result, there is a growing interest in using MASs to manage the integration of ML models in 194 

such tasks. By distributing the workload across different agents, MAS can help address 195 

coordination, scalability and real-time processing issues. 196 

2.4 Gaps in Current Research 197 

Despite advances in SA, ML integration and MAS, current research faces several limitations 198 

when applied to healthcare-related NLP tasks like migraine detection. Traditional ML model 199 

integration methods often struggle with the sheer volume and variety of social media data, 200 

especially when processing real-time inputs from platforms like Twitter (42). Moreover, there 201 

is a shortage of high-quality Arabic datasets for NLP tasks, further complicating the 202 

development of effective sentiment classification models for Arabic-speaking populations 203 

(46). 204 

Current SA models, particularly in Arabic, still face challenges in handling dialect variations, 205 

the lack of standardized lexicons and the complexity of Arabic morphology (44). 206 

Additionally, existing multi-agent frameworks, while promising, have yet to be fully 207 

exploited for healthcare-related SA. Specifically, their application in NLP tasks like migraine 208 

detection using Arabic tweets remains largely unexplored. 209 

These gaps underscore the need for more flexible, scalable and context-aware frameworks 210 

that integrate diverse ML models to handle real-time healthcare data in dynamic 211 

environments. This research proposes a multi-agent-based framework to address these 212 

challenges, leveraging the strengths of MAS for efficient ML model integration in NLP tasks 213 

related to public health monitoring. 214 

3. Methodology 215 

This section describes the proposed MASHA, a multi-agent-based framework for integrating 216 

ML models in the context of SA for migraine detection using Arabic tweets. MASHA is 217 

designed to be scalable, flexible and efficient, leveraging multiple agents to handle different 218 

aspects of data acquisition, pre-processing, model development and decision-making. The 219 

architecture consists of three key layers: the Data Pre-processing Agents Layer, the Model 220 

Development Agents Layer, and the Decision-Making Agents Layer. Each agent in the 221 

MASHA framework is responsible for specific tasks to ensure the overall efficiency and 222 

performance of the system, enabling seamless integration of ML models and effective SA in 223 

real-time. 224 
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3.1 Overview of the Multi-Agent Framework 225 

The proposed multi-agent framework consists of several autonomous agents, each 226 

responsible for specific tasks in the sentiment classification process. Figure 2 illustrates the 227 

overview of the MASHA framework architecture. 228 

 229 

Figure 2 Overview of the MASHA Framework Architecture 230 

3.1.1 Data Acquisition and Pre-processing Agents Layer 231 

The data pre-processing layer handles all tasks related to collecting and preparing data for 232 

further analysis. This includes the following components: 233 

• Data Acquisition Agent: This agent is responsible for gathering relevant tweets from 234 

Twitter. It tracks specific hashtags related to migraine and healthcare, ensuring the 235 

dataset contains real-time and historical tweets from Arabic-speaking users. The agent 236 

interacts with the Twitter API to continuously update the dataset. Figure 3 displays a 237 

word cloud generated from the dataset, highlighting the most frequently mentioned 238 

terms related to migraines. 239 

• Data Storage and Analytics: After data is acquired, it is stored in a cloud-based 240 

system that supports real-time processing and ensures data security. Cloud storage 241 

enables the system to scale dynamically as more data is collected. The data analytics 242 

module prepares the raw data for the pre-processing pipeline. 243 

• Data Pre-processing Agent: This agent performs essential tasks such as: 244 

o Data Cleaning: Removing irrelevant information such as URLs, mentions, 245 

non-Arabic characters and special symbols. 246 

o Data Transformation: Converting data into a consistent format that 247 

subsequent modules can process. 248 

o Data Normalization: Standardizing the text by handling variations in 249 

spelling, repeated letters and dialect-specific expressions in Arabic. 250 

o Data Validation and Integration: Ensuring the collected data is relevant and 251 

accurate and then integrating it into the system for further processing. 252 

o Data Annotation: Human annotators label the data, classifying tweets as 253 

positive or negative. This creates a gold standard dataset for model 254 

development. 255 
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o Feature Extraction: The system applies Term Frequency-Inverse Document 256 

Frequency (TF-IDF) vectorization and word embeddings to convert raw text 257 

into feature vectors suitable for ML models. Specifically, we applied AraVec, a 258 

pre-trained Arabic word embedding model, to generate dense vector 259 

representations of words. These embeddings capture semantic similarities and 260 

contextual relationships between words, enhancing the sentiment classification 261 

accuracy for Arabic tweets.  262 

 263 

Figure 3  Word Cloud of Migraine-Related Terms in Arabic Tweets. The word cloud displays Arabic terms related to 264 
migraines. The most prominent terms include: ا������ (migraine), ��	
 265 ,(migraine pain) أ�
 ا������ ,(migraine headache) ا�	�اع ا�

 266 .(migraine illness) ��ض ا������ and (half-sided headache) ��اع �	�� ,(migraine disease) داء ا������

3.1.2 Model Development Agents Layer 267 

ML models are selected, trained, validated and deployed in the model development layer. The 268 

components of this layer include: 269 

• Model Selection Agent: This agent chooses appropriate ML algorithms for the 270 

sentiment classification task. The framework employs several ML models, including 271 

SVM, NB and LR. The selection is based on the nature of the data and the 272 

classification task. The algorithms used in the framework are as follows: 273 

o SVM: obtains an optimal hyperplane that separates classes with maximum 274 

margin. The main steps in SVM are: 275 

� Calculate the decision boundary by solving the optimization problem. 276 

� Apply the kernel trick (linear, polynomial or RBF) for non-linear data 277 

if required. 278 

� Classify the sentiment based on the hyperplane’s side. 279 

o NB: is based on Bayes’ theorem assuming independence among features. It 280 

calculates the probability of each sentiment class C given the features X: 281 

���|�� �
���|��.  ����

����
  (1) 282 

The class with the highest probability is chosen. 283 

o LR: is used to estimate probabilities using the sigmoid function: 284 

��	� �
	

	
 ���
 (2) 285 
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Where 	 � 
��� � . The model predicts positive or negative sentiment 286 

based on whether σ(z) is above a threshold (usually 0.5). 287 

• Model Development Agent: After selecting the models, the training agent uses the 288 

annotated and pre-processed data to train each model. The training process includes 289 

splitting the dataset into training and testing sets to evaluate the model’s performance 290 

and avoid overfitting. 291 

• Model Validation Agent: The trained models are validated against a separate 292 

validation set. The validation agent assesses each model’s accuracy, precision, recall 293 

and F1-score to determine its effectiveness in classifying sentiment from migraine-294 

related tweets. The formulas used for these metrics are as follows: 295 

o Accuracy: 296 

Accuracy = 
�����

�� ���� �����
 (3) 297 

where TP is True Positives, TN is True Negatives, FP is False Positives and 298 

FN is False Negatives. 299 

o Precision: 300 

Precision = 
��

�� � ��
 (4) 301 

o Recall: 302 

Recall = 
��

�� � ��
 (5) 303 

o F1-score: 304 

�1 �
� ��	
��
��� ��
����

�	
��
�����
����
 (6) 305 

• Model Deployment and Integration Agent: Once models are validated, they are 306 

deployed into the system. This agent handles the integration of multiple models 307 

through ensemble techniques such as voting or stacking, improving overall 308 

classification accuracy by combining the strengths of each model. 309 

3.1.3 Decision-Making Agents Layer 310 

The decision-making layer coordinates the predictions and outputs generated by the model 311 

development layer, allowing the system to deliver actionable insights based on the SA of 312 

tweets. It consists of the following components: 313 

• Model Evaluation Agent: This agent is responsible for continuously evaluating the 314 

integrated model’s performance. It monitors the ensemble model’s predictions and 315 
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continuously calculates performance metrics such as accuracy, precision, recall and 316 

F1-score to ensure the system operates optimally. 317 

• Decision-Making Agent: This agent oversees the overall decision-making process 318 

based on the evaluated predictions. It coordinates the activities of all other agents and 319 

generates final predictions visualized on a control panel for stakeholders. The system 320 

also allows for error reporting, making it possible to identify and address issues in 321 

real-time. 322 

• Data Visualization and Reporting: This module visualizes the predictions and trends 323 

identified by the ML models. It enables stakeholders to gain insights into the general 324 

sentiment about migraines and provides a control panel for monitoring system 325 

performance. The reporting module offers transparency into decisions and provides 326 

error reporting to alert administrators of any issues. 327 

3.2 Dataset 328 

3.2.1 Data Collection 329 

The dataset used in this study was collected from Twitter, focusing on Arabic tweets related 330 

to migraines. The Twitter API was utilized to retrieve tweets in real-time and historical data 331 

based on predefined hashtags and keywords. The primary hashtags used for data collection 332 

included # 	�����اع   (#migraine), #اع�� (#headache), #اع ا�������	 (#migraine) and other 333 

health-related terms frequently associated with migraine discussions. The tweets were 334 

collected from March to May 2021, and only tweets written in Arabic were included in the 335 

dataset. 336 

To ensure relevance, tweets were filtered based on geo-tags and user profile information to 337 

select content related to Saudi Arabia. The ease of use, availability and accuracy of the 338 

Twitter API made it ideal choice for data collection. We applied for a developer account to 339 

access the API and created an application to obtain the necessary OAuth parameters: 340 

“consumer key”, “consumer secret”, “access token” and “access secret”. 341 

Python programming languages, related software packages and Microsoft Excel were used to 342 

collect tweets, preprocess them and build the annotated dataset. Verified users and accounts 343 

with significant activity were prioritized to filter irrelevant content, improving the quality of 344 

the collected data. 345 
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3.2.2 Data Characteristics 346 

The dataset consisted of approximately 14,000 Arabic tweets. Each tweet was accompanied 347 

by metadata, including the tweet’s timestamp, user information, location and the specific 348 

hashtag or keyword used. The collected data included real-time and historical tweets, 349 

providing a comprehensive view of how users discuss migraines over time. The geographic 350 

focus was on users from Saudi Arabia, where Twitter usage is exceptionally high and 351 

healthcare discussions are active. Figure 4 provides a snapshot of this study’s sentiment 352 

classification dataset. The dataset consists of Arabic tweets related to migraines, annotated for 353 

sentiment as either positive or negative. This sample highlights the variety of textual data 354 

processed, showcasing the different structures and expressions found in the collected tweets, 355 

including the dialectical variations that pose a challenge for classification models. 356 

 357 

Figure 4 Sample of the dataset 358 

The dataset sample in Figure 4 shows Arabic tweets with their sentiment labels. English 359 

translations are provided below: 360 

� Row 3: “RT @phSarah9A: � Types of headaches: � cluster headache - cluster � half-361 

sided headache - migraine � frontal sinus headache - sinus � tension headache caused 362 

by stress - tension ht...” - (Positive) 363 

� Row 4: “Half-sided headache is beautiful �” - (Negative) 364 

� Row 5: “I have half-sided migraine headache @XXIIIIXVII” - (Positive) 365 

� Row 6: “I'm cured, thank God, of half-sided headache” - (Positive) 366 

� Row 7: “I'm really suffering from half-sided headache but alone and alone and alone 367 

lol ���� @amjad_awad99 @glewo_01” - (Negative) 368 

� Row 8: “@CelebsArabicII Half-sided headache from envy https://t.co/IVEYqOlKK6” 369 

- (Negative) 370 

� Row 9: “@AsfourSeham Expect pockets or half-sided headache even if he knows you 371 

���” - (Negative) 372 

� Row 10: “@InozukeT �� ♀�? You or anyone else have chronic half-sided headache” 373 

- (Negative) 374 

� Row 11: “@iKhaledM1 @Gladd Half-sided headache, what's its name, oh my God 375 

you're on my mind! I wish you all the best, may your eyes see the light of a perfect 376 

day” - (Negative) 377 

� Row 12: “I sat with my brothers with half-sided headache” - (Positive) 378 
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� Row 13: “It's a headache, not half-sided” - (Negative) 379 

3.2.3 Pre-processing 380 

Given the unstructured nature of Twitter data and the linguistic complexities of Arabic, 381 

extensive preprocessing was performed on the collected dataset. The following pre-382 

processing steps were applied: 383 

• Text Normalization: The normalization process involved removing diacritics, 384 

handling repeated characters and standardizing the spelling of common words related 385 

to migraines. Variants such as “ا������” (migraine) and “�������” (miiigraine - with 386 

repeated letters) were normalized to a single standard form to enhance consistency 387 

and model accuracy. Furthermore, mentions, unrelated hashtag, punctuation, URLs 388 

and non-Arabic words were removed to reduce noise. However, relevant hashtags 389 

(e.g., # 
_	�اع���  (#migraine_headache)) were retained to capture crucial context 390 

related to migraines. 391 

• Data Validation and Integration: Involves ensuring that the collected data is 392 

relevant, accurate and free from duplicates. Validation checks include confirming that 393 

tweets contain relevant migraine-related content by verifying specific keywords and 394 

hashtags. Duplicate tweets, bot-generated spam and unrelated texts are filtered out 395 

during this process. Integration involves merging real-time and historical data streams 396 

into a unified dataset, ensuring consistency in formats such as timestamps, text 397 

encoding and metadata fields. This step ensures that the final dataset is cohesive and 398 

ready for subsequent pre-processing and analysis. 399 

• Tokenization: Each tweet was broken down into individual tokens (words) to allow 400 

for feature extraction. 401 

• Stemming and Lemmatization: The “Arabic Stanford Lemmatizer” was used to 402 

standardize the text by reducing words to their base forms. This helped address the 403 

morphological complexity of the Arabic language, which is essential for handling 404 

various forms of the same word. Moreover, custom rules were applied to handle 405 

common dialectal variations and spelling inconsistencies. This confirmed that feature 406 

extraction was more consistent, leading to improved classification accuracy. 407 

• Stop-Word Removal: Common Arabic stop words that do not contribute to the 408 

sentiment (e.g., prepositions, conjunctions) were removed to focus on the meaningful 409 

content of the tweets. 410 
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Below is an example of how a tweet from the dataset undergoes these steps: 411 

Original tweet:  412 

“ ا������#  اً وا� اااا���ي ��اع 	��� ���� ��  https://migraineinfo.com”. 413 

English translation: “I have a very severe migraine, I swear to God � #migraine 414 

https://migraineinfo.com”. 415 

1. Data Cleaning: The tweet is cleaned by removing unwanted elements, such as URLs, 416 

hashtags and emojis: “اً وا��� ���� ���	ي ��اع ���”. English translation: “I have very 417 

severe migraine I swear to God”. 418 

2. Text Normalization: Spelling variations and repeated letters are standardized: 419 

 English translation: “I have very severe migraine I 420 .”���ي ��اع 	��� ���� ��ا وا�“

swear to God”. 421 

3. Feature Extraction: The cleaned and normalized text is transformed into feature 422 

vectors using TF-IDF or word embeddings. For example: [0.14, 0.08, 0.30, ...] 423 

This example demonstrates how the preprocessing steps convert unstructured text into a 424 

structured input format that the ML models can process efficiently. 425 

3.2.4 Class Distribution and Labelling 426 

A group of annotators manually annotated each tweet’s sentiment. The tweets were classified 427 

into two sentiment categories: “Positive” and “Negative”. The manual annotation process 428 

ensured that each tweet was accurately labelled based on its sentiment toward migraine 429 

experiences. The final distribution of the dataset is shown in Figure 5: 430 

 431 

Figure 5 Sentiment Distribution in Arabic Tweets 432 

The classification was based on specific keywords, context, and sentiment-related 433 

expressions. Table 1 presents the features and symptoms that were used to distinguish 434 

between “Positive” and “Negative” tweets: 435 

Table 1 Classification Features for Positive and Negative Tweets 436 

Positive Negative 

Contains the word “���� اع��” (migraine) 
indicating the user is experiencing or has 
experienced a migraine. 

Contains the word “���� اع��” (migraine) but 
used in a general context without indicating a 
personal experience (e.g., informational tweets). 

Includes words or phrases indicating symptoms Includes words that describe unrelated contexts 
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such as “	
 strong) ”��اع �
ي“ (pain) or ”أ
headache). 

(e.g., “My friend has migraine” or “ ��� ا
����
����
 Learn about migraine) – ”أ��اض ا
��اع ا
symptoms)). 

Emojis or hashtags that imply distress (e.g., �, 
�). 

Neutral or unrelated hashtags (e.g., # 
���(#health), #ت��
��� (information)). 

The classification process aimed to accurately reflect user sentiment and ensure the dataset 437 

contained relevant examples for training and testing the SA models. 438 

3.3 Challenges and Limitations 439 

Several challenges were encountered during the data collection and preprocessing stages. The 440 

primary challenge was the linguistic complexity of Arabic, including dialectal variations, 441 

which required extensive normalization and stemming. Additionally, Twitter’s unregulated 442 

nature made it difficult to filter irrelevant or off-topic tweets. However, the MAS’s 443 

preprocessing agent efficiently handled these issues, ensuring the final dataset was clean and 444 

relevant for SA. 445 

4. Results and Discussion 446 

This section presents the results of the proposed multi-agent-based framework for SA on 447 

migraine-related Arabic tweets. It evaluates the framework’s performance in key metrics such 448 

as accuracy, precision, recall and F1 score. The results are analyzed in comparison with 449 

traditional methods, emphasizing the improvements brought by the MAS. Additionally, this 450 

section discusses the implications of the findings, particularly in the context of healthcare and 451 

public health. 452 

4.1 Sentiment Classification Results 453 

The dataset was divided into 70% for training, 15% for validation and 15% for testing sets to 454 

ensure balanced evaluation. The training set was used to fit the models, while the validation 455 

set was used for hyperparameter tuning and preventing overfitting. The testing set was 456 

reserved for final model performance evaluation. 457 

The training process involved splitting the data into batches, with a batch size of 32 for SVM, 458 

NB and LR models. The models were trained for (50) epochs with early stopping applied to 459 

prevent overfitting. The learning rate was set at (0.001) and the Adam optimizer was used for 460 

gradient updates. Furthermore, 5-fold cross-validation was used to further assess model 461 

robustness. 462 
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The sentiment classification results obtained from the models and their integration through 463 

ensemble learning techniques are summarized in Table 2. As shown in Figure 6, the ensemble 464 

model demonstrated the highest performance across all metrics, achieving an accuracy of 465 

90.0% and an F1-score of 89.46%. The ensemble approach improved overall classification 466 

performance by effectively balancing precision and recall, as reflected by the increase in both 467 

metrics across all models. 468 

Table 2 Performance of Individual Models and the Ensemble Model 469 

Model Accuracy Precision Recall F1-score 

SVM 88.0% 88.75% 86.90% 87.82% 

NB 86.25% 84.00% 88.70% 86.29% 

LR 87.55% 87.67% 85.85% 86.75% 

Ensemble 90.0% 90.45% 88.50% 89.46% 

The ensemble model, which combines the predictions of SVM, NB and LR, achieved the 470 

highest performance across all metrics, confirming the effectiveness of model integration 471 

through the MASHA framework. 472 

 473 

Figure 6 Performance of SVM, NB, LR and Ensemble Models 474 

In addition to the key performance metrics discussed in Table 1, the confusion matrix 475 

provides a more detailed breakdown of the model’s performance in sentiment classification 476 

for migraine-related Arabic tweets. As shown in Figure 7, the matrix displays the correct and 477 

incorrect classifications made by the model, with 160 correctly classified positive tweets and 478 

110 correctly classified negative tweets. However, some misclassifications occurred, with 21 479 

negative tweets misclassified as positive and 24 positive tweets misclassified as negative. 480 

 481 

Figure 7 Confusion Matrix for Sentiment Classification on Test Set (300 tweets) 482 

4.2 Comparison with Traditional Approaches 483 

Compared to traditional sentiment classification methods that typically rely on a single 484 

machine learning model, the multi-agent-based framework, MASHA, offers several key 485 

advantages: 486 
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• Scalability: The proposed system can handle large volumes of tweets in real-time 487 

thanks to the division of tasks among multiple agents. Each agent specializes in a 488 

specific task, allowing efficient processing without overwhelming a single system 489 

component. 490 

• Flexibility: By integrating multiple ML models, the system is more adaptable to 491 

changes in data and can accommodate the diverse linguistic variations in Arabic, 492 

including dialects commonly used in Saudi Arabia. 493 

• Improved Accuracy: The ensemble learning technique outperformed traditional 494 

methods, improving classification accuracy by approximately 2.5%. This 495 

improvement is significant in healthcare applications, where accuracy is crucial for 496 

making reliable predictions. 497 

4.3 Error Analysis 498 

Despite the MASHA framework’s overall solid performance, particular challenges impacted 499 

classification accuracy. As depicted in Figure 8, the primary sources of error included 500 

handling Arabic dialect variations (40% of errors) and the short length of tweets (30% of 501 

errors), making it difficult to accurately assess sentiment. 502 

• Handling Arabic Dialects: Dialect variation is one of the primary challenges in SA 503 

for Arabic tweets. Although the pre-processing agent performed text normalization 504 

and stemming, some dialect-specific expressions were complex to standardize, which 505 

impacted the accuracy of sentiment classification in some instances. 506 

• Short Text Length: Tweets often contain very short messages, which limits the 507 

amount of context available for sentiment classification. As a result, some tweets were 508 

misclassified, mainly when they contained ambiguous language or lacked clear 509 

sentiment indicators. 510 

During the analysis, several common error types were observed: 511 

• Ambiguity: Tweets such as “ا���� � ��� ا���اع ار���” (“Thank God I feel better after 512 

the headache”) could be interpreted as both positive (relief) and negative (due to 513 

mentioning a headache). 514 

• Sarcasm: Sentences like “ح����� �
� 	�اع ��� ���� #� أ!” (“Nothing better than a 515 

migraine in the morning”) were often misclassified due to the sarcastic tone. 516 
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• Incomplete Context: Some tweets lacked sufficient context for accurate 517 

classification, such as “ !ا���اع ��أ. ..أو% $ ” (“Oh no... the headache started!”). 518 

Although the dataset primarily contained tweets from “Saudi Arabia”, dialect variations such 519 

as “Najdi”, “Hejazi” and “Gulf Arabic” were present. For example, the word “راس” (head) 520 

can appear as “ر(س” (head) in certain dialects due to phonetic spelling. Preprocessing 521 

included normalizing these variations to a standard form and the ML models were fine-tuned 522 

to recognize common synonyms and spelling differences to minimize misclassification due to 523 

dialect-specific terms. 524 

 525 

Figure 8 Error Distribution in Sentiment Classification 526 

4.4 Implications for Healthcare and Public Health 527 

The findings from this study have significant implications for the healthcare sector, 528 

particularly in the context of public health monitoring. By analyzing real-time social media 529 

data, healthcare providers and policymakers can gain valuable insights into patient 530 

experiences with migraines, track public sentiment regarding healthcare services and detect 531 

emerging health trends. 532 

• Improved Patient Monitoring: SA of social media data allows healthcare providers 533 

to monitor how patients perceive their migraine symptoms, treatments and overall 534 

healthcare experiences. This can help identify common challenges faced by patients 535 

and lead to improvements in treatment strategies. 536 

• Real-Time Public Health Insights: The system’s real-time processing of tweets 537 

enables public health agencies to identify trends and patterns related to migraine 538 

episodes and their impact on society. This can inform public health campaigns and 539 

interventions to mitigate migraines’ impact on quality of life. 540 

• Scalability to Other Healthcare Conditions: While this study focuses on migraines, 541 

the multi-agent-based framework can be adapted to analyze other health conditions, 542 

such as influenza, diabetes or mental health issues. The system’s flexibility and 543 

scalability make it a valuable tool for broader public health applications. 544 

4.5 Limitations and Future Work 545 

Despite the positive results, this study has several limitations that should be addressed in 546 

future research: 547 
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• Dataset Size: Although the dataset used in this study is significant, expanding the 548 

dataset to include more diverse sources of Arabic social media data would improve 549 

the generalizability of the results. Including data from other platforms like Facebook 550 

or Instagram could provide a more comprehensive understanding of public sentiment. 551 

• Further Model Optimization: Future work should optimize the ML models used in 552 

the framework, particularly in handling complex Arabic language structures and 553 

dialects. Exploring DL techniques such as recurrent neural networks (RNNs) or 554 

transformers may improve classification performance. 555 

• Sentiment Lexicon Development: Given the challenges associated with Arabic 556 

dialects, developing a more comprehensive sentiment lexicon specific to Arabic social 557 

media would improve sentiment classification accuracy. 558 

MASHA’s proposed multi-agent-based framework demonstrated its effectiveness in 559 

integrating multiple ML models for SA in healthcare-related tasks. The framework improved 560 

classification accuracy and provided valuable insights into patient experiences and public 561 

health trends. The system’s scalability and flexibility suggest that it can be expanded for other 562 

health-related applications. 563 

4.6 Discussion 564 

This study’s results demonstrate the MASHA framework’s effectiveness in integrating 565 

multiple ML models for SA in healthcare-related tasks. By leveraging ensemble learning 566 

techniques, the system achieved higher accuracy, precision and F1-scores than individual 567 

models. The key takeaway from the research is the importance of integrating multiple models 568 

to balance different performance metrics to achieve an overall better sentiment classification 569 

outcome. 570 

• Healthcare Insights: The system provides significant insights for the healthcare 571 

sector, especially in real-time tracking of patient experiences and public health trends. 572 

Analyzing sizeable social media data enables healthcare providers to stay updated on 573 

patient sentiment and emerging health conditions. 574 

• Adaptability: The modular, adaptable structure of the MASHA framework ensures 575 

that it can be extended to various healthcare conditions, making it a valuable tool for 576 

public health campaigns and interventions. Furthermore, the flexibility in handling 577 

multiple Arabic dialects expand the system’s application to different Arabic-speaking 578 

regions, further improving its utility for healthcare and public policy. 579 
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Addressing the current limitations, such as dataset expansion, further model optimization and 580 

developing an Arabic-specific sentiment lexicon, would improve the framework’s 581 

performance even further. Additionally, exploring the potential of DL techniques could yield 582 

significant gains in handling the complexity of Arabic texts, ensuring better results for SA 583 

tasks. 584 

5. Conclusion 585 

This paper introduced MASHA (Multi-Agent System for Healthcare Sentiment Analysis), a 586 

scalable and flexible multi-agent-based framework that integrates multiple ML models for SA 587 

in healthcare. The proposed framework was validated through a case study focusing on 588 

sentiment classification for migraine detection using Arabic tweets. By leveraging the 589 

strengths of multiple ML models, including SVM, NB and LR and employing ensemble 590 

learning techniques, MASHA demonstrated significant improvements in classification 591 

performance compared to traditional methods. 592 

The results showed that the ensemble approach improved the overall accuracy, precision, 593 

recall and F1-score, with the ensemble model achieving an F1-score of 89.46 %. This 594 

underscores the importance of integrating diverse ML models in handling complex healthcare 595 

data, especially when analyzing unstructured text from social media platforms like Twitter. 596 

Moreover, using a multi-agent architecture allowed the system to efficiently manage data 597 

acquisition, pre-processing, model development and decision-making tasks, ensuring the 598 

system’s scalability for large-scale, real-time SA. 599 

The implications of this study extend beyond migraine detection. MASHA’s adaptability 600 

makes it suitable for analyzing sentiment in various healthcare conditions, providing valuable 601 

insights for healthcare providers and policymakers. By analyzing real-time social media data, 602 

MASHA offers a powerful tool for tracking public sentiment, improving patient monitoring 603 

and informing public health decisions. 604 

However, this research also highlighted several challenges, particularly in handling the 605 

linguistic complexity of Arabic and the dialect variations present in tweets. Future work 606 

should expand the dataset to include other social media platforms and optimise the ML 607 

models, especially for Arabic text. Exploring advanced DL techniques such as transformer 608 

neural networks (TNNs) or RNNs could improve sentiment classification performance. 609 

In conclusion, MASHA has demonstrated its potential as an effective solution for integrating 610 

ML models in SA for healthcare applications. Its modular design, scalability and ability to 611 
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handle large-scale data make it a valuable framework for real-time SA in healthcare and 612 

beyond. Future enhancements, such as incorporating state-of-the-art ML models, including 613 

transformer-based architectures and ensemble DL approaches, can further enhance the 614 

framework’s predictive accuracy and robustness in public health monitoring. Additionally, 615 

expanding its application to other health-related domains, such as chronic disease 616 

management and mental health analysis, will demonstrate its versatility in addressing diverse 617 

healthcare challenges. Beyond healthcare, the framework’s modular and adaptable design 618 

makes it well-suited for adoption in other sectors, such as finance and cybersecurity, where 619 

real-time SA and data integration are pivotal for timely and data-driven decision-making. 620 
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