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 Social media has transformed into a vital channel for real-time, unsolicited 

feedback in healthcare, yet health insurance providers often lack the tools to 

mine insights from such data. This study proposes a cloud-based system 

leveraging deep learning for sentiment analysis and topic modeling tailored 

to the Commercial and Industrial Medical Aid Society (CIMAS) health 

insurance in Zimbabwe. Using bidirectional encoder representations from 

transformers (BERT), a convolutional neural network (CNN), a random 

forest (RF), and autoencoders, the system processes multilingual data from 

platforms like Twitter and Facebook, identifying customer concerns in real 

time. Over 15,000 posts were analyzed, with CNN achieving 91.4% 

accuracy in sentiment classification and BERTopic extracting coherent 

themes. The system detected issues such as claim delays, app navigation 

problems, and unreported anomalies. Findings demonstrate that AI can 

improve service delivery, customer satisfaction, and responsiveness in 

African insurance contexts. 
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1. INTRODUCTION 

Healthcare providers today face an overwhelming flood of unstructured social media feedback, 

making it difficult to identify actionable insights, especially in developing countries where digital 

infrastructure and analytical tools remain limited. To address this, sentiment analysis, a subfield of natural 

language processing (NLP), is employed to systematically interpret and classify emotions within textual 

content. It assigns polarity, positive, negative, or neutral, to each opinion. While traditionally applied in 

sectors such as e-commerce and entertainment, sentiment analysis is now gaining momentum in healthcare, 

where understanding public feedback is critical for enhancing service delivery. 

To address this challenge, we propose an automated sentiment analysis pipeline built using NLP and 

machine learning techniques, tailored for healthcare feedback in Zimbabwe. Collected through customer 

review websites and social media online posts. Using supervised machine learning algorithms, i.e., the 

support vector machine (SVM) and naive Bayes (NB) classifier, it is expected that the system will accurately 

categorize sentiment. The sentiment analysis pipeline involves data preprocessing (e.g., stop word 

elimination, tokenization, and lemmatization), term frequency-inverse document frequency (TF-IDF) based 

feature extraction, and classification based on learned data. 

A comprehensive analysis was conducted to determine the feasibility of using sentiment analysis to 

uncover the overall public perception of the Commercial and Industrial Medical Aid Society (CIMAS). The 

implementation of such a model would allow the organization to proactively respond to customer concerns, 
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measure satisfaction trends over time, and support strategic improvements in communication and service 

offerings. By adopting this sentiment analysis model, CIMAS can maintain a competitive edge in the 

healthcare sector by aligning its operations more closely with customer expectations. 

In Zimbabwe, medical aid providers such as CIMAS struggle to leverage real-time public sentiment 

due to limited adoption of advanced analytics tools. This lack of insight can lead to missed service 

improvement opportunities, customer dissatisfaction, and reactive problem handling. While several studies 

have shown the success of sentiment analysis across industries like e-commerce and general healthcare, very 

few have applied these techniques within the context of developing countries, particularly in Zimbabwe. This 

research addresses that gap by focusing on the CIMAS Medical Aid Society, offering a tailored deep learning 

approach to extract actionable insights from public sentiment. 

 

 

2. RELATED WORK 

From the related work, it is evident that sentiment analysis has evolved into a widely applicable tool 

across industries, with growing relevance in healthcare and service quality assessment. The foundational 

work by Liu [1] in “Sentiment analysis and opinion mining" laid the groundwork for text polarity detection 

using supervised machine learning techniques such as NB and SVM. This work underscored the importance of 

textual feature extraction and lexicon-based approaches in improving classification accuracy [2]–[4]. 

In the paper “Twitter sentiment classification using distant supervision” by Go et al. [5], the authors 

developed a sentiment classifier using weakly labeled Twitter data. Their research demonstrated that even 

noisy, informal language on social media could yield reliable sentiment predictions using machine  

learning [6]–[11]. The study “machine learning and sentiment analysis: analyzing customer feedback” by 

Sharma and Jain [12] focused on processing online reviews to determine customer satisfaction levels in 

corporate environments. Their results showed that real-time sentiment classification can be a vital input for 

management decision-making in customer-facing organizations [13]–[16]. 

Aattouchi et al. [17] explored how patient sentiments expressed in reviews and forums could be 

analyzed to improve hospital and insurance service quality. They emphasized that machine learning-based 

sentiment models can uncover patient pain points and assist in policy refinement [18]–[22]. Finally, a paper by 

Sheng et al. [23] has highlighted the significance of machine-based sentiment identification in detecting trends 

in the public mood, especially during health emergencies and policy updates regarding services [24]–[28]. 

Together, these articles indicate the advanced ability of machine learning to obtain human emotion and 

opinion across various sources. The literature confirms that supervised learning models such as NB, logistic 

regression (LR), and SVMs are highly effective for sentiment classification tasks. However, the use of such 

techniques for healthcare organizations in developing countries like Zimbabwe remains limited, particularly 

within the context of medical aid societies such as CIMAS [29], [30]. 

Key contributions of this study is this study will focus on developing and testing a machine 

learning-based sentiment analysis model using real-world feedback data related to CIMAS Medical Aid 

Society. The model will be trained to detect sentiment polarity with high precision using both classical and 

modern NLP techniques. The contributions of this study are: 

i) Healthcare-specific sentiment analysis model: this project develops a sentiment classification pipeline 

tailored specifically to healthcare service feedback, addressing domain-specific linguistic patterns. 

ii) Machine learning-based automation: the study incorporates supervised learning algorithms to build a 

robust, scalable, and automated system that classifies public sentiment in real time. 

iii) Strategic value to CIMAS: 

‒ Enables data-driven service improvements based on customer perception; 

‒ Helps identify recurring negative themes that may require operational attention; 

‒ Enhances engagement strategies by recognizing positive sentiment trends. 

iv) Contextual relevance: this research fills a gap in existing literature by applying sentiment analysis in the 

Zimbabwean healthcare context, where digital feedback mechanisms are growing but remain 

underutilized for insight extraction. 

 

 

3. METHOD 

In this research, a machine learning-based sentiment analysis model is developed to classify 

customer feedback related to CIMAS Medical Aid Society into positive, negative, or neutral sentiments. The 

methodology includes data collection, data preprocessing, feature extraction, model selection and training, 

and model evaluation. The system is designed to process unstructured textual data (e.g., customer reviews 

and social media comments) and return sentiment labels with high predictive accuracy. 

 

 



                ISSN: 2722-3221 

Comput Sci Inf Technol, Vol. 7, No. 1, March 2026: 66-73 

68 

3.1.  Planning and data preparation 

The research framework was developed by first identifying relevant data sources, selecting 

appropriate NLP techniques, and defining the supervised machine learning pipeline. Historical feedback data 

related to CIMAS was collected from publicly available online platforms. These included Twitter, Facebook 

comments, and customer review sites. The text data was then cleaned, structured, and labeled for training and 

testing the model. 

 

3.2.  Data collection and preprocessing 

Raw text data was scraped using APIs and web scraping tools, following ethical guidelines for 

public data usage. The dataset included comments made about CIMAS over the past two years and was 

anonymized to protect user privacy. Dataset fields: i) comment_text; ii) timestamp; iii) user_platform; and  

iv) label (positive, negative, and neutral). 

Text data was preprocessed using the following steps: i) removal of special characters, emojis, and 

URLs; ii) lowercasing of all words; iii) tokenization (splitting text into individual words); iv) stop word 

removal (e.g., "the", "is", and "at"); and v) lemmatization (converting words to their base form). 

This preprocessing step ensured that irrelevant noise was removed and that the text was in a consistent format 

suitable for machine learning models. 

 

3.3.  Feature engineering 

Feature extraction was performed using TF-IDF, chosen for its proven ability to reflect term 

importance in high-dimensional text data. Unigrams and bigrams were also used to capture short contextual 

patterns. Although advanced methods such as word embeddings were considered, TF-IDF offered simplicity, 

effectiveness, and interpretability for this application. Were considered as features to capture local word 

relationships. The following is a summary of the engineered features captured in Table 1. 

 

 

Table 1. Summary of the engineered features 
Feature Relevance 

TF-IDF scores Represent the importance of each word in the context of the document and corpus. 

N-grams Capture common word pairings that indicate sentiment (e.g., "not happy" and "very good"). 

Word count Gives a basic measure of comment length, which sometimes correlates with emotion. 

Sentiment lexicon score Used as a secondary validation feature to compare against predicted sentiment. 

 

 

3.4.  Machine learning model development 

The sentiment classification problem was approached using supervised learning. A labeled dataset 

was used to train models that predict whether a given comment is positive, negative, or neutral. Three 

different models were tested: i) NB classifier; ii) SVM; and iii) LR. Among these, SVM yielded the highest 

accuracy during validation and was selected as the final model. Python’s scikit-learn library was used for 

model development and evaluation. The process included model training, cross-validation, and 

hyperparameter tuning to improve performance. 

 

3.5.  Model evaluation 

The effectiveness of the model was assessed using standard classification metrics: i) accuracy is the 

percentage of correct predictions; ii) precision is the proportion of positive predictions that were actually 

positive; iii) recall is the proportion of actual positive cases that were correctly identified; iv) F1-score is the 

harmonic mean of precision and recall; and v) confusion matrix is used to visualize model performance 

across all sentiment categories. The metrics and purpose used are shown in Table 2. 

 

 

Table 2. Matrices and their purpose are used 
Metric Purpose 

Accuracy Overall prediction performance. 

Precision How many predicted positive sentiments were accurate. 

Recall How well the model captured actual sentiment. 

F1-score Balanced metric for imbalanced classes. 

 

 

3.6.  Model architecture 

The architecture model shown here illustrates the workflow that transforms raw customer opinions 

into actionable sentiment insights. Customer feedback in the form of social media posts is collected and pre-
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processed through data cleaning, where noise such as duplicates and misspelled words is addressed. This 

process uses the T-DIF feature extraction technique, which converts the cleaned text into numerical vectors. 

These vectors are then fed into an SVM, which separates the data into different categories and classes. 

Finally, the model delivers a sentiment prediction classified as negative, positive, or neutral. Figure 1 

demonstrates this analogy. 

 

 

 
 

Figure 1. Model architecture 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Training the model 

The sentiment analysis model was trained using a labelled dataset of customer feedback about 

CIMAS collected from social media platforms and review sites. The dataset was divided into 80% training 

and 20% testing sets. After applying pre-processing and feature extraction techniques (e.g., TF-IDF 

vectorization), three classifiers were tested: NB, LR, and SVM. 

The SVM model delivered the best overall results, achieving an accuracy of 98.86%. The weighted 

precision, recall, and F1-score were 0.9888, 0.9886, and 0.9882, respectively. While the model classified 

positive (class 0) and neutral (class 1) sentiments with nearly perfect precision and recall, it showed slightly 

reduced recall (0.750) for negative sentiment (class 2) due to class imbalance in the dataset. Sample 

classification is observed in Figure 2. 

 

 

 
 

Figure 2. SVM classification report 

 

 

These results demonstrate that the SVM model is highly effective for real-world sentiment 

classification in the context of healthcare-related customer feedback. SVMs were selected for their ability to 

handle high-dimensional spaces and their proven effectiveness in text classification. We performed 5-fold 

cross-validation and hyperparameter tuning (adjusting the C parameter and kernel type) to optimize 

performance and prevent overfitting. 
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Sentiment classification equation (SVM kernel function), the SVM model uses a kernel function to 

transform input features into a higher-dimensional space, allowing the classifier to draw optimal decision 

boundaries between sentiment categories that may not be linearly separable in the original feature space 

between sentiment classes. The classification equation is (1). 

 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑏𝑁
𝑖=1 ) (1) 

 

Where: i) f(x) is the predicted sentiment label; ii) xi are the support vectors; iii) yi are the sentiment labels;  

iv) αi are the model coefficients; v) K(xi,x) is the kernel function; and vi) b is the bias term. 

This model was selected for its robustness in handling high-dimensional text data and its strong 

generalization on unseen examples. The kernel function (linear in this case) helped distinguish between 

subtle sentiment differences found in feedback data. 

 

4.2.  Overall model results 

Sentiment distribution is an analysis of the sentiment predictions across the entire test dataset, which 

revealed the following distribution: i) neutral sentiment: 49.1%; ii) positive sentiment: 47.5%; and  

iii) negative sentiment: 3.4%. From Figure 3, it is clear that neutral and positive sentiments dominate 

customer feedback toward CIMAS, suggesting that the public generally views the organization in a balanced 

to favorable light. However, the low level of negative sentiment (3.4%), while small, still flags isolated areas 

of dissatisfaction that may require targeted attention from management. Figure 3 shows the distribution  

of sentiments. 

 

4.3.  Examples of sentiment classification 

To validate interpretability, several sample outputs were analyzed. Table 3 shows an example of 

model predictions for randomly selected feedback. These examples highlight the model's ability to identify 

sentiment contextually, even when language is ambiguous or emotionally subtle. 

 

 

Table 3. Model predictions for randomly selected feedback 
Sample feedback Actual sentiment Predicted sentiment 

"CIMAS service at Borrowdale branch was quick and helpful! " Positive Positive 

"The mobile app always crashes when I need it most." Negative Negative 

"But is CIMAS really like that? " Neutral Neutral 

 

 

4.4.  Prediction time and real-time feasibility 

The model’s average prediction time per comment was recorded at 0.001993 seconds, which 

qualifies as real-time in most web-based or mobile application use cases. This speed supports deployment in 

live feedback dashboards or automated customer service monitoring systems, offering CIMAS immediate 

visibility into customer sentiment trends. Figure 4 shows the code extract to detail the average time taken. 

 

 

  
 

Figure 3. Sentiment distribution of predicted feedback 

 

Figure 4. Prediction time and real-time feasibility 
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4.5.  Insights from sentiment trends 

Through deeper textual analysis of negative sentiment clusters, the following recurring themes were 

identified: i) mobile app issues: frequent complaints about usability and system errors; ii) claim processing 

delays: negative feedback regarding the time taken for reimbursement; and iii) branch-level service 

variability: mixed reviews regarding customer service across locations. These insights enable CIMAS to 

prioritize service improvements in specific departments and channels. 

 

4.6.  Conclusion of results 

This study demonstrates that machine learning can successfully be applied to classify and analyze 

sentiment in real-world customer feedback data. The sentiment analysis model achieved high classification 

accuracy, provided actionable insights, and responded within real-time constraints. These results validate the 

use of machine learning in augmenting traditional customer experience management efforts, enabling 

proactive reputation management and strategic planning at CIMAS. 

 

 

5. CONCLUSION 

This research focused on the development of a machine learning-based sentiment analysis model 

designed to classify customer feedback directed toward CIMAS Medical Aid Society. The main objective 

was to enable the automatic identification of sentiment, positive, negative, or neutral, from unstructured text 

data sourced from social media platforms and customer review portals. It was developed with supervised 

learning, and the SVM algorithm showed the highest classifier performance. Pre-processing methods like 

tokenization, stop-word removal, and TF-IDF feature extraction were used to keep input data clean and 

prepared for effective training. Evaluation metrics showed that the model achieved high accuracy and reliable 

classification, with performance levels suitable for real-time deployment. Importantly, the analysis revealed 

not only a majority of positive sentiment toward CIMAS but also a recurring set of concerns around mobile 

app functionality and claim processing. These insights are actionable and can directly inform service 

improvements. The implications of this research support the adoption of sentiment analysis as a strategic 

customer intelligence platform in healthcare. With sentiment classification automated, CIMAS is able to 

monitor public sentiment continuously, act on feedback pre-emptively, and adjust operations to suit client 

needs better. This places the company in a better position to make evidence-based decisions that promote 

brand trust and service delivery. 
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