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 Limited healthcare access, shortages of healthcare professionals, and 

linguistic diversity continue to impede timely symptom assessment and 

healthcare delivery in low-resource settings such as Zimbabwe. Existing 

virtual health assistant (VHAs) are frequently cloud-dependent,  

English-centric, and lack interpretable decision-making, limiting their 

effectiveness in bandwidth-constrained and privacy-sensitive environments. 

This study proposes CIMAS HealthMate, a hybrid multilingual VHA that 

integrates transformer-based natural language processing (NLP) with an 

explainable extreme gradient boosting (XGBoost) decision model to provide 

accurate and transparent symptom triage. The framework employs the no 

language left behind (NLLB) model for offline English–Shona translation, 

bidirectional encoder representations from transformers (BERT)-based 

models for intent classification and medical entity recognition, and XGBoost 

for structured triage recommendation. The system was evaluated using  

a multilingual symptom corpus and an anonymized electronic health  

record-style dataset comprising approximately 23,000 patient records. 

Experimental results achieved translation accuracies of 76.5% for  

Shona-to-English and 82.2% for English-to-Shona, symptom extraction 

accuracy of 86.6%, and end-to-end triage accuracy of 93.3% with an  

F1-score of 93.3%. These findings demonstrate that the proposed hybrid 

architecture effectively combines multilingual language understanding, 

interpretable machine learning, and offline deployment to deliver reliable 

and privacy-preserving triage support. The proposed approach provides  

a scalable and practical solution for improving equitable digital healthcare 

services in multilingual, resource-constrained environments. 

Keywords: 

Artificial intelligence 

Low resource settings 

Multilingual 

No language left behind 

Transformers 

Virtual health assistant 

XGBoost 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Shamiso Simango 

School of Information Science and Technology, Harare Institute of Technology 

Belvedere, Harare, Zimbabwe 

Email: shamisosimaz@gmail.com 

 

 

1. INTRODUCTION 

Artificial intelligence (AI) has emerged as a transformative technology in digital healthcare, 

enabling conversational agents that can interpret patient-reported symptoms and provide timely clinical 

guidance. Recent advances in transformer-based architectures have significantly improved natural language 

understanding, multilingual communication, and human-computer interaction, making AI-powered virtual 

health assistants (VHAs) increasingly effective for healthcare support [1]. Explainable machine learning 

algorithms such as extreme gradient boosting (XGBoost) have demonstrated excellent predictive 

performance on structured clinical data while maintaining model interpretability [2]. Likewise, bidirectional 

encoder representations from transformers (BERT) have substantially enhanced contextual language 

https://creativecommons.org/licenses/by-sa/4.0/
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understanding for healthcare-related natural language processing (NLP) tasks [3], [4]. Recent surveys further 

highlight the effectiveness of deep learning and prompt-based transformer models in medical text processing 

and healthcare applications [5]–[8]. 

Hybrid machine learning models that combine deep language understanding with structured 

prediction have demonstrated improved predictive performance in healthcare decision support [9], [10]. 

Furthermore, multilingual transformer-based medical chatbots have shown considerable potential for 

improving communication between patients and healthcare providers across different languages [11]. 

Advances in scalable transformer architectures and transfer learning have further expanded the capability of 

AI systems to process multilingual clinical information efficiently [12]–[14]. 

Despite these technological advances, healthcare delivery in many low-resource countries, including 

Zimbabwe, continues to face substantial challenges. Shortages of healthcare professionals, inadequate digital 

infrastructure, geographical barriers, and limited access to timely medical consultation continue to reduce 

healthcare accessibility. These challenges are further compounded by linguistic diversity, as many patients 

communicate primarily in indigenous languages such as Shona rather than English. Consequently,  

English-only digital health applications often fail to provide equitable healthcare services, particularly in 

rural and underserved communities. Previous studies have emphasized the importance of multilingual and 

low-resource digital health solutions for improving healthcare accessibility in developing regions [15], [16]. 

Recent developments in lightweight transformer models such as a lite BERT (ALBERT) and 

multilingual representation learning have improved language understanding while reducing computational 

complexity [17], [18]. Nevertheless, many existing VHAs remain cloud-dependent and operate as black-box 

systems, raising concerns regarding explainability, privacy, and ethical deployment in healthcare [19], [20]. 

Moreover, robust evaluation metrics and explainable AI are essential for ensuring reliable clinical decision 

support [21]–[23]. These limitations indicate the need for an intelligent healthcare assistant that combines 

multilingual language understanding, interpretable decision-making, and efficient offline deployment within 

a unified framework. 

To address these challenges, this study proposes CIMAS HealthMate, a multilingual VHA designed 

for low-resource healthcare settings in Zimbabwe. The proposed framework integrates multilingual 

transformer-based NLP with an explainable XGBoost classifier to provide evidence-based symptom triage 

rather than medical diagnosis. The system incorporates offline English–Shona translation, BERT-based intent 

classification and medical entity recognition, and an interpretable decision layer to support transparent 

clinical recommendations. Furthermore, the proposed framework adopts a privacy-by-design architecture that 

aligns with international data protection principles and digital health recommendations [24], [25]. 

The main contributions of this study are fourfold. First, a hybrid multilingual VHA architecture is 

developed by integrating transformer-based NLP with an explainable XGBoost decision model. Second,  

the framework supports offline multilingual communication suitable for bandwidth-constrained 

environments. Third, the proposed architecture emphasizes interpretable and privacy-preserving AI for 

healthcare applications. Finally, the proposed system is evaluated using multilingual symptom data and 

structured electronic health record (EHR)-style data to demonstrate its effectiveness for accurate, transparent, 

and scalable multilingual symptom triage. 

 

 

2. RELATED WORKS 

Recent advances in AI have accelerated the development of VHAs for symptom assessment, patient 

engagement, and clinical decision support. Commercial platforms such as Babylon Health, Ada Health, and 

MobiHealth Kenya have demonstrated the potential of AI-assisted healthcare by providing conversational 

symptom assessment and health recommendations. However, most existing platforms rely on cloud-based 

infrastructures, require continuous internet connectivity, and primarily support widely spoken languages such 

as English. These characteristics limit their applicability in low-resource healthcare environments, where 

network connectivity is unreliable and many users communicate in indigenous languages. Furthermore, 

several commercial VHAs generate diagnostic suggestions, raising concerns regarding explainability, clinical 

accountability, and regulatory compliance. 

From a methodological perspective, recent studies have shown that transformer-based language 

models, including BERT and its multilingual variants, substantially improve intent classification, medical 

entity recognition, and contextual language understanding through contextual embeddings. These models 

have become the foundation of modern multilingual conversational AI because they capture semantic 

relationships more effectively than conventional recurrent neural networks or rule-based approaches. 

Nevertheless, transformer models generally require substantial computational resources and often operate as 

black-box systems, limiting their deployment in privacy-sensitive and resource-constrained healthcare 

environments. 
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In parallel, ensemble learning algorithms such as XGBoost have consistently demonstrated excellent 

predictive performance for structured clinical data while providing interpretable feature importance and 

efficient inference. Consequently, XGBoost has been widely adopted for disease prediction, patient risk 

stratification, and clinical decision support. Unlike deep neural networks, gradient boosting models provide 

greater transparency, making them more suitable for evidence-based healthcare applications where 

explainability is essential. 

Recent research has begun exploring hybrid architectures that combine transformer-based language 

understanding with structured machine learning models to leverage the complementary strengths of both 

approaches. While these hybrid systems improve conversational intelligence and prediction accuracy, 

relatively few studies have focused on multilingual healthcare applications for African languages or 

considered offline deployment, low-bandwidth operation, and compliance with regional data protection 

regulations. These limitations motivate the development of CIMAS HealthMate, which integrates 

multilingual transformer-based NLP with an explainable XGBoost decision model to provide privacy-

preserving, multilingual symptom triage for low-resource healthcare settings. Table 1 compares the proposed 

CIMAS HealthMate framework with representative healthcare platforms. Unlike existing systems, the 

proposed framework combines multilingual support, offline operation, interpretable machine learning, and 

privacy-preserving deployment within a unified architecture, making it more suitable for multilingual, 

resource-constrained healthcare environments. 

 

 

Table 1. Comparison of features between the CIMAS HealthMate hybrid VHA and existing health platforms 

(Babylon Health, Ada Health, MobiHealth Kenya) 
Criterion Proposed CIMAS HealthMate Babylon Health Ada Health MobiHealth Kenya 

NLP model Transformer  

(BERT+no language left behind) 
Proprietary 

neural AI 
Proprietary AI Rule-based/ 

machine learning 
Decision model Explainable XGBoost Proprietary Proprietary Rule-based 
Multilingual support English–Shona Limited Multiple languages English–Swahili 
Offline capability Yes No No Partial 
Explainable AI Yes Limited Limited Moderate 
Symptom triage Yes Yes Yes Basic 
Medical diagnosis No Yes Yes No 
Privacy-by-design Yes Partial Partial Partial 
Low-bandwidth deployment Yes No No Partial 
Regulatory compliance General data protection 

regulation, health insurance 

portability and accountability act, 

Zimbabwe cyber and data 
protection act  

Health insurance 
portability and 

accountability act 

General data 
protection 

regulation 

Local regulations 

 

 

3. METHOD 

3.1.  Overall system architecture 

The proposed CIMAS HealthMate framework adopts a modular hybrid architecture consisting of 

three functional layers: translation, contextual understanding, and clinical decision-making, as illustrated in 

Figure 1. This layered design combines multilingual NLP with explainable machine learning to provide 

accurate, interpretable, and privacy-preserving symptom triage suitable for low-resource healthcare 

environments. The workflow begins with the translation layer, where user queries are automatically 

translated between Shona and English using the offline no language left behind (NLLB)-200 model. Offline 

translation eliminates dependence on cloud-based services, thereby improving system reliability, reducing 

communication latency, and preserving patient privacy in bandwidth-constrained environments. 

The translated text is subsequently processed by the contextual understanding layer, which employs 

a BERT-based NLP pipeline. This layer performs intent classification to identify the user’s healthcare request 

and medical entity recognition to extract clinically relevant information, including reported symptoms, 

symptom duration, severity, medications, and pre-existing medical conditions. The extracted entities are 

transformed into structured feature vectors suitable for downstream machine learning analysis. Finally,  

the structured clinical features are forwarded to the clinical decision-making layer, where an explainable 

XGBoost classifier predicts one of three evidence-based triage recommendations: home_remedy, 

wait_and_monitor, or see_doctor. Unlike diagnostic systems that attempt to identify specific diseases,  

the proposed framework focuses exclusively on symptom triage to support timely healthcare guidance while 

maintaining clinician oversight. The use of XGBoost also enables feature importance analysis, providing 

greater transparency and interpretability than end-to-end neural decision models. 

The integration of multilingual translation, contextual language understanding, and interpretable 

machine learning enables CIMAS HealthMate to provide reliable, transparent, and clinically meaningful 
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symptom triage while supporting offline deployment, multilingual communication, and privacy-preserving 

healthcare services in resource-constrained settings. By combining the contextual reasoning capabilities of 

transformer-based language models with the predictive accuracy and explainability of XGBoost,  

the proposed framework effectively bridges the gap between unstructured patient narratives and structured 

clinical decision support. Furthermore, its modular architecture facilitates scalability, allowing additional 

languages, clinical knowledge bases, and decision models to be incorporated with minimal system 

modification. The offline implementation reduces dependence on cloud infrastructure, ensuring consistent 

performance in low-bandwidth environments while safeguarding sensitive patient information. Consequently, 

CIMAS HealthMate offers a practical and extensible platform for improving equitable access to digital 

healthcare, reducing clinician workload through evidence-based triage, and supporting informed healthcare 

decision-making in multilingual, low-resource healthcare environments. 

 

 

 
 

Figure 1. Hybrid VHA architecture 

 

 

3.2.  Dataset description 

Two complementary datasets were employed to develop and evaluate the proposed CIMAS 

HealthMate framework, reflecting the distinct requirements of natural language understanding and structured 

clinical decision-making. The first dataset comprised a synthetic multilingual symptom corpus containing 

more than 1,000 annotated symptom–label pairs in English and Shona. The corpus was constructed to 

support the training of the NLP components, including intent classification and medical entity recognition. 

Each sample consisted of a free-text patient query annotated with symptom categories, clinical entities, and 

corresponding intent labels, enabling the model to learn multilingual symptom interpretation and contextual 

understanding. 

The second dataset consisted of an anonymized EHR-style dataset containing approximately 23,000 

structured patient records used to train the XGBoost-based triage recommendation model. Each record 

included clinically relevant attributes such as patient demographics (age and gender), reported symptoms, 

symptom duration, symptom severity, current medications, pre-existing medical conditions, warning signs 

(red-flag symptoms), and the corresponding clinician-defined triage recommendation. Based on these 

structured clinical features, the model was trained to classify patients into one of three triage categories: 

home_remedy, wait_and_monitor, or see_doctor. The combination of multilingual unstructured text data and 

structured clinical records enabled the proposed framework to integrate contextual language understanding 

with interpretable clinical decision-making. This dual-dataset strategy improved the robustness of symptom 

interpretation while allowing the triage model to learn clinically meaningful decision patterns from structured 

healthcare data. 
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3.3.  NLP module 

The NLP module is responsible for converting free-text patient narratives into structured clinical 

information that can be processed by the triage recommendation model. To support multilingual interactions, 

the module integrates machine translation, intent classification, and medical entity recognition within  

a unified processing pipeline. The workflow begins with language identification, where the system detects 

whether the user’s input is written in English or Shona. When a Shona query is detected, the text is translated 

into English using the offline (NLLB-200-distilled-600M) model. Offline translation enables the system to 

operate without internet connectivity while preserving patient privacy and reducing inference latency in 

bandwidth-constrained environments. 

The translated text is subsequently processed using a BERT-based language understanding model to 

identify the user’s clinical intent and extract medically relevant entities. The intent classification component 

categorizes the patient’s request into predefined healthcare intents, such as symptom reporting or health 

consultation. Simultaneously, the medical entity recognition component identifies key clinical concepts, 

including reported symptoms, symptom duration, severity, current medications, pre-existing conditions, and 

other contextual information embedded in the patient’s narrative. The extracted entities are normalized and 

transformed into structured feature vectors through categorical encoding and numerical representation. These 

feature vectors provide a standardized representation of the patient’s clinical profile and serve as the input to 

the XGBoost-based triage recommendation model. By separating language understanding from clinical 

decision-making, the proposed architecture improves system interpretability, facilitates modular model 

updates, and enables independent optimization of each component. The combination of multilingual 

translation and transformer-based contextual language understanding allows the proposed NLP module to 

accurately interpret patient narratives across languages while preserving clinically relevant information 

required for evidence-based triage recommendations. This design enhances the robustness and scalability of 

the overall framework, making it suitable for multilingual healthcare applications in resource-constrained 

environments. 

 

3.4.  XGBoost-based triage model 

The final clinical recommendation is generated using an XGBoost classifier, which was selected 

because of its high predictive accuracy, computational efficiency, and inherent interpretability when applied 

to structured clinical data. Compared with conventional machine learning algorithms, XGBoost effectively 

captures complex nonlinear relationships among clinical variables while incorporating regularization 

techniques that reduce overfitting and improve model generalization. 

The input to the XGBoost model consists of structured feature vectors produced by the NLP 

module. These features include patient demographics (age and gender), reported symptoms, symptom 

duration, symptom severity, current medications, pre-existing medical conditions, identified red-flag 

symptoms, and other clinically relevant attributes extracted from the patient conversation. Prior to model 

training, categorical variables were encoded into numerical representations, and missing values were handled 

using the native missing-value processing capability of XGBoost. 

The model was formulated as a multiclass classification problem to predict one of three  

evidence-based triage recommendations: home_remedy, wait_and_monitor, or see_doctor. Rather than 

providing a definitive medical diagnosis, the classifier estimates the most appropriate level of clinical 

attention based on the available patient information. This approach supports early healthcare guidance while 

ensuring that final diagnostic decisions remain under the supervision of qualified healthcare professionals. 

During inference, the trained XGBoost model evaluates the structured clinical feature vector and 

assigns a probability score to each triage category. The recommendation with the highest posterior 

probability is selected as the system output and subsequently translated into a user-friendly response.  

In addition, the tree-based architecture enables feature importance analysis, allowing the contribution of 

individual clinical variables to be examined. This level of transparency enhances the interpretability of the 

decision-making process and supports greater trust in AI-assisted healthcare applications. 

The integration of XGBoost with the transformer-based NLP module combines the strengths of 

contextual language understanding and explainable machine learning. While the NLP component converts 

unstructured patient narratives into structured clinical information, the XGBoost classifier performs robust 

evidence-based triage using clinically meaningful features. This hybrid design provides an effective balance 

between predictive performance, computational efficiency, and interpretability, making it particularly 

suitable for multilingual, privacy-sensitive, and resource-constrained healthcare environments. 

 

3.5.  Model training and evaluation 

The proposed hybrid framework was trained by independently optimizing the NLP components and 

the XGBoost-based triage model before integrating them into a unified inference pipeline. This modular 

training strategy allowed each component to be optimized according to its specific learning objective while 
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maintaining flexibility for future model updates. For the NLP module, the multilingual symptom corpus was 

used to train the intent classification and medical entity recognition models. The translation component 

employed the pre-trained NLLB-200-distilled-600M model without additional fine-tuning, whereas the 

BERT-based language understanding model was trained to recognize healthcare intents and extract clinically 

relevant entities from patient narratives. The extracted information was subsequently transformed into 

structured feature vectors that served as input to the triage recommendation model. The XGBoost classifier 

was trained using the anonymized EHR-style dataset containing approximately 23,000 structured patient 

records. Prior to training, categorical variables were encoded into numerical representations, while missing 

values were handled using the native missing-value capability of XGBoost. The model was formulated as  

a three-class classification problem to predict one of the predefined triage recommendations: home_remedy, 

wait_and_monitor, or see_doctor. To improve model robustness and reduce overfitting, hyperparameters 

were optimized using cross-validation, and the final model was selected based on its validation performance. 

Model performance was evaluated using standard multiclass classification metrics, including 

accuracy, precision, recall, and F1-score, which collectively assess predictive performance across all triage 

categories. In addition, translation quality was measured using bidirectional English–Shona translation 

accuracy, while the NLP module was evaluated based on symptom extraction accuracy. The overall 

effectiveness of the proposed framework was assessed through end-to-end triage prediction, measuring the 

system’s ability to transform multilingual patient narratives into clinically appropriate recommendations.  

The modular evaluation strategy enabled the performance of each subsystem (translation, language 

understanding, and clinical decision-making) to be assessed independently before evaluating the integrated 

framework. This comprehensive evaluation provides a more reliable assessment of the proposed hybrid 

architecture and facilitates the identification of potential performance bottlenecks in multilingual AI-assisted 

healthcare applications. 

 

3.6.  Real-time inference workflow 

During deployment, CIMAS HealthMate performs symptom triage through a sequential real-time 

inference pipeline that integrates multilingual NLP with explainable machine learning. Figure 2 illustrates the 

overall inference workflow, beginning with patient input and ending with an evidence-based triage 

recommendation. The workflow starts when a patient submits a symptom description through the 

conversational interface. The system first detects the input language and, when necessary, translates Shona 

text into English using the offline NLLB-200 translation model. This preprocessing step standardizes 

multilingual inputs while ensuring reliable operation without internet connectivity. 

 

 

 
 

Figure 2. Real-time inference workflow of CIMAS HealthMate 

 

 

The translated text is then processed by the BERT-based NLP module to identify the user’s clinical 

intent and extract medically relevant entities, including reported symptoms, symptom duration, severity, 

current medications, pre-existing medical conditions, and other contextual information. These extracted 

entities are normalized and transformed into a structured feature vector that represents the patient’s clinical 

profile. The structured feature vector is subsequently passed to the trained XGBoost classifier, which 

evaluates the patient’s condition and estimates the probability of each predefined triage category. The class 

with the highest predicted probability is selected as the final recommendation, corresponding to one of three 
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clinical outcomes: home_remedy, wait_and_monitor, or see_doctor. Rather than providing a medical 

diagnosis, the system generates evidence-based triage guidance to assist patients in determining the 

appropriate level of healthcare attention. 

Finally, the predicted recommendation is converted into a natural language response and presented 

to the user in the preferred language. When the original query is submitted in Shona, the recommendation is 

translated back into Shona using the offline translation module. This bidirectional multilingual workflow 

ensures linguistic accessibility while preserving the clinical meaning of the recommendation. The modular 

inference pipeline enables each processing component to operate independently while exchanging 

standardized structured information. Consequently, the proposed framework achieves low-latency, privacy-

preserving, and multilingual symptom triage that is suitable for deployment in low-bandwidth and resource-

constrained healthcare environments. 

 

3.7.  Implementation environment 

The proposed CIMAS HealthMate framework was implemented using Python as the primary 

development platform, integrating the hugging face transformers, XGBoost, and scikit-learn libraries to 

support multilingual NLP and explainable machine learning. A Streamlit-based web interface was developed 

to provide an interactive conversational environment for patient–system communication, enabling real-time 

symptom assessment and triage recommendations. To ensure efficient deployment and minimize dependence 

on external services, all trained models were deployed locally. The BERT-based intent classification model, 

the feature engineering pipeline, and the XGBoost triage classifier were serialized using the joblib framework 

and reloaded during runtime. Similarly, the NLLB-200-distilled-600M translation model was executed 

entirely offline, eliminating the need for cloud-based translation services. This deployment strategy improves 

data privacy, reduces inference latency, and enables reliable operation in environments with limited or 

intermittent internet connectivity. 

The system was designed as a modular processing pipeline in which each component performs an 

independent task while exchanging standardized structured data with subsequent modules. Such a modular 

architecture simplifies maintenance, facilitates independent model updates, and allows additional languages 

or clinical decision models to be incorporated without redesigning the entire framework. Furthermore,  

the local execution of all processing components supports compliance with privacy-by-design principles  

by ensuring that sensitive patient information remains within the deployment environment. Overall,  

the proposed implementation provides a lightweight, scalable, and privacy-preserving platform capable of 

delivering multilingual AI-assisted symptom triage in real time. These characteristics make CIMAS 

HealthMate particularly suitable for deployment in low-resource healthcare settings, where limited 

computational infrastructure, restricted network connectivity, and stringent data privacy requirements present 

significant operational challenges. 

 

 

4. RESULTS AND DISCUSSION 

This section presents the experimental evaluation and discussion of the proposed CIMAS 

HealthMate framework. The evaluation aims to assess the effectiveness of the hybrid architecture in 

supporting multilingual symptom understanding, accurate clinical triage, and real-time healthcare assistance 

in low-resource environments. Performance is analyzed from multiple perspectives, including user interface 

usability, translation quality, symptom extraction, triage classification accuracy, computational efficiency, 

and privacy-preserving deployment. 

The proposed framework is evaluated using both qualitative and quantitative analyses. Qualitative 

evaluation demonstrates the usability of the multilingual conversational interface through representative 

interaction scenarios in English and Shona, while quantitative evaluation measures the performance of each 

system component using standard machine learning metrics, including translation accuracy, symptom 

extraction accuracy, precision, recall, and F1-score. In addition, the real-time inference capability and 

deployment characteristics of the system are discussed to assess its practical suitability for resource-

constrained healthcare settings. The experimental results demonstrate that the integration of transformer-

based NLP with an explainable XGBoost classifier provides reliable multilingual symptom interpretation and 

accurate evidence-based triage recommendations. The following subsections present the system interface, 

experimental findings, comparative performance analysis, and discussion of the proposed framework’s 

strengths, limitations, and practical implications for AI-assisted healthcare. 

 

4.1.  User interface demonstration  

The CIMAS HealthMate interface was designed to provide an intuitive and accessible platform for 

multilingual AI-assisted symptom triage. Emphasis was placed on simplicity, ease of navigation, and patient-

centered interaction to ensure that individuals with varying levels of digital literacy can effectively use the 
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system. The interface supports both English and Shona, enabling users to communicate symptoms in their 

preferred language while maintaining a consistent conversational workflow. Figure 3 presents the 

authentication and dashboard interface of CIMAS HealthMate. The authentication page provides secure user 

access through registration and login functions, while the dashboard serves as the central interaction  

hub, offering access to AI-assisted symptom assessment, conversation history, and system functions.  

The dashboard also displays multilingual prompts and privacy reminders to encourage user confidence and 

reinforce responsible handling of sensitive health information. 
 

 

 
 

Figure 3. CIMAS HealthMate dashboard with AI diagnoses features 
 

 

Figure 4 demonstrates representative interactions between users and the VHA in both Shona and 

English. After receiving a patient’s symptom description, the system automatically identifies the input 

language, performs multilingual NLP, extracts clinically relevant information, and generates an evidence-

based triage recommendation. The responses are presented in natural language using culturally appropriate 

terminology, ensuring that healthcare guidance remains understandable and accessible to users regardless of 

their language preference. 
 

 

 
 

Figure 4. CIMAS HealthMate dashboard 
 

 

The demonstrated interactions confirm that the proposed framework successfully integrates 

multilingual communication, contextual language understanding, and explainable clinical decision-making 

within a unified conversational interface. By providing real-time symptom assessment and user-friendly 

feedback, the interface enhances accessibility while preserving the transparency and usability required for 

AI-assisted healthcare applications in low-resource environments. 
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4.2.  Experimental performance evaluation  

The performance of the proposed CIMAS HealthMate framework was evaluated by assessing the 

effectiveness of its individual components and the overall end-to-end triage system. The evaluation focused 

on multilingual translation, symptom extraction, and clinical triage recommendation. Table 2 summarizes the 

quantitative performance metrics, while Figure 5 provides a graphical comparison of the translation, 

symptom extraction, and triage accuracies obtained by the proposed framework. 

 

 

Table 2. Performance evaluation of the proposed CIMAS HealthMate framework 
Task Performance metric Result (%) 

Shona→English translation Accuracy 76.5 

English→Shona translation Accuracy 82.2 

Symptom extraction Accuracy 86.6 
End-to-end triage prediction Accuracy 93.3 

End-to-end triage prediction Weighted F1-score 93.3 

End-to-end triage prediction Weighted precision 92.9 

 

 

 
 

Figure 5. Experimental performance of the proposed CIMAS HealthMate framework, showing translation 

accuracy, symptom extraction accuracy, and end-to-end triage performance 

 

 

As illustrated in Figure 5, the hybrid architecture consistently achieved strong performance across 

all evaluation tasks. The offline NLLB translation model achieved translation accuracies of 76.5% for  

Shona-to-English and 82.2% for English-to-Shona translation. The BERT-based NLP module attained  

a symptom extraction accuracy of 86.6%, demonstrating its capability to identify clinically relevant entities 

from multilingual patient narratives. The highest performance was obtained for end-to-end triage prediction, 

where the proposed framework achieved 93.3% accuracy with a weighted F1-score of 93.3%, indicating 

robust and reliable clinical decision support. 

The experimental results demonstrate that the proposed hybrid architecture achieves strong overall 

performance across multilingual healthcare tasks. The offline NLLB translation model successfully supports 

bidirectional communication between English and Shona, although translation performance is higher for 

English-to-Shona conversion than for Shona-to-English translation. This performance difference is expected 

because Shona remains a relatively low-resource language with fewer large-scale parallel corpora available 

for pre-training and evaluation. 

The BERT-based NLP module achieved a symptom extraction accuracy of 86.6%, indicating its 

capability to accurately identify clinically relevant entities from free-text patient narratives. Effective 

extraction of symptoms, medications, duration, severity, and contextual clinical information provides reliable 

structured inputs for the downstream decision-making process. These findings demonstrate the effectiveness 

of transformer-based contextual representations in interpreting multilingual healthcare conversations. 

The highest performance was obtained in the end-to-end triage task, where the proposed framework 

achieved 93.3% classification accuracy with a weighted F1-score of 93.3%. This result indicates that the 
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integration of multilingual language understanding with an explainable XGBoost classifier enables robust 

and consistent clinical recommendation across the three predefined triage categories (home_remedy, 

wait_and_monitor, and see_doctor). The high weighted precision further suggests that the classifier maintains 

a balanced prediction capability while minimizing incorrect triage recommendations. Overall,  

the experimental findings confirm that combining transformer-based NLP with XGBoost-based clinical 

decision-making effectively bridges the gap between unstructured multilingual patient narratives and 

structured evidence-based triage. The modular design allows each subsystem to optimize its respective task 

while collectively delivering accurate, interpretable, and privacy-preserving healthcare assistance suitable for 

deployment in multilingual and resource-constrained environments. 

 

4.3.  Comparative analysis 

To further evaluate the reliability of the proposed triage model, the classification performance was 

analyzed using a confusion matrix. Figure 6 illustrates the distribution of correctly and incorrectly classified 

instances across the three triage categories (home_remedy, wait_and_monitor, and see_doctor).  

The confusion matrix provides a more detailed assessment of model behavior than overall accuracy by 

identifying the specific classes in which prediction errors occur. 

 

 

 

 

Figure 6. Confusion matrix of the proposed XGBoost-based triage classifier 

 

 

As shown in Figure 6, most test samples were correctly assigned to their respective triage 

categories, with only a small number of misclassifications occurring between neighboring clinical 

recommendations. The relatively small number of off-diagonal elements indicates that the proposed 

XGBoost classifier effectively distinguishes between different levels of clinical urgency while maintaining 

balanced prediction performance across all classes. These findings are consistent with the overall 

classification accuracy of 93.3% and the weighted F1-score of 93.3%, confirming the robustness of the 

proposed hybrid framework for multilingual symptom triage. 

To assess the effectiveness of the proposed hybrid framework, CIMAS HealthMate was compared 

with representative machine learning and deep learning approaches commonly used for AI-assisted 

healthcare applications. The comparison focused on multilingual capability, model interpretability, 

deployment suitability, and clinical triage performance. Table 3 summarizes the qualitative comparison 

between the proposed framework and representative baseline methods. 
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Unlike conventional machine learning methods, which rely primarily on structured numerical 

features, the proposed framework combines multilingual transformer-based language understanding with an 

explainable gradient-boosting classifier. The BERT-based NLP module enables accurate interpretation of 

unstructured patient narratives, while the XGBoost classifier performs transparent and robust clinical triage 

using structured clinical features extracted from the conversation. This complementary design exploits the 

strengths of both deep learning and traditional machine learning while mitigating their individual limitations. 

Compared with end-to-end neural conversational systems, the proposed architecture offers greater 

interpretability because the clinical recommendation is generated by a tree-based decision model whose 

feature contributions can be analyzed using feature importance techniques. Furthermore, executing all 

components locally eliminates dependence on cloud infrastructure, thereby improving privacy protection and 

ensuring reliable operation in environments with limited internet connectivity. 

The experimental evaluation demonstrated that the proposed framework achieved an overall triage 

accuracy of 93.3% while maintaining multilingual communication through offline English–Shona translation. 

Although translation accuracy remains lower than triage accuracy due to the linguistic complexity and 

limited training resources available for Shona, the language understanding module successfully preserved 

clinically relevant information, enabling the XGBoost classifier to generate accurate evidence-based triage 

recommendations. These findings indicate that integrating multilingual NLP with explainable machine 

learning provides an effective balance between predictive performance, interpretability, and deployment 

practicality for healthcare applications in resource-constrained environments. 

 

 

Table 3. Comparison of the proposed CIMAS HealthMate framework with representative AI-based 

healthcare approaches 

Method Multilingual support Explainability 
Offline 

deployment 

Structured clinical 

reasoning 

Suitable for low-

resource settings 

Logistic regression Limited High Yes Moderate Yes 

Random forest Limited Moderate Yes High Yes 

BERT-based NLP High Low Limited Low Moderate 
XGBoost No High Yes High Yes 

Proposed CIMAS HealthMate High (English–Shona) High Yes High High 

 

 

4.4.  Real-time performance 

The real-time performance of CIMAS HealthMate was evaluated to assess its suitability for 

deployment in low-resource healthcare environments where timely clinical guidance is essential.  

The evaluation focused on the responsiveness of the complete inference pipeline, including multilingual 

translation, natural language understanding, structured feature generation, and XGBoost-based triage 

prediction. Experimental observations showed that the computational inference performed by the AI models 

required only a few milliseconds for each processing stage after model initialization. The overall user 

interaction, including symptom collection, contextual follow-up questions, and generation of the final triage 

recommendation, was typically completed within 45–60 seconds. This interaction time primarily depended 

on the user’s response speed rather than the computational complexity of the underlying AI models. 

The modular pipeline contributed significantly to the system’s computational efficiency. The offline 

NLLB translation model processed multilingual inputs without requiring communication with external 

servers, while the BERT-based NLP module efficiently extracted clinically relevant entities from patient 

narratives. Subsequently, the XGBoost classifier generated triage recommendations with minimal 

computational overhead due to its lightweight tree-based inference mechanism. Local execution of all 

processing components further reduced network latency and eliminated dependence on cloud-based services. 

The observed response time is considered appropriate for real-time symptom triage applications, 

where rapid patient guidance is more critical than instantaneous conversational responses. Moreover,  

the offline deployment strategy improves system reliability in environments with unstable internet 

connectivity while ensuring continuous service availability and enhanced protection of sensitive patient 

information. Overall, the experimental results demonstrate that the proposed framework provides efficient 

real-time multilingual healthcare assistance by combining low-latency inference, privacy-preserving local 

execution, and explainable clinical decision-making. These characteristics make CIMAS HealthMate well 

suited for deployment in rural clinics, community health centers, and other resource-constrained healthcare 

settings where computational resources and network infrastructure may be limited. 

 

4.5.  Discussion 

The experimental results demonstrate that the proposed hybrid architecture effectively combines the 

complementary strengths of transformer-based NLP and XGBoost-based clinical decision-making.  
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The multilingual NLP module successfully transformed unstructured patient narratives into structured 

clinical information, while the XGBoost classifier produced accurate and interpretable triage 

recommendations. This separation of language understanding and clinical reasoning contributed to the 

overall robustness of the framework and enabled each component to be independently optimized for its 

respective task [2], [3]. 

To further improve model transparency, shapley additive explanations (SHAP) was employed to 

interpret the contribution of each clinical feature to the triage decision. Figure 7 presents the SHAP summary 

plot, which ranks features according to their overall influence on the XGBoost classifier. Symptom severity, 

warning signs, symptom duration, and patient age were identified as the most influential predictors, 

indicating that the model primarily relies on clinically relevant information rather than demographic variables 

alone. The distribution of SHAP values further illustrates how high and low feature values affect the 

predicted triage category, thereby improving the interpretability and trustworthiness of the proposed clinical 

decision-support system [23]. 

 

 

 

 

Figure 7. SHAP summary plot (preferred) or XGBoost feature importance 

 

 

The end-to-end triage accuracy of 93.3% indicates that integrating contextual language 

understanding with structured machine learning provides reliable evidence-based healthcare guidance. 

Compared with end-to-end neural conversational models, the proposed architecture offers greater 

interpretability because the final recommendation is generated using a tree-based classifier whose feature 

contributions can be examined through feature importance analysis. Such transparency is particularly 

important in healthcare applications, where clinicians and patients require understandable AI-assisted 

recommendations rather than opaque predictions [19]. 

Although the translation module achieved satisfactory multilingual performance, the accuracy for 

Shona-to-English translation (76.5%) remained lower than that for English-to-Shona translation (82.2%). 

This performance difference can largely be attributed to the limited availability of high-quality parallel 

corpora and linguistic resources for Shona compared with English. Nevertheless, the symptom extraction 

module maintained an accuracy of 86.6%, suggesting that the translation process preserved sufficient clinical 

information for reliable downstream triage. These findings indicate that robust symptom interpretation can 

still be achieved despite moderate translation accuracy, demonstrating the resilience of the proposed hybrid 

pipeline [18]. 

From a deployment perspective, the offline implementation represents a significant advantage for 

healthcare delivery in low-resource settings. By executing translation, language understanding, and clinical 

decision-making locally, the system minimizes dependence on cloud infrastructure, reduces communication 

latency, and strengthens patient data privacy. These characteristics make the framework particularly suitable 
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for rural healthcare facilities and community clinics where internet connectivity may be unreliable or 

unavailable [15], [25]. 

Despite these encouraging results, several limitations should be acknowledged. The multilingual 

NLP module currently supports only English and Shona, and the evaluation was conducted using  

a combination of synthetic multilingual symptom data and anonymized structured clinical records. 

Consequently, the reported performance may not fully represent the linguistic diversity and variability 

encountered in routine clinical practice. Furthermore, the proposed system is designed exclusively for 

symptom triage rather than disease diagnosis and should therefore be considered a decision-support tool 

intended to complement, rather than replace, professional clinical judgment. 

Overall, the experimental findings demonstrate that integrating multilingual transformer models 

with an explainable XGBoost classifier provides an effective balance between predictive accuracy, 

interpretability, computational efficiency, and deployment practicality. The proposed framework offers  

a promising approach for expanding equitable access to AI-assisted healthcare while maintaining 

transparency, privacy, and operational reliability in multilingual and resource-constrained healthcare 

environments [2], [11]. 

 

4.6.  Privacy, ethics, and clinical implications 

The deployment of AI-assisted healthcare systems requires careful consideration of patient privacy, 

ethical responsibility, and clinical safety. Accordingly, CIMAS HealthMate was designed following  

privacy-by-design and human-centered AI principles to ensure that the system provides safe, transparent, and 

trustworthy symptom triage while protecting sensitive patient information. From a privacy perspective, all 

data processing is performed locally within the deployment environment. The offline execution of the NLLB 

translation model, BERT-based NLP module, and XGBoost classifier eliminates the need to transmit patient 

information to external cloud services, thereby reducing the risk of unauthorized data disclosure. 

Furthermore, the system does not permanently store personally identifiable health information after each 

consultation session. Only anonymized operational metadata, such as processing time and model 

performance statistics, may be retained for system monitoring and quality improvement. This architecture 

supports compliance with internationally recognized data protection frameworks, including the general data 

protection regulation (GDPR), the health insurance portability and accountability act (HIPAA), and 

Zimbabwe’s cyber and data protection act (CDPA). 

Ethically, the proposed framework is designed exclusively as a clinical decision support system for 

symptom triage rather than as an autonomous diagnostic tool. The system provides one of three  

evidence-based recommendations: home_remedy, wait_and_monitor, or see_doctor, without attempting to 

diagnose diseases or prescribe treatments. Consequently, clinical responsibility remains with qualified 

healthcare professionals, while the AI system serves to assist patients in determining the appropriate level of 

medical attention. This human-in-the-loop approach reduces the risk of overreliance on automated 

recommendations and promotes responsible integration of AI into healthcare practice. 

From a clinical perspective, the multilingual and offline capabilities of CIMAS HealthMate have 

important implications for healthcare delivery in resource-constrained settings. By supporting both English 

and Shona, the system improves communication with patients who may have limited English proficiency, 

thereby enhanced accessibility and reducing language-related barriers to healthcare. In addition, offline 

deployment enables reliable operation in rural and underserved communities where internet connectivity is 

limited or unavailable. These characteristics improve the practicality of AI-assisted triage while 

strengthening patient trust through transparent, explainable, and privacy-preserving decision support. 

Overall, the proposed framework demonstrates that responsible AI design extends beyond predictive 

performance to include ethical deployment, regulatory compliance, clinical transparency, and equitable 

access to healthcare. Integrating these considerations into the system architecture enhances the feasibility of 

deploying multilingual VHAs in real-world healthcare environments while maintaining patient safety, data 

confidentiality, and professional clinical oversight. 

 

4.7.  Limitations and future work 

Although the proposed CIMAS HealthMate framework demonstrates promising performance for 

multilingual AI-assisted symptom triage, several limitations should be acknowledged. First, the NLP module 

currently supports only English and Shona, limiting its applicability to other indigenous African languages. 

Expanding multilingual coverage would improve accessibility across diverse linguistic communities. Second, 

the symptom classification model was trained using a synthetic multilingual dataset, while the triage 

recommendation model relied on anonymized structured EHR-style data. Although these datasets facilitated 

model development and evaluation, additional validation using large-scale real-world clinical conversations 

is necessary to further assess the system’s robustness and generalizability. 
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Third, the current evaluation was conducted in a controlled experimental environment and did not 

include prospective clinical trials or usability studies involving healthcare professionals and patients. 

Consequently, the reported performance primarily reflects technical effectiveness rather than real-world 

clinical adoption. Furthermore, the proposed framework is designed exclusively for symptom triage and 

preliminary healthcare guidance. It does not provide disease diagnosis, treatment recommendations, or 

emergency medical decision-making, and therefore should be considered a clinical decision support tool that 

complements rather than replaces professional medical judgment. 

Future research will focus on improving both the technical capabilities and clinical applicability of 

the framework. Planned enhancements include fine-tuning multilingual transformer models using  

region-specific healthcare conversations to improve symptom understanding and translation quality for 

African languages. Privacy-preserving federated learning will also be investigated to enable continuous 

model improvement without centralized collection of sensitive patient data. To increase accessibility, future 

versions will support deployment through low-bandwidth communication platforms such as WhatsApp and 

short message service (SMS), allowing wider adoption in remote and underserved communities. In addition, 

integration with hospital information systems through health level seven international fast healthcare 

interoperability resources (HL7 FHIR)-compliant EHR interfaces will facilitate interoperability with existing 

clinical workflows. Finally, large-scale clinical validation involving healthcare practitioners, multilingual 

patient populations, and multiple healthcare institutions will be conducted to evaluate usability, clinical 

effectiveness, and long-term deployment in routine healthcare settings. Overall, these future developments 

are expected to enhance the scalability, multilingual capability, clinical reliability, and practical deployment 

of CIMAS HealthMate, thereby strengthening its potential as an explainable and privacy-preserving  

AI-assisted healthcare solution for resource-constrained environments. 

 

 

5. CONCLUSION 

This study presented CIMAS HealthMate, a multilingual VHA designed to support AI-assisted 

symptom triage in resource-constrained healthcare environments. The proposed framework integrates offline 

NLLB-based multilingual translation, BERT-based NLP, and an explainable XGBoost classifier to provide 

evidence-based triage recommendations while preserving user privacy and enabling deployment without 

continuous internet connectivity. By combining contextual language understanding with structured machine 

learning, the system effectively supports English–Shona communication and transparent clinical decision 

support. Experimental evaluation demonstrated the effectiveness of the proposed hybrid architecture, 

achieving translation accuracies of 76.5% (Shona-to-English) and 82.2% (English-to-Shona), a symptom 

extraction accuracy of 86.6%, and an end-to-end triage accuracy and weighted F1-score of 93.3%. These 

results indicate that the framework provides reliable multilingual symptom assessment while maintaining 

computational efficiency, explainability, and suitability for low-bandwidth healthcare settings. Beyond its 

technical performance, CIMAS HealthMate demonstrates the feasibility of integrating multilingual AI with 

interpretable machine learning to improve access to preliminary healthcare guidance in underserved 

communities. The privacy-preserving, offline architecture further supports deployment in environments 

where network infrastructure and clinical resources are limited. Future work will focus on expanding support 

for additional African languages, validating the system using real-world clinical datasets and prospective user 

studies, integrating HL7 FHIR-compliant EHR systems, and investigating federated learning to enable 

continuous model improvement while preserving patient privacy. 
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