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Abstract

Conversational agents are increasingly being explored to support healthcare delivery, particularly in resource constrained
settings such as rural Nepal. Large-scale conversational models typically rely on internet connectivity and cloud
infrastructure, which may not be accessible in rural areas. In this study, we fine-tuned DialoGPT, a lightweight generative
dialogue model that can operate offline, on a synthetically constructed dataset of doctor—patient interactions covering ten
common diseases prevalent in rural Nepal, including common cold, seasonal fever, diarrhea, typhoid fever, gastritis, food
poisoning, malaria, dengue fever, tuberculosis, and pneumonia. Despite being trained on a limited, domain specific dataset,
the fine-tuned model produced coherent, contextually relevant, and medically appropriate responses, demonstrating an
understanding of symptoms, disease context, and empathetic communication. The model achieved a perplexity score of
5.9632 and accuracy score of 0.1633, a major improvement compared to the baseline score of 0.0372. These results highlight
the adaptability of compact, offline capable dialogue models and the effectiveness of targeted datasets for domain adaptation
in low resource healthcare environments, offering promising directions for future rural medical conversational Al
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1. Introduction

Rural healthcare in Nepal faces significant challenges due to limited medical infrastructure, scarcity of trained
personnel, and constrained access to reliable information. Patients in these areas frequently seek guidance on
common illnesses such as the common cold, seasonal fever, diarrhea, typhoid fever, gastritis, food poisoning,
malaria, dengue fever, tuberculosis, and pneumonia. Traditionally, these queries are addressed by local healthcare
workers or visiting doctors, but the increasing population and remoteness of some communities make timely,
personalized support difficult to provide. This gap highlights the need for scalable, automated solutions that can
assist patients with accurate and contextually relevant medical advice.

Pre-trained dialogue models such as DialoGPT (dialogue generative pre-trained transformer) can generate
coherent responses in open domain settings, but their performance in specialized medical contexts is limited
without domain specific adaptation. Moreover, rural healthcare contexts pose additional challenges: internet
connectivity and electricity may be unreliable, making cloud-based solutions difficult to deploy. Lightweight,
offline capable models offer a practical alternative for such low resource environments.

Figure 1. The Transformer-model architecture
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Our approach to overcoming the scarcity of medical dialogue data with rural healthcare context is the generation
of synthetic datasets. By constructing question—answer pairs that reflect typical doctor—patient interactions for
common rural illnesses, it is possible to simulate realistic medical conversations. Synthetic data generation is cost
effective, scalable, and enables the development of domain adapted dialogue systems even in settings with limited
access to annotated corpora.

In this study, we fine-tune DialoGPT on a synthetically constructed dataset representing medical conversations
about ten common diseases in rural Nepal. The goal is to enable the model to generate empathetic, medically
accurate, and context aware responses while remaining suitable for offline deployment. Our work demonstrates
the feasibility of adapting pre-trained conversational models to low resource healthcare environments, providing
a pathway toward accessible and scalable medical dialogue systems in rural communities.

2. Literature Review

Recent progress in medical conversational Al systems focuses on the generation of specialized medical datasets
supported by domain specific modeling techniques. A widely used foundation model for conversation is
DialoGPT, a large scale generative pre-trained transformer trained on 147 million Reddit conversational
exchanges; DialoGPT has become a common starting point for fine-tuning conversational systems because of its
strong conversational fluency and context modeling (Zhang et al. 2019).

At the same time, a number of large medical dialogue corpora have been released that provide the domain coverage
necessary for clinical fine-tuning and evaluation. MedDialog collected hundreds of thousands to millions of
doctor-patient exchanges in English and Chinese and has been extensively used for training and transfer learning
in medical dialogue research (Zeng et al. 2020). Complementing those broad collections, MedDG provides an
entity centric dataset for gastrointestinal consultations with detailed entity annotations (symptoms, tests,
medicines), and shows that explicitly modeling entities helps produce more medically relevant responses (Liu et
al. 2022).

Methodological advances in medical dialogue modelling reflect the specific challenges of clinical conversations:
limited labeled data, the need for explicit state tracking, and the requirement for factual correctness, etc. For
instance, VRBot introduces semi-supervised variational reasoning with latent variables representing patient state
and physician actions to improve reasoning under scarce labels (Li et al. 2021). ReMeDi offers multi-domain,
multi-service dialogues with fine-grained annotations designed to benchmark task-oriented medical systems
across services (e.g., diagnosis, triage, prescription, etc.) (Yan et al. 2022).

For downstream clinical tasks that draw directly on conversation context, datasets such as DialMed (dialogue-
based medication recommendation) demonstrate how dialogue data can be used for concrete clinical decision
tasks (He et al. 2022). The Dual-Flow / DFMed family of models argues for modeling both entity transitions and
dialogue act flow to better capture how medical dialogues evolve turn by turn (Xu et al. 2023). Another active
direction is knowledge grounded generation, where medical knowledge graphs or augmented knowledge sources
are integrated with generative models to reduce hallucination and boost factuality (an approach shown to be
effective in recent work on augmented-graph grounding) (Varshney et al. 2023). Parallel work on domain-specific
pretraining has shown clear benefits for medical language tasks. Generative biomedical pretraining such as
BioGPT improves biomedical text generation and QA relative to general models by pretraining on PubMed
literature (Luo et al. 2022).

On the encoder side, models like ClinicalBERT and BioBERT, pretrained respectively on clinical notes and
biomedical corpora, consistently improve downstream clinical NLP tasks (entity extraction, relation extraction,
predictive tasks, etc.) and are commonly used as components or baselines in medical dialogue research (Huang et
al. 2019; Lee et al. 2019). Finally, several surveys and meta-analyses synthesize progress across these areas and
emphasize recurring evaluation and safety challenges, particularly the need for human-centered clinical
evaluation, domain adaptation to low resource languages, and rigorous assessment of factuality and risk when
models are deployed in real clinical or community settings (Valizadeh et al. 2022).

Extending beyond these foundational works, recent datasets such as RealMedDial have collected real tele-medical
dialogues from short-video clips, enabling research on realistic doctor—patient interaction in online video settings
(Xu et al. 2022). Low resource modelling methods such as Graph-Evolving Meta-Learning (GEML) enable
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medical dialogue generation by transferring diagnostic experience via evolving disease—symptom graphs,
addressing situations with limited labelled dialogue data (Lin et al. 2021). Knowledge enhanced frameworks like
the work titled Knowledge Grounded Medical Dialogue Generation using Augmented Graphs integrate pre-
trained language models with medical knowledge graphs to produce responses that are both fluent and clinically
appropriate (Varshney et al. 2023). Terminology aware frameworks such as Terminology Aware Medical
Dialogue Generation incorporate domain-specific terminology representation and recognition tasks into the
generative process to bridge the gap between general language models and medical domain specificity (Tang et
al. 2023).

Recent developments in multi-modal and enriched knowledge generation frameworks include KIMMDG:
Knowledge Infused Multi-modal Medical Dialogue Generation, which integrate visual cues (e.g., skin lesions)
and conversation context together with medical knowledge graphs for improved diagnosis relevant dialogue
generation (Tiwari et al. 2024). Additional recent datasets such as MediTOD provide doctor—patient dialogues
with annotated turns for task-oriented dialogue, enabling systematic research on medical history taking and
physician—patient interaction (Saley et al. 2024). Knowledge enhanced extraction works such as A Knowledge
Enhanced Two Stage Generative Framework for Medical Dialogue Information Extraction address the challenge
of extracting term status pairs from medical dialogues using staged generative frameworks to better model relation
and status inference (Hu et al. 2024). And newer works like MedKP: Medical Dialogue with Knowledge
Enhancement and Clinical Pathway Encoding integrate external knowledge modules and clinical pathway
encoding to reduce hallucinations and improve domain-specific generation performance (Wu et al. 2024).

3. Methodology
3.1. Synthetic Dataset Generation

Due to the lack of publicly available medical dialogue datasets in the Nepali rural context, a synthetic dataset was
constructed to simulate realistic doctor—patient interactions. The dataset focused on ten common diseases
frequently encountered in rural Nepal: common cold, seasonal fever, diarrhea, typhoid fever, gastritis, food
poisoning, malaria, dengue fever, tuberculosis, and pneumonia.

Feedbacks
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Reject Is the dialogue medically Reviewer LLM |
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Second Reviewer
(Medical Professional)

NO Is the dialogue medically
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Figure 2. Synthetic Dataset Generation Block Diagram
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A multi-stage feedback pipeline was developed for generating and validating synthetic doctor—patient dialogues.
The process begins with user queries that are sent to the Generator LLM (Gemini 2.5 Pro), which produces
structured JSON formatted dialogues. These outputs are then evaluated by the Reviewer LLM (Claude 4 Sonnet)
to determine whether each dialogue is medically valid.

If a dialogue fails the medical validity check, it is rejected. Valid dialogues are forwarded to a second reviewer (a
licensed medical professional) for further expert validation. Only dialogues confirmed as medically accurate by
both the Reviewer LLM and the medical professional are stored in a CSV dataset.

Importantly, feedback loops are integrated at two stages. Both the Reviewer LLM and the medical professional
provide feedback to the Generator LLM, enabling continuous refinement of generation quality and reduction of
medically invalid outputs.

This architecture combines automated and human evaluation in a closed feedback system, ensuring that the final
dataset is clinically accurate, consistent, and reliable.Each dialogue represents typical symptom descriptions and
medically appropriate advice. The dialogues emphasized:

o Clear symptom reporting (e.g., “I have been experiencing fever and body aches for three days”).
e Providing empathetic medical responses while encouraging users to seek professional care when needed.

While the proposed system is intended for rural healthcare contexts in Nepal, the current dataset was developed
in English primarily as a proof-of-concept for domain-specific medical dialogue generation. English was selected
because DialoGPT is pretrained predominantly on English-language corpora, allowing more stable fine-tuning
and evaluation within the limited scope of this study. However, the phrasing and symptom descriptions were
intentionally adapted to reflect the communication patterns and healthcare concerns commonly observed in rural
Nepali communities.

Additionally, the lack of large-scale publicly available Nepali medical dialogue datasets motivated the use of
English synthetic data in this study. Future work will focus on developing multilingual or Nepali-language datasets
and evaluating the model in more realistic community healthcare interaction settings. The dataset was divided
into training (80%) and validation (20%) splits to fine-tune and evaluate model generalization.

3.2. Fine-tuning DialoGPT

We used DialoGPT-medium, a pre-trained conversational transformer model based on GPT-2 architecture, as the
foundation for fine-tuning. The model was fine-tuned using the Hugging Face Transformers library. Each dialogue
sample was formatted with alternating user and system turns to align with DialoGPT’s expected conversational
input.

Synthetic Dataset Generation Dataset Preparation Pre-trained Model

h 4
h

DialoGPT-Medium

Dactor Patient Interactions Training and Validation
° (GPT-2 architecture)

Offline Deployment Evaluation Fine-tuning
< <
No Cloud API Dependency Quantitative andeuahtatlve Using Hugging Face
Evaluation Transformers

Figure 3. Fine-tuning DialoGPT Block Diagram

65



International Journal on Engineering Technology and Infrastructure Development (InJET-InDev) Volume 2, Issue no. 2, May 2026

The training process aimed to adapt DialoGPT’s general conversational ability to domain-specific medical
dialogue, improving its contextual understanding of disease related symptoms and responses. Fine-tuning was
conducted on a Google Colab T4 GPU, and the resulting model was exported for offline deployment, removing
dependency on cloud APIs.

3.3. Evaluation Metrics

Model evaluation was conducted using a combination of quantitative and qualitative approaches to assess both
linguistic quality and medical relevance of generated responses.

3.3.1. Quantitative Evaluation

Evaluation Loss: The evaluation (validation) loss, computed as the average cross-entropy between predicted and
target tokens on the validation set, was monitored throughout training. A lower loss indicates improved learning
and better model generalization.

Loss = — %Z’i"zl logP(x; | x.;)  (Equation 1)

Here Loss is the average cross-entropy loss per token, N is the total number of tokens in the sequence, x; is the ih
target token, X< are all previous tokens before x; and P(x; | x<) is the predicted probability of the correct token.

Perplexity (PPL): Perplexity was derived from the exponential of the average cross-entropy loss, serving as a
measure of the model’s fluency and predictive confidence. Lower perplexity corresponds to more coherent and
natural responses.

Perplexity = eloss (Equation 2)

Accuracy, Precision, Recall, and F1-Score: During training, these metrics were computed at the token level to
evaluate the model’s predictive performance in the causal language modeling framework.

Accuracy: Represents the proportion of tokens correctly predicted by the model compared to the reference
response.

Precision: Measures the fraction of generated tokens that were correct, helping assess how often the model
produced relevant words without unnecessary additions.

Recall: Indicates the fraction of reference tokens the model successfully predicted, reflecting its completeness in
reproducing contextually appropriate responses.

F1-Score: The harmonic mean of precision and recall, providing a balanced evaluation of both correctness and
coverage in token prediction.

These metrics collectively assess how effectively the fine-tuned DialoGPT model learns to generate accurate,
fluent, and contextually aligned responses within medical dialogues.

3.3.2. Qualitative Evaluation

A human evaluation comprising 100 dialogue samples was conducted by healthcare professionals to assess the
overall conversational quality of the fine-tuned model. The evaluation focused on three key dimensions:

Medical Appropriateness: The accuracy, reliability, and safety of the medical information or advice provided.
Empathy and Tone: The model’s ability to express understanding, reassurance, and supportive communication.

Contextual Relevance: The extent to which responses appropriately addressed the patient’s described symptoms
and situation.

Each dimension was rated on a 5-point Likert scale, and the average scores were calculated to determine the
model’s overall conversational effectiveness.
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3.4. System Methodology
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Figure 4. System Block Diagram

The proposed system is an offline conversational chatbot designed to generate human-like responses without
requiring an internet connection. The overall architecture consists of two main components: the user interface and
the offline inference engine. When a user inputs a query through the chatbot interface, the system processes the
request locally. First, the input text is encoded using a pretrained tokenizer, which converts the query into a
sequence of numerical tokens understandable by the model. These tokens are then appended to the existing chat
history to maintain conversational context across multiple interactions. The combined input sequence is passed to
a fine-tuned DialoGPT model, which generates an appropriate response based on the conversation history.

The model outputs tokenized text, which is subsequently decoded back into natural language using the same
tokenizer. The generated response is then displayed to the user through the chatbot interface. Since all components,
including the tokenizer and the fine-tuned DialoGPT model, are locally hosted, the system can operate fully
offline, ensuring data privacy, low latency, and independence from external servers.

4. Results and Analysis
4.1 Fine-tuning DialoGPT

DialoGPT was fine-tuned on a synthetically constructed dataset of doctor—patient dialogues covering ten common
diseases prevalent in rural Nepal. The model was trained to generate contextually relevant and medically
appropriate responses while remaining lightweight enough for offline deployment. Training was performed using
the Causal Language Modeling (CLM) objective with cross-entropy loss.

4.1.1. Perplexity Score

The model achieved a perplexity score of 5.9632, indicating that it generates fluent and coherent responses with
relatively low uncertainty in next token prediction. Perplexity, derived as the exponential of the cross-entropy
loss, provides a measure of how confidently the model predicts the next token in a sequence. Lower perplexity
values suggest better language modeling performance.
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4.1.2. Accuracy, Precision, Recall and F1-Score

Token level metrics were calculated to evaluate the model’s predictive performance within the domain-specific
medical dialogue setting. These results are compared against the pretrained DialoGPT-Medium baseline model
without any fine-tuning. Both the fine-tuned and baseline DialoGPT-Medium models were evaluated on the same
validation set to ensure a consistent and unbiased comparison. The results are summarized below:

Table 1. Accuracy, Precision, Recall, and F1-Score

Metric DialoGPT-Medium (Baseline) DialoGPT-Medium (Fine-tuned)
Accuracy 0.0372 0.1633
Precision 0.1591 0.1561

Recall 0.0372 0.1496
F1-Score 0.0576 0.1633

Although the token-level accuracy and F1-score remain relatively low in absolute terms, this behavior is consistent
with the characteristics of open-ended natural language generation tasks, particularly in specialized medical
dialogue systems. Unlike classification problems with fixed outputs, conversational response generation allows
multiple semantically valid responses for the same prompt. Consequently, exact token-level matching metrics
tend to underestimate the practical quality and contextual relevance of generated responses.

Furthermore, the study was conducted using a comparatively small synthetic dataset consisting of approximately
1,000 dialogue entries distributed across 10 disease categories. In low-resource settings, large transformer-based
language models such as DialoGPT are unlikely to achieve high token overlap scores because the model must
generalize linguistic structure, medical terminology, and conversational context from limited training examples.
Despite this limitation, the fine-tuned model demonstrated substantial improvement over the pretrained baseline
across all evaluation metrics, with accuracy increasing from 0.0372 to 0.1633 and F1-score increasing from 0.0576
to 0.1633. These improvements indicate that the model successfully adapted to the target medical dialogue
domain.

Importantly, qualitative evaluation of generated responses showed that the fine-tuned model maintained
conversational coherence and produced medically relevant and contextually appropriate replies for common rural
healthcare scenarios. Therefore, while the numerical token-level metrics are modest, the observed relative
improvement over the baseline and the model’s ability to generate domain-consistent responses support the
technical validity of the proposed approach.

4.1.3. Training and Evaluation Loss

Training Loss over Steps

—— Training Loss

Loss
w

0 100 200 300 400 500 600
Training Steps

Figure 5. Training Loss

The above plot shows the model's training loss over 600 training steps. The loss is a measure of how wrong the
model's predictions are on the data it's being trained on. As the model sees more data (i.e., as training steps
increase), it adjusts its internal parameters to minimize its errors, causing the loss to decrease. The fluctuations
(the spiky nature of the line) are normal, as the loss is typically calculated for each small batch of data.
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Evaluation Loss per Batch

—— Eval Loss

Batch

Figure 6. Evaluation Loss

This above plot shows the model's evaluation loss, calculated for each batch of a separate evaluation dataset that
the model has not been trained on. This metric is crucial for understanding how well the model generalizes to
new, unseen data. The loss fluctuates significantly from batch to batch, which is common for generative
conversational models like DialoGPT.

4.1.4. Hyperparameters

The following hyperparameters were used during fine-tuning DialoGPT:

Table 2. Model Hyperparameters

Hyperparameter Value
Learning Rate Se-5
Optimizer Adam
Batch Size 4
Epochs 3
Loss Function Cross-Entropy Loss

4.2. Human Evaluation

A human evaluation was conducted on 100 dialogue samples by healthcare professionals to assess conversational
quality across three dimensions: medical appropriateness, empathy and tone, and contextual relevance. Each
aspect was rated on a S-point Likert scale, and average scores were calculated. The evaluation confirmed that the
model generates empathetic, context aware, and medically reasonable responses, highlighting its potential utility
as a conversational assistant in rural healthcare settings.

Table 3. Human Evaluation Metrics

Metric Mean Score
Medical Appropriateness 3.8
Empathy and Tone 4.1
Contextual References 3.9

5. Discussion

The findings of this study demonstrate the potential of lightweight domain-adapted conversational Al systems for
healthcare assistance in low-resource settings. Although the quantitative token-level metrics remain modest, the
fine-tuned DialoGPT model showed clear improvement over the pretrained baseline across all evaluation
measures, indicating successful adaptation toward the medical dialogue domain.

These results align with broader trends in medical Al research, where transformer-based language models often
require large, high-quality clinical datasets to achieve strong quantitative performance. In low-resource contexts
such as rural Nepal, obtaining sufficiently large and ethically curated medical conversation datasets remains a
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significant challenge. The use of synthetic data in this study therefore represents a practical compromise for early-
stage experimentation and feasibility analysis.

Furthermore, this work highlights an important issue in healthcare Al for developing regions: the gap between
state-of-the-art language models and real-world deployment constraints. Many existing medical conversational
systems rely on cloud-based infrastructure, large computational resources, and English-centric datasets, which
limit their applicability in rural and offline environments. In contrast, the proposed approach explores the
feasibility of adapting a comparatively lightweight conversational model for localized healthcare assistance
scenarios. The study also demonstrates that traditional token-level evaluation metrics alone may not fully capture
the practical usefulness of medical dialogue systems. In conversational Al, especially within healthcare contexts,
semantic relevance, contextual appropriateness, and linguistic coherence are often more important than exact
token overlap. As a result, qualitative improvements in response relevance may not always correspond directly to
high token-level accuracy scores.

However, several limitations remain. The dataset size was relatively small, consisting of only 1,000 synthetic
dialogue entries across 10 disease categories. Additionally, the dataset was created in English due to the lack of
publicly available Nepali medical dialogue corpora and the English-centric pretraining of DialoGPT.
Consequently, the current system should be considered a proof-of-concept rather than a clinically deployable
solution. Future work should focus on expanding the dataset, incorporating multilingual or Nepali-language
dialogue generation, applying semantic evaluation metrics such as BLEU or BERTScore, and validating responses
with healthcare professionals to improve reliability and practical usability.

6. Conclusion and Future Works

We fine-tuned DialoGPT on a synthetically constructed dataset representing medical conversations about ten
common diseases in rural Nepal. The fine-tuned model demonstrated the ability to generate contextually relevant,
medically appropriate, and empathetic responses, despite being trained on a limited dataset. Quantitative
evaluation metrics, including perplexity, token level accuracy, precision, recall, and Fl-score, alongside
qualitative assessments by healthcare professionals, confirmed the model’s potential to support rural healthcare
delivery.

Since an English-only conversational interface would not be directly accessible to a large portion of the target
rural population, the present work should be interpreted as an initial technical feasibility study rather than a fully
deployable end-user healthcare solution. In practical deployment scenarios, the system would require integration
with Nepali-language support, such as multilingual fine-tuning, transliteration, or speech-to-text and translation
layers to improve accessibility for local users.
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