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ABSTRACT

This research focuses on developing a voice-assisted chatbot tailored for Traditional
Chinese Medicine (TCM), utilizing advanced transformer-based Al models and
generative techniques. The chatbot aims to address accessibility challenges in
healthcare services, particularly for elderly, disabled, or literacy-challenged
individuals. By enabling voice input and output, it ensures inclusivity and broader
access to essential healthcare information.

The chatbot's core features include speech recognition and Natural Language
Processing (NLP), allowing it to understand various dialects and accents, a critical need
in multicultural regions like Malaysia. Leveraging large language models, it provides
human-like responses and personalized recommendations based on TCM principles,
including herbal remedies, dietary advice, and lifestyle suggestions. It is designed to
function effectively even in noisy environments and to understand accented English,
ensuring accurate communication across diverse linguistic backgrounds.

Additionally, the chatbot bridges the gap in TCM-specific medical knowledge by using
specialized datasets to deliver detailed insights into treatments and principles. It serves
as an educational resource for patients and practitioners, continually improving its
responses through dynamic learning from user interactions.

This voice-assisted TCM chatbot significantly enhances healthcare workflows by
reducing the burden on medical professionals, automating routine consultations, and
providing 24/7 access to medical advice. It is especially beneficial for users in remote
areas, offering timely and accurate information. By personalizing care and empowering
users to manage their health proactively, this project represents a major step forward in

integrating Al into healthcare, creating an inclusive and patient-centric system.

Area of Study: Chatbot development, Voice Data Integration, Speech-To-Text,
Healthcare Application, Accessibility and Inclusion
Keywords: Bilingual Textual Data, Natural Language Processing, Transformer-based

Model
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CHAPTER 1

CHAPTER 1

Introduction

In recent years, the integration of artificial intelligence (Al) in various sector has
revolutionized the way services are delivered and experienced. Among these
advancements, chatbots have emerged as powerful tools, providing users with instant,
automated assistance across different domains, from customer service to personal
assistants [1]. As healthcare institutions strive to enhance patient care and streamline

operations, the potential of Al-driven chatbots becomes increasingly evident [2].

A significant breakthrough in the field of Al is the creation of generative Al, which
incorporate models capable of generating new content, such as text, images, or even
sound, based on the data they have been trained on. Generative Al leverages complex
neural networks, particularly those based on transformers to understand and generate
human-like text with high accuracy and coherence. This advancement has brought up
new possibilities in automating complex tasks that requires a deep understanding of

human languages [3].

In the field of healthcare sector, the need for efficient, accurate and responsive
communication channels is paramount. Traditional methods often fall short in
addressing the growing demand for real-time information and support, particularly in
scenarios requiring quick responses or when handling large volume of patient queries
[4]. During the COVID-19 pandemic, healthcare systems globally were overwhelmed
by the sudden spike in patient queries, revealing the inefficiencies of traditional
methods. Hospitals struggled to manage the surge in demand, resulting in delays and

errors in response times [5].

Transformers-based techniques is a part of generative Al, offering a promising solution
to be challenges faced by healthcare institution [6]. This technique enables chatbots to
understand and generate human-like text with high accuracy, making them ideal for
complex and [7]. By implementing voice-assisted Al chatbot, it can provide a 24/7

accessibility for immediate response to user queries [8]. This is very helpful for those
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who lives in remote areas as they can inquire information before travelling to the
hospital. With the power of machine learning, Al chatbot learns how to express
wordings and information in a logical, conversational way, avoiding using bombastic
scientific terms which most people do not understand. Voice-assisted Al chatbot has
help revolutionized how medical industry normally works [9]. It offers more inclusive
to everyone especially to those who are disabled and older age person who is unable to
type, spell, read or not prefer typing for prompt. Whether it is making appointments or
asking questions, the chatbot serves as a convenient and supportive resources for a

diverse range of individuals seeking medical assistance.

1.1 Problem Statement and Motivation

e Traditional AI Chatbot Lacks the Option for Input and Output
For traditional Al chatbot, most of them are text-based chatbot which means they only
takes text as prompt and gives output in texts only. This method has brought up some
problem for some categories of people for example, disabled people who does not have
arms, loss of fingers, blind or those who suffers from dyslexia will not be able to type
or to form words, this has made them loss the opportunity to use this new technology.
Furthermore, senior citizen also faced problems when using the text-based chatbot as
well. Some of the senior citizen who suffers from vision problem, Parkinson’s disease,
or just the lack of education will also have the problem in typing out texts or forming

sentences properly [18] [19].

e Problem in Identifying and Converting Accented English
Malaysia is a multi-cultured country with 3 main races which is Malays, Chinese, and
Indian. Each race has their own language and accents and with multiple variants of
accented English, the usual model will have a hard time to properly predict the correct
words. Current challenge for most speech recognition models is lack of training on
different accented English. This will lead to miscommunication or misunderstanding
when user trying to convey their problems and causes confusion or even mistreatment
[18] [19]. In short, the models must have the ability to understand every word user

clearly in order to make sure there will not be any misguidance or misunderstanding.

e Lack of Chatbot Knowledge on Traditional Chinese Medicine
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One of the biggest problems in current medical chatbots is the lacking knowledge on
Traditional Chinese medicine (TCM) Most of the existing datasets that are available is
only related to Western medication and treatment. This resulted in the medical chatbot
only have limited knowledge to understand the TCM terminology, principles and
medications. What is more concerning is that it may provide inaccurate and unreliable
information to the user which would cause catastrophic disaster as TCM concepts

defers from Western medication concepts[18].

e Capturing Voice Frequency and Phonetic Clearly in Various Situation
Current voice recognition models still have problem of clearly capture and identifying
the voice of human especially when there is background noise or user has different
accent. Furthermore, the current model does not learn from user’s interaction which
means they are static and will be looking for certain accent or certain volume to trigger
the voice recognition system. Not only voice but how user express their sentences, most
voice chatbot could not function without being input certain keywords, which means

they are unable to understand the nuances of natural language or the semantics[19].

1.2 Motivation

During the COVID- 19 pandemic has revealed significant weakness in traditional
healthcare communication methods, as hospitals were overwhelmed with patient
queries and unable to provide timely, accurate responses. This highlighted the

inefficiencies of existing systems and the need for more robust and responsive solutions

[10].

While AI chatbot have been implemented to help manage patient interactions, these
systems are predominantly text-based, limiting accessibility for certain populations,
including elderly and the disabled, who may struggle with typing or reading text-based
outputs. Additionally, in multicultural regions like Malaysia, the diversity of accents
poses a significant challenge to existing speech recognition technologies, leading to

frequent misunderstandings and potential errors in patient care [11].

Furthermore, most current Al-driven chatbots lack integration with Traditional Chinese
Medicine (TCM), a critical gap given the widespread use of TCM in many parts of the
world, including Malaysia. This absence of TCM knowledge in Al system could lead

3
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to incomplete or incorrect information being provided to patients, potentially

endangering their health [12]. Figure 1.1 shows that people are starting to take notice

on TCM and the trend of visiting TCM is increasing by time for over a decade.
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Figure 1.1 OPR of Cyberspace vs TCM visits [13]

By addressing these challenges, the research seeks to improve patient care, enhance

communication efficiency, and ensure that healthcare services are inclusive and

culturally sensitive.

1.3

Research Objectives

The main objective of this project is to develop a voice-assisted TCM chatbot for the

general hospital website. The chatbot will provide reliable and accurate information

related

to Traditional Chinese Medicine (TCM) to the user through the use of speech

which is voice data. The sub-objectives to accomplish the main objective are as follows:

Sub-Objective 1: To perform data preparation on both textual and voice
data of Traditional Chinese Medicine

During the data preparation phase, text data is collected from Hugging face
repository while voice data will be collected from various source including
Hugging face, Github, or Kaggle. Text data in the datasets consists of 2 features
which is “Query” and “Response”, each query is a question about TCM and
rules of what to response while each response is the answer to the query

following the required rule. The data is in Chinese language and does not require
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any translation as the pre-trained LLM model has the capability to understand
Chinese language. However, the dataset requires a structure transformation as
the current structure does not meet the requirement to be feed to the model for
fine-tuning. Since the model needs to be trained in a conversational way and
only about TCM, the datasets must be in a conversational method and talks only
about TCM in which this text datasets suits the requirements. Voice data will
undergo preprocessing to meet the requirement of the speech-to-text model and
text-to-speech model. Speech-to-text model will have to be able to recognize
voice and accurately output the text in various scenario, including loud
background noise scenario. Text-to-speech model will have to properly
pronouns every word of the text accurately to provide the most accurate
information to the user. Speech-to-Text model will have to undergo accent fine-
tune as well as in Malaysia consists of various ethnicity and all of them have
unique English accents, hence it is important that the model will have to
understand the accent to translate voice into the correct text.

e Sub-Objective 2: To train a transformer-based model for voice data
recognition and natural language understanding.
This project will be utilizing ChatGLM as the base LLM model for natural
language understanding and generating output. The model will then be fine-
tuned using the transformed datasets and LORA configuration settings. LORA
configuration consists of various parameters which can then be explore and
modify to achieve the best result with the lowest resource needed. The Speech-
to-text and Text-to-Speech module will be utilizing open-source models to
achieve further fine-tuning and have a more custom preference. Preprocessed
voice data with mixture of background noise and various accent will be fed into

the model for fine tuning.

e Sub-Objective 3: To evaluate the performance of the chatbot in terms of
losses, accuracy, response time, and output relevancy using both text and
voice inputs.

Performance of the model used will be evaluated using various metrics. For
LLM model, the performance evaluation is made during the fine-tuning phase

where data is being validated and tested using validation set and testing sets.
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1.4

The metrics used for the LLM model is losses, estimated time, and the output
relevancy. For speech-to-text model will be evaluated using accuracy, which
utilize the validation set and test set of the voice datasets, fine-tuning estimated
time to ensure the resource used is optimize. Speech-to-Text model will be

evaluated manually to ensure the text and speech is tally.

Sub-Objective 4: To integrate the trained chatbot into a web platform for
seamless accessibility and usability in healthcare institutions.

After all the trained models has achieved optimal phase, it will be integrated
into a web platform to be tested. Simple user-interface will be made to ensure

user have a better experience using the chatbot.

Enhance the accessibility from text only to speech and text

This chatbot enables user to input through speech and response through both
text and speech, which enables more people to be able to use the chatbot. With
the use of voice input, miscommunication and misunderstanding will be greatly
decrease as people will be able to convey more through speech than text.
Personalized user interaction

This chatbot will be using NLP technique which will be able to understand
users’ queries and preferences. The chatbot will be able to understand user’s
queries and provides accurate personalized recommendations. It can also
provide treatment plans, relevant articles and other knowledge related to TCM

tailored to users’ needs.

Project Scope and Direction

This project will involve the development of a voice-assisted chatbot to provide users

with information and nonclinical recommendations related to Traditional Chinese

Medicine, including herbal remedies, acupuncture and dietary advise.

The key features of the project include:

L
IIL.
I1I.

The chatbot will allow user to use speech as input and output
The chatbot will be able to generate summarized response to user

The chatbot will response with natural language
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IV.

VL
VIL
VIIL.

The chatbot allow users to retrieve information about Traditional Chinese
Medicine

The chatbot will be able to provide nonclinical suggestions for user

The scope of the data is text and voice data

Language used for the model is English and Mandarin

Method used to train and finetune model is LORA, ChatGLM4-9b-chat
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1.5 Contributions

The contribution is twofold, where the first is language model of text and voice for
English and mandarin while the second is the website integration of the model. A voice-
assisted TCM chatbot that accommodates users with disabilities, elderly populations,
and individuals who may struggle with text-based interfaces. By providing a voice
input/output mechanism, the chatbot enhanced the accessibility for a broader range of
users, including those with physical impairments, vision problems or literacy
challenges. The voice-assisted Al chatbot also revolutionize the traditional ways of
consultation approach, patient no longer have to wait for long queue to enquire
information or to make appointment, increasing the workflow efficiency Moreover, it
also adapts effective communication, patient no longer have to use certain words or
prompt to get the information they needed, with the implementation of NLP, natural
language can easily be understand by the chatbot, making communication easier and

less stressful.

Furthermore, this voice-assisted medical chatbot also serves as a knowledge banks for
anyone who wish to learn more about traditional Chinese medication for education
purposes. This voice assisted Al chatbot has been made through analyzing and learning
previous data about traditional Chinese medication and hence it has the ability to offer
detailed insights into TCM treatments, principles and practices, providing a more
holistic understanding of healthcare. Personalized health support can also be
provided by this chatbot in order to handle users’ queries. With the utilization of
transformer model, user inputs will be analyzed and a personalized recommendation
will be provided based on TCM principles such as ratio of herbals remedies, lifestyle
suggestions and even diets recommendations. With the tailored approach, a more
patient-centric healthcare experience is achieved which will soon replace the

traditional ways of consulting a medical professional.

In summary, the voice-assisted TCM chatbot leverages technology to make traditional
Chinese medicine more accessible to a wider audience while introducing a novel
approach to medical consultation. By focusing on patient-centric care, the chatbot
enhances healthcare efficiency without overburdening the system. It reduces the need

for manpower by addressing routine patient queries through preliminary consultations,
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ultimately improving the overall efficiency of medical field. This project creates a
valuable resource that not only facilitates communication but also empowers

individuals to take an active role in their health and well-being.

1.6  Report Organization

The details of this development are shown in the following chapters. In Chapter 2, some
previous system or project is being reviewed and studied. Chapter 3 proposed a detailed
solution for improvising the existing problem from existing project or system in which
it contains the flowchart of this project in details. In Chapter 4, shows the preliminary
action that has been taken, where the details and images is shown and explained.

Chapter 5 consist of the conclusion for this current report.
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CHAPTER 2

Literature Reviews

The increasing diversity in global populations has highlighted the need for inclusive
healthcare systems capable of providing 24/7 assistance. Traditional healthcare systems
often struggle to address the linguistic [ 14] and cultural diversity of patients leading to
gaps in care [15]. In healthcare, chatbots can address a wide range of healthcare related
questions, offering personalized advice and recommendations, which can lead to
improved patient outcomes [16]. However, the existing chatbots lacked advanced
contextual understanding and domain specificity, resulting in frequent inaccuracies in
their responses. Their limited language comprehension capabilities hindered their
ability to engage in natural, human-like interactions, leading to user experiences that
felt robotic and disconnected [17]. Hence, the chatbots that need to respond
empathetically to user inputs in order to improve user satisfaction [18].Voice-assisted
chatbots have emerged as a promising solution to bridge these gaps by offering real-
time, multilingual support. However, the accuracy of these systems is heavily
dependent on the quality of speech-to-text (STT) transcription and intent recognition
[19].Misrecognition of speech due to accents, background noise, or homophones

remains a significant barrier to effective implementation[20].

Transformer-based models, such as XLM-RoBERTa, have revolutionized natural
language processing (NLP) by enabling cross-lingual understanding and transfer
learning. For example, BERT and ELECTRA are utilized to improve the understanding
and generation of responses in healthcare chatbots [21] These models excel in
processing natural language, allowing chatbots to engage in complex dialogues and
manage user queries effectively. XLM-RoBERTa, in particular, has been widely
adopted for tasks requiring multilingual text analysis due to its ability to handle multiple
languages with high accuracy [22]. XLM-RoBERTa achieves an impressive 98.57%
accuracy in intent detection, demonstrating its ability to discern user intentions
effectively [23].The model's contextual understanding allows it to adapt to different
languages and datasets, enhancing user interaction in diverse environments. However,

its application in healthcare-specific contexts, such as Traditional Chinese Medicine

10
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(TCM), remains underexplored. Fine-tuning transformer models for domain-specific

tasks has been shown to enhance their performance in specialized fields [24].

Recent advancements in STT models have significantly improved the accuracy of
speech transcription. Deep learning-based models, such as Google’s Wave2Vec 2.0
[25] and OpenAl’s Whisper, have demonstrated state-of-the-art performance in
multilingual speech recognition. However, these models still face challenges in
handling noisy environments [26] and diverse accents [27] particularly in low-resource
languages. Integrating STT models with contextual understanding systems, such as
transformer-based models, has shown promise in improving intent recognition

accuracy[28].

Combining STT models with transformer-based text models offers a multimodal
approach to intent recognition, addressing the limitations of standalone systems. Recent
studies have demonstrated the effectiveness of such integrations in improving the
accuracy of intent detection, particularly in noisy or multilingual environments [29].
For instance, the integration of Whisper with BERT-based models has shown
significant improvements in intent recognition for healthcare applications. However,
challenges remain in handling phonology errors and misrecognized words in STT

outputs, which can lead to misinterpretation of user intents [30]

The development of bilingual chatbots for healthcare applications has gained traction
in recent years. These systems aim to provide seamless communication in multiple
languages, addressing the needs of diverse patient populations Dadich et al., 2024. For
example, a bilingual chatbot developed for diabetes management demonstrated
improved patient engagement and satisfaction [31]. However, existing systems often
lack domain-specific knowledge, particularly in specialized fields like TCM limiting

their effectiveness [32].

While significant progress has been made in STT and transformer-based models,
several gaps remain. First, the integration of these models for bilingual healthcare
applications, particularly in TCM, is underexplored. Second, the impact of phonology
errors in STT outputs on intent recognition accuracy requires further investigation.
Finally, there is a need for robust evaluation frameworks to assess the performance of

multimodal chatbots in real-world healthcare settings [33].

11
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This research aims to address these gaps by developing a bilingual voice chatbot for

UTAR Hospital that integrates a state-of-the-art STT model with a fine-tuned XLM-

RoBERTa model for accurate intent recognition in TCM-related queries. By leveraging

a multimodal approach, the proposed system will enhance the accuracy of speech

transcription and intent detection, providing a scalable solution for diverse patient

populations.

Speech-to-Text Framework

The standard Speech-to-Text framework, on which this research is based, will be

thoroughly investigated. It consists of four key stages: Speech Input Acquisition,

Feature Extraction, Decoder, and Word Output.

1.

Speech input acquisition: This process captures spoken audio through a
microphone or recording device [34]. The analog signal is converted into a
digital format through sampling and quantization [35], ensuring clarity and
reducing noise. This step is critical because the quality of the input directly

impacts the accuracy of the entire system.

Feature extraction: This process transforms the raw audio signal into
meaningful features, such as Mel-Frequency Cepstral Coefficients (MFCCs) or
spectral features, or others. These features represent the unique characteristics
of the speech, such as phonemes, and reduce the complexity of the data while
preserving essential information for recognition. This step is crucial for
enabling the system to analyze and interpret the audio effectively. Following

are common feature extraction techniques used for feature extraction task:

1. Mel-Frequency Cepstral Coefficients (MFCCs): MFCCs are one of the
most widely used features in speech recognition. They mimic the human
auditory system by converting the frequency spectrum of the audio into
a Mel scale and then applying a discrete cosine transform to extract

coefficients [36].

2. Spectral Features: Features like the Short-Time Fourier Transform
(STFT) and spectrograms are used to analyze the frequency content of

the audio over time. These features provide a visual representation of

12
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the speech signal, which is useful for both traditional and deep learning-

based systems

Perceptual Linear Prediction: PLP is another feature extraction
technique that models human hearing more accurately by applying

psychophysical concepts like loudness and critical band analysis [37].

Deep Learning-Based Features: Modern systems often use deep learning
models, such as Convolutional Neural Networks (CNNs) or Recurrent
Neural Networks (RNNs), to automatically learn features from raw
audio. For example, WaveNet and Wav2Vec [38] directly process raw
waveforms to extract high-level features without manual engineering.
Another approach, based on self-supervised learning models like
Wav2Vec 2.0 [39] have revolutionized feature extraction by learning

representations from large amounts of unlabeled audio data.

End-to-End Feature Learning: In end-to-end systems, feature extraction
and recognition are combined into a single model. For instance,
Transformer-based architectures (e.g., Whisper by OpenAl) directly
map raw audio to text, eliminating the need for explicit feature

extraction.

3. Decoder: This is the core process that matches the extracted features to the most

likely sequence of words. It uses acoustic models to map features to phonemes

or words and language models to predict word sequences based on context and

grammar. Modern systems often employ advanced machine learning

techniques, such as deep neural networks or Transformer-based architectures,

to improve accuracy and efficiency. The decoder balances precision and

computational speed, especially in real-time applications. Some of the

techniques used in modern decoders are such as follows:

1.

Deep Learning-Based Decoders: Use deep learning architectures, such
as Recurrent Neural Networks (RNNs), Long Short-Term Memory
(LSTM) networks, or Gated Recurrent Units (GRUs), to model temporal
dependencies in speech [40].

13
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2. Attention Mechanisms: Models like Listen, Attend, and Spell (LAS)
[41,42] and Transformer-based systems (e.g., OpenAl’s Whisper) use

attention mechanisms to directly map audio features to text [43].

4. Word output: This process produces the recognized text as the final result. This
step often includes post-processing to refine the output, such as adding
punctuation, correcting grammar, and formatting the text for readability. The
accuracy of the output depends on the performance of the previous stages, and
advancements in technology continue to enhance the overall quality of speech-
to-text systems. This final text can be used in various applications, such as

transcription services, voice assistants, and real-time communication tools[44].

14



CHAPTER 3

CHAPTER 33

System Methodology/Approach
3.1 Methods

This project will be implementing Agile methodology, as it allows the development to
be iterated from design phase after testing it. The purpose of choosing agile
methodology is because of the flexibility for test and refine before deploying, ensuring
the workability and quality of the development. The testing phase is to make tests,
benchmarks, and analyze the system for further improvement, in order to create a better
version of the system before deploying it. If the system does not met the threshold

requirement, it will loop back to design phase and make modification.

Figure 4.1 Agile Methodology [45]
o Requirement phase

The main purpose of this phase is gathering and defining the requirement needed to
build this system including the datasets about TCM needed, core functionality such as
voice interaction, healthcare information retrieval, and integration with hospital

system.

o Design Phase
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In this phase, system architecture, system design and prototype will be defined based
on the identified requirement. The prototype will be developed referencing to the

blueprint to ensure the user-friendly and accessibility of the system.
o Develop Phase

Develop phase is the phase that real working is getting done. Actual coding and
development of the chatbot is started here following Sprint planning to ensure the

development process is well managed.
e Test Phase

Testing phase, is the phase to validate the chatbot’s functionality and quality. Few kind
of testing will be done such as unit testing, integration testing and user testing to ensure
each part of the chatbot will work properly and if the chatbot meets the client’s
requirements. Any feedback and error will be recorded to be revaluate again in the

design phase.
¢ Deploy phase

Once every part of chatbot is validated, the chatbot is now ready to be deploy and serve

the user.
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3.2 System Design Diagram/Equation

3.2.1 System Architecture Diagram
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Client Application
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3.2.2 Use Case Diagram

\

TCM ChatBot System

Generate TCM Response

Actor

User

An end-user who speaks Traditional Chinese Medicine (TCM) questions into their

device and listens to the spoken answers.

Use Cases

1. Speak Query

o

Goal: Capture the user’s spoken question about TCM.

Preconditions: The user has the application open and microphone access

granted.

Main Flow:
1. User clicks “Start” or otherwise signals they’re ready.
2. The system records a short audio snippet.

Postconditions: Audio data is available for transcription.

2. Transcribe Speech

Goal: Convert the recorded audio into text.
Preconditions: A valid audio snippet exists.
Main Flow:
1. The audio buffer is sent to the Whisper STT module.
2. Whisper processes the audio and returns a text transcript.

Postconditions: A text string representing the user’s query is produced.
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3. Generate TCM Response
o Goal: Use the fine-tuned ChatGLM model to craft an expert reply.
o Preconditions: A valid text query is available.
o Main Flow:

1. The transcript is tokenized and passed into the PEFT-fine-tuned
ChatGLM.

2. ChatGLM generates a contextually appropriate TCM answer.
o Postconditions: A text response is ready for formatting.
4. Provide Text Response
o Goal: Format and prepare the model’s reply for synthesis.
o Preconditions: The model has returned a raw text string.
o Main Flow:

1. The system wraps the reply in any Ul templates, logs it to history,
and queues it for TTS.

o Postconditions: The response text is stored and ready for speech

conversion.
5. Convert to Speech
o Goal: Produce audible output so the user can “hear” the answer.
o Preconditions: A queued response text is available.
o Main Flow:

1. The text is sent to the gTTS module (with language/TLD
fallback).

2. gTTS returns an MP3 (or WAV) file.
3. The system plays the audio back through the device speakers.

o Postconditions: The user hears the spoken TCM advice.

19



CHAPTER 3

3.2.3 Activity Diagram

Record Audio

Transcribe via Whisper

!

Append user input to history

!

Tokenize & format input

I

Generate response Yes

'

Decode tokens to text

I

Append assistant response

'

Speak via gTT1S

More guestions?
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Chapter 4 System Design

4.1 System Block Diagram

Speech-to-Text Module

Persistence

Client Application

Ul & Audio /O

Audio Capture

| WhisperProcessor |4‘_’ Model Checkpoints Transcript Logs

Generated Audio Files

WhisperModel

ChatGLM Tokenizer

gTTS Synthesizer

Dialogue Module

PEFT-ChatGLM Model

Conversation History

<.

Text-to-Speech Module

A 4

Audio Queue

4.2 System Components Specifications

Audio Playback

Component

Responsibility

Key Technologies /

Versions

UI & Audio I/O

Manages UI, microphone &
speaker I/0O

PyAudio
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Key Technologies /
Component Responsibility
Versions
. Pre-/post-processing for transformers v4.x,
WhisperProcessor ) ) )
Whisper input/output torchaudio
. . . Finetuned whisper
WhisperModel Transcribes audio — text .
checkpoint
_ Tokenizes/chat-formats ) )
ChatGLM Tokenizer ChatGLM-Tokenizer library

conversational text

LORA-ChatGLM
Model

Generates TCM-expert

responsces

Finetuned ChatGLM-4B +
LORA adapters

gTTS Synthesizer

Converts text — audio

gTTS v2.x, fallback TLD

logic

Audio Queue

Buffers synthesized audio for

playback

Python queue.Queue

Persistence Layer

Reads/writes model checkpoints

and audio files

File system
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4.3 NLP framework — User Interaction

P
Voice Data

»|Speech-to-Text Model

~—

Y

Text data

~ "

Data Prerprocess

normalise text format Fine-Tuned LLM
and syntax Model

Text Output

O

—_——

Text-to-Speech Model

—_—

Y

Output

Figure 4.3.1 Voice Assisted Chatbot User Interaction Flow

Figure 4.3.1 illustrate the user interaction flow of the voice-assisted TCM chatbot. The
chatbot will first capture voice input such as user request for information, a question,
illness symptoms or any form of queries related to TCM. The chatbot will then convert
the voice into text using Speech-to-text-model. After the conversion, the text input is
then put into preprocessing phase which is normalizing the text format and syntax to be
fed into the LLM Model. This step is important as it will improve the accuracy of the
chatbot understanding the user’s query by removing the data noise.

The processed data will be processed by the tuned model. The tuned model will analyze
the data and perform searches from the processed data storage to find the most suited
solution for user’s queries. It will then generate the response and send to the text-to-
speech model for another transform. The final output will be in voice which is sent out

to the user.
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4.4 Speech-to-Speech Framework — Model Building

d N
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Figure 4.4.1 Chatbot Development Flow

Figure 4.4.1 depicts the systematic process of developing a voice-assisted Traditional
Chinese Medicine (TCM) chatbot. The development framework begins with data
preparation, followed by data preprocessing, model training and finally model
evaluation and deployment.

The project initiates with the collection and preparation of relevant data,

focusing on TCM-specific knowledge, including herbs, symptoms, and treatments. This
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data forms the foundation for training the chatbot. Data sources include repositories
like Kaggle and UCI Machine Learning Repository, Hugging Face, and Github, which
offer comprehensive datasets. In addition to text data, voice data is also collected for

training the speech recognition and text-to-speech components of the chatbot.

During the data preprocessing, the voice data will undergo noise labelling, to
ensure chatbot is robust in real-world scenarios where background noise is present. The
voice data is then segmented into smaller, manageable parts to improve the accuracy of

subsequent speech recognition process.

When data is done preprocessing, it will be split into train and test dataset with
the ratio of 80:20. Training data is used for model development, while the testing data
is reserved for evaluating the model’s performance, ensuring it can generalize to new,

unseen data.

Training data will then be fed into a pipeline after splitting where it undergoes
further processing. This prepares the data for speech recognition model, which is
trained to recognize speech even in noisy conditions. While text data is tokenized and
normalized, converting it into a format that the model can efficiently process. The
transformer model, with a large language model at its core, is configured to handle both
text and voice data. The text data is vectorized and stored in vector storage, linked to
the transformer for efficient similarity searching. The model also incorporates speech
recognition (ASR) and text-to-speech (TTS) components, enabling voice interaction

with the chatbot.
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Chapter 5 System Implementation

5.1 Setting up

5.1.1 Software

Before starting to develop the Voice Assisted Al chatbot, there are 2 main software

needed to be installed:

1. PyCharm CE version 2024.1.4
2. Python 3.12

5.1.2 Libraries

This project also requires some important libraries to be installed in the IDEs, which in

this case is PyCharm:

1.

NLTK

A library for NLP tasks which provide tools for tokenization,
lemmatization, and other linguistic data analysis.

Transformers

Library by Hugging face that provides pretrained models. It facilitates
model fine-tuning and deployment for task like question answering.
Jieba

A library for Chinese text segmentation, which allow splitting of
Chinese text into meaningful words or phrase.

Numpy

Library for numerical computing in Python such as operations on array,
mathematical computations and data manipulations.

Torch

A deep learning framework used for building, training , and deploying
machine learning models.

PEFT

Library to fine-tune LLM without modifying the entire model. It
reduces the resources consumption during training by adapting only a

subset of parameters.

. Os
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10.

11.

12.

13.

14.

os.path.isdir, os.makedirs, os.path.isfile: filesystem checks for
existence of directories/files.Used to clear stale offload folders,
create a “manifests” directory, and verify that audio paths exist

before processing.

Shutil
shutil.rmtree: remove a directory tree.
Cleans up the ./offload folder if it exists to avoid stale model

shards.

Json
json.load /json.dumps / open(...).write: read and write JSON

manifests of audio transcripts or dialogue examples

Argparse
argparse.ArgumentParser, add argument, parse args: parse
command-line flags such as --checkpoint_dir, --audio_manifest, -

-build manifests, etc., to control which evaluation routines to run.

Soundfile
sf.read(path): load waveform and sample rate from various audio
file formats.

Used in load_audio to read input audio before any resampling.

Librosa
librosa.core.resample(y, orig_sr, target sr): convert audio from its
original sampling rate to the model’s required rate

(SAMPLING RATE).

Jiwer

wer(refs, hyps): compute Word Error Rate to evaluate ASR
performance.

cer(refs, hyps): compute Character Error Rate.Both metrics are

printed in evaluate asr

Evaluate (Hugging Face’s evaluate library)
evaluate.load("rouge"): load the ROUGE metric for
summarization-style evaluation.

evaluate.load("bertscore"): load BERTScore for semantic
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similarity.
Used in evaluate 1lm to assess LLM-generated TCM responses

against references.

15. Datasets
load dataset(...): fetches datasets from the Hugging Face Hub.
In build manifests, loads (1) Common Voice Chinese speech for
ASR examples, and (2) the ShenNong TCM Dataset for

dialogue examples, then writes them to JSON manifest files.

5.2 Settings and Configurations

5.2.1 Data Preparation and Preprocessing for Text data

The dataset used in this project is found from hugging face. This dataset contains query
and responses related to TCM. The datasets contains 135 rows and only 2 columns
which is query and response. Query column consists of the question, inquiry and request
about TCM is conversational formats while responses column consists of the respond

of the query in sentences form as well.

R R R e R e R R R R e

I ]
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FigureS.2.1.1 Original Datasets format

Figure 5.2.1.1 shows the format and syntax from the original datasets which is in .jsonl

format. The syntax for the datasets is “query:” then proceeding with “response”.

28



Chapter 5

“Query” refers to the inputs in this datasets and the target variable is the “Response”.
However, the LLM model used in this project does not fine tune with such syntax,

hence normalization of datasets syntax is required.

, "content":

Figure 5.2.1.2 Transformed syntax of dataset
In figure 5.2.1.2 is a perfectly transformed and normalized syntax of the datasets.
“messages” is stated as an indicator of a new line of data. The format proceeded with
the “roles”, “content”, and “roles”, “content” again. As the chatbot in this project only
do single respond to single queries, the “role” will firstly be the user and the “content”
will be the messages of the user. For the respond, the role will be the “assistant” in
which depicts the model itself, and the proceeding “content” refers to the sentence the

chatbot will respond. After the transformation is done, the datasets will then be exported

in .jsonl format.

5.2.2 Data Splitting

The processed data is then split into training sets and test sets with the ratio of 8:2. The
splitted datasets will then be fed into the base models together with a LORA config

files to undergo a fine-tuning process. LORA config file is needed because the fine-
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tuning process used in this project is LORA(Low-Rank-Adaptation of Large Language
Models)

5.2.3 LORA config parameters testing

training_args:

output_dir: ./output

max_steps: 3000

learning_rate: 5e-4

per_device_train_batch_size: 1
dataloader_num_workers: 16
remove_unused_columns: false

save_strategy: steps
save_steps: 500

log_level: info
logging_strategy: steps
logging_steps: 10

o

per_device_eval_batch_size: 4
eval_strategy: steps
eval_steps: 500

Figure 5.2.3 LORA Configuration Parameters

Figure 5.2.3 shows parts of the parameters in the LORA configuration files. The
“max_steps” indicated the maximum iteration of learning in which is sets to 3000 in

this project. “learning rate” is the amount of fluctuation for each step which is 5e-4.
proj g p
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“remove_unused_columns” is set to false such that when one of the columns is empty,

it will still takes the other input to learn as it will also be related to TCM.

5.2.4 Data Preparation and Preprocessing for Voice data
The Mozilla Common Voice 13 dataset is also available via the Hugging Face Hub.

This dataset contains paired audio recordings and their corresponding text

transcriptions for use in automatic speech recognition:

Figure 5.2.4.1 Common Voice Dataset
Figure 5.2.4.1 shows the columns and some rows of the datasets. It comprises over one
million examples (i.e. audio—text pairs) and exposes only two primary columns when
loaded via the dataset’s library: Audio, Sentence. Audio column contains short speech
utterances (MP3 or WAV) contributed by volunteers around the world. Sentence
column provides the exact text transcript of each utterance, normalized and cleaned for
ASR training. Beyond these two fields, the full release also includes optional metadata
such as speaker age, gender, and accent, which can be leveraged for speaker-conditional

modeling or data filtering.
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ataset_config_names(

if

(ds), MAX_SAMPLES)))

dataset = dataset.filter(is_valid,
Figure 5.2.4.3 Filter for invalid examples
Figure 5.2.4.2 shows the process of loading and preparing voice data. It starts by
deciding how much of each language’s recordings to use. Two settings at the top:
SPLIT_PCT and MAX_SAMPLES control this: SPLIT_PCT (e.g. 10) means “take
10% of the data for each language,” while MAX_SAMPLES (e.g. 5000) caps that slice
so you never load more than 5,000 clips. Internally, it builds a “split argument” called
split_arg (e.g. "train [:10%]") which tells the loader to grab just that fraction. It then
calls load_dataset(..., split=split_arg) for English, Chinese, and Malay, resamples

every audio file to a uniform 16 kHz quality, and shuffles and truncates if needed. After
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loading, each clip is tagged with its language code via a small .map(lambda x:
{"lang": code}) step. Finally, the three language-specific lists are merged into one big
“multilingual” list and .filter(is_valid) drops any entries with missing audio or missing

text as shown in figure 5.2.4.3.

, lang_map):

_prompt_ids(

prompt_ids = [int(i) for i in flatten_ids(raw)]

Figure 5.2.4.4 Preprocessing voice data
Before teaching the model, every example must be turned into numbers. The code
wraps the data in a custom WhisperDataset class, so it behaves like a ready-made
batch provider. Inside its __getitem__ method, each audio clip is passed to processor
(audio=..., sampling_rate=16000, return_tensors="pt") to extract a log-mel
“fingerprint”—think of it like a unique numeric signature of the sound. The text
transcript is tokenized into a list of numeric IDs (processor.tokenizer(...).input_ids).
There’s also a small “prompt” made by processor.get decoder prompt ids

(language =..., task =""transcribe') that tells the model which language it’s dealing
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with. Because these prompts can come in nested lists or tensors, a helper function called

flatten_ids walks through and flattens them into a simple list of integers.

torch.stack([item["1i t t ] for item in batch])
[item[ "1 1s"] for item in batch]

padded = torch.nn.utils.rnn.pad_sequence(

=

=processor.tokenizer.pad_token_id

Figure 5.2.4.5 Collator
Figure 5.2.4.5 shows prompt IDs and transcript IDs are stitched together into a single
label sequence. A separate data_collator then batches these by stacking feature tensors
and padding every label sequence to the same length, so each training batch is a neat

rectangle of numbers.

5.2.5 Training of voice data

training_args Se qTrain guments(

trainer

Figure 5.2.5.1 Training whisper model
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Figure 5.2.5.1 shows the loading of Whisper model and its matching processor via
from_pretrained(" openai/whisper-base"). It sets up training options in a
Seq2SeqTrainingArguments object—such as where to save outputs (output_dir),
batch size (per_device train_batch_size), number of passes over the data
(num_train_epochs), and learning rate. All of this, plus the WhisperDataset and
data_collator, goes into a Seq2SeqTrainer, which manages the actual training loop.
Calling trainer.train() then shows the model each batch of audio features and correct
labels, letting it slowly adjust its internal settings to minimize its transcription errors.

Once training completes, trainer.save_model() writes out the fine-tuned model, ready

to transcribe new speech in English, Chinese, or Malay.

"train_runtime': 962

Figure 5.2.5.2 Details during model training
Figure 5.2.5.2 shows some details during model training. In which consists of metrics

like Loss, Grad_Norm, Learning Rate and Epoch.

5.2.6 Preparing for Evaluation

Figure 5.2.6.1 Building Manifest
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Figure 5.2.6.3 dialogue_shennong.json.
Figure 5.2.6.1 shows code to build two manifest files. It loaded Chinese speech clips
from Mozilla Common Voice, selected a subset, and wrote their file paths and
transcripts into asr_commonvoice.json as shown in figure 5.2.6.2. It also loads
Traditional Chinese Medicine dialogues from the ShenNong dataset, selected
examples, and wrote questions and expected answers into dialogue shennong.json as

shown in figure 5.2.6.3

5.2.7 Full Implementation

Figure 5.2.7.1 Treatment for Cold in English
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UT2—BEME TCH &R ERBEER:

BURBCAGRNEGAEREESENTENSS, ARBRAET TCW ELXUREBRELT

Figure 5.2.7.2 Treatment for Cold in Chinese

Figure 5.2.7.3 What is acupuncture in English

Figure 5.2.7.1, 5.2.7.2, 5.2.7.3 is showing a voice-powered chatbot for
Traditional Chinese Medicine (TCM) consultation operates through a continuous
cycle of audio capture, transcription, response generation, and speech synthesis.
Five seconds of audio are recorded at a standard sampling rate and processed by
a Whisper speech-recognition model to produce a text transcription. That
transcription is appended to a conversation history, which includes a constant
system instruction to restrict responses exclusively to TCM topics, before being
submitted to a fine-tuned ChatGLM model enhanced with parameter-efficient
fine-tuning (PEFT). The model’s generated reply is converted into spoken output
by Google’s Text-to-Speech engine, which automatically detects language and
applies an appropriate accent mapping. This loop—record, transcribe, generate,
speak—continues until termination, enabling a seamless, locally hosted spoken-

language consultation with a virtual TCM expert.

5.3 System Operation

(.venv) PS E:\Pycharm_Project\AIchatbot-Still-in-p ess--master> python ut/checkpoint-36000 m*15:w:—r‘~fmﬂ,tllar;fﬁv*i—tmeul

Figure 5.3.3 Transcribe User Audio Prompt to text

37



Chapter 5

© Assistant: Acupuncture is a traditional Chinese medicine practice that involves inserting thin

e body*s Qi (pronounced "chee®"), or vital energy. By stimulating these acupoints with needles, ac

In TCM, acupuncture is often used in combination with other practices, such as herbs, massage, an

reat a wide range of health issues, including pain, stress, anxiety, digestive disorders, and mor

Figure 5.3.4 Generate Output and read out Output

5.4 Implementation Issues and Challenges

During the implementation phase of the system, several technical and functional
challenges were encountered that impacted the performance, usability, and reliability

of the system.

1. Model Size and Hardware Limitations

The fine-tuned ChatGLM and Whisper models used in this project are computationally
intensive. Due to limited hardware resources, especially in terms of GPU memory and
processing power, generating output from the models can take a significantly long time
(sometimes up to 30 minutes or more depending on the complexity of the input). These
delays negatively affect real-time responsiveness, which is critical in a voice-based
interaction system. Additionally, while larger and more accurate models exist, they

could not be fully utilized due to these hardware constraints.

2. Audio Capture Sensitivity and Silence Detection Issues

One major challenge was with audio input capture. The system lacks proper silence
detection. When the system prompts the user to speak and no voice input is given (e.g.,
when the user stays silent), the Whisper model still attempts to transcribe non-existent
audio and outputs incorrect or random text. This behavior results in unintended queries

being sent to the ChatGLM model, leading to confusing or irrelevant responses.

Even after fine-tuning the Whisper model on domain-specific data, its transcription
accuracy is still not ideal. It often misinterprets certain words—especially those related
to Traditional Chinese Medicine (TCM)—and transcribes them incorrectly. This is
likely due to a combination of limited training data, model size, and insufficient

hardware resources for training or inference.
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3. Text-to-Speech (gTTS) Limitations

The gTTS (Google Text-to-Speech) module, used to convert the chatbot’s responses
into audible speech, occasionally introduces inconsistencies. For example, it sometimes
uses a mismatched accent or incorrect pronunciation for specific medical terms or
Chinese-based terminology, which may confuse users or reduce the system's perceived
reliability. These issues appear to stem from the backend limitations of gTTS and its

reliance on internet-based voice engines.

4. Lack of Session and History Management

The current implementation does not support session-based interaction or dialogue
history. Each voice interaction is treated as a single-turn conversation, which means the
system cannot recall previous inputs or maintain context. This limits the naturalness
and continuity of conversations, especially for medical consultations that often require

follow-ups or clarification based on earlier exchanges.

For example, if a user says:

e Turn 1: “I’ve had a headache for three days.”

e Turn 2: “And now I feel nauseous.”

The system processes Turn 2 independently and lacks the contextual memory to
understand that the symptoms are related. Implementing a history-aware memory

module would improve the fluidity and coherence of multi-turn conversations.

5.5 Concluding Remark

The implementation of the voice-assisted Traditional Chinese Medicine (TCM)
chatbot system marks a significant step toward integrating modern Al techniques
with traditional healthcare practices. Despite the absence of a graphical user
interface, the system successfully demonstrates the feasibility of using a terminal-
based interface combined with speech recognition (Whisper), language
generation (ChatGLM), and text-to-speech (gTTS) to facilitate basic voice-

driven consultations.

Throughout the implementation phase, key functionalities were realized,
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including dataset preparation, model fine-tuning, audio input handling, and
speech output. While the core system operates as intended, several challenges
were encountered, particularly related to model size, hardware limitations,
transcription errors, and lack of dialogue continuity. These issues, though
significant, also highlight potential areas for future improvement and system

expansion.

Overall, the project lays a solid foundation for future development toward a more
interactive, context-aware, and robust Al-driven voice assistant for TCM and
related healthcare applications. Further work could include implementing session
memory, upgrading model capabilities, improving audio input handling, and

eventually transitioning to a web or mobile interface for better user accessibility.
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Chapter 6 System Evaluation and Discussion

6.1 System testing and Performance Metrics

Lluate_asr(manif
s, hyps = [1, [

manifest:

r, whisper_model, wav)

Figure 6.1.1 ASR Evaluation
Figure 6.1.1 shows the code for ASR Evaluation. For each entry in the audio manifest,
the script read and resampled the audio (sf.read + resample), transcribed it with
Whisper, then computed Word Error Rate (WER) and Character Error Rate (CER)
against the ground-truth transcript. Average WER and CER were printed. the ASR
pipeline read the test manifest (built from Common Voice “test” split) and, for each
audio example, performed identical preprocessing steps: loading via sf.read(path),
resampling if the sample rate differed (librosa.core.resample), and normalizing to the
Whisper model’s expected format. It then ran inference under a no-gradient context (so
weights stayed fixed) using whisper.decode to produce a predicted transcript. To
validate accuracy, it computed Word Error Rate (WER) by measuring the Levenshtein
distance between predicted and reference word sequences, divided by the number of
reference words; Character Error Rate (CER) was computed similarly at the character
level. These per-example errors were averaged to yield final WER and CER scores,
which were printed as percentages. This ensured that every test utterance contributed

equally to the overall error metrics.
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Figure 6.1.2 LLM Evaluation

Figure 6.1.2 shows the evaluation code for LLM. For each dialogue example, it

constructed a TCM-expert prompt, generated a reply via the LLM, and compared that
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reply to the reference answer using ROUGE-L and BERTScore. The script then
printed the average ROUGE-L and BERTScore Fi.

Concurrently, the dialog pipeline read each {text, reference} pair from the TCM
manifest. For each user question, it constructed a prompt that explicitly framed the
model as a “Traditional Chinese Medicine expert,” then invoked glm.generate(...) with
fixed generation parameters (max tokens, temperature, etc.). The generated answer
was compared to the expert reference using two complementary metrics: ROUGE-L
(measuring longest common subsequence overlap) via rouge scorer.score, and
BERTScore (measuring semantic similarity in embedding space) via bertscore (...,
lang=""zh""). Each example produced a ROUGE-L F-measure and a BERTScore Fi;
these were averaged across all examples to yield final scores between 0 and 1. By using
both lexical (ROUGE) and semantic (BERTScore) metrics, the script validated not only

surface-level word overlap but also deeper meaning alignment.

6.2 Testing Result

for your v

e attention mask 1is not s{
WER: 14.420
CER: 6.281

o
m m
=0

=

Figure 6.2.2 ASR evaluation result for using Chinese English Malays Dataset to
finetune

e Word Error Rate (WER) measures the percentage of words the model got

wrong; lower is better. The multilingual model achieved just ~1.1% WER

versus ~14.4% when fine-tuned on Chinese alone—a more than ten-fold

reduction in word errors.
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e Character Error Rate (CER) measures the percentage of characters mis-
recognized. Here the multilingual model had ~0.55% CER compared to ~6.3%

for the Chinese-only model, again roughly a ten-fold improvement.

Figure 6.2.1 and 6.2.2 shows 2 evaluation result. Adding English and Malay data during
fine-tuning appears to have greatly improved the robustness of the acoustic model, even
on purely Chinese test audio. The extra languages likely helped the model learn more
generalized speech representations (better handling of phonetics, noise patterns, etc.),

which transferred back to stronger Chinese transcription performance.

BERTScor
BERTScor

BERTScor

Figure 6.2.3 LLM Evaluation result
Figure 6.2.3 shows two complementary views of the ChatGLM model’s output quality.
First, the ROUGE-L score of 0.252 shows that on average only about 25 % of the
longest common subsequences in the generated answers match the reference texts—so
there’s relatively low word-for-word overlap. In contrast, the BERTScore metrics
(Precision = 0.690, Recall = 0.670, F: = 0.678) indicate much stronger semantic
alignment: roughly 68 % of the meaning-bearing tokens in the responses correspond to
those in the references. In practical terms, the model tends to rephrase or paraphrase
content effectively—capturing the intended meaning—rather than copying phrasing
verbatim. This suggests that surface-level matching can still be improved (e.g. through
more targeted vocabulary or templating), the core understanding and relevance of its

answers are already quite solid.

6.3 Project Challenges

During the development of the voice-assisted chatbot for Traditional Chinese
Medicine (TCM), several challenges were encountered. Firstly, the integration of

speech-to-text and text-to-speech modules with natural language understanding
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posed synchronization issues, especially when managing multiple languages.
Recognizing dialectal differences and ensuring accurate interpretation in both
English and Chinese required meticulous data curation and tuning of language

models.

Secondly, training large transformer-based models such as ChatGLM-4B
demanded substantial computing resources. While LoRA fine-tuning mitigated
some of the resource constraints, balancing training speed, memory consumption,
and model performance was a constant trade-off. Additionally, sourcing a clean
and domain-specific dataset for TCM advice in multiple languages presented

significant difficulties, impacting the chatbot’s initial response accuracy.

Finally, evaluating user interactions in a healthcare context involved ethical
considerations, particularly when simulating potential medical advice. The
chatbot had to be carefully aligned to avoid giving harmful or overly specific
recommendations, focusing instead on general guidance and redirection to

professional help when necessary.

6.4 Objectives Evaluation

The project set out to design and implement a voice-assisted chatbot for
healthcare institutions, with a specific focus on delivering TCM-related

information. The main objectives were:

o To develop a speech-to-speech framework using transformer-based
models: This objective was successfully achieved. The final system
integrates ASR (Automatic Speech Recognition) and TTS (Text-To-
Speech) with a transformer-based NLP core, enabling seamless voice

interaction.

e To support bilingual interactions (English and Chinese): This was
accomplished by fine-tuning the model on bilingual textual datasets and

evaluating responses in both languages.

e To provide general TCM advice with clarity and accuracy: Using
domain-specific data and structured responses, the chatbot can now offer
herbal, dietary, and lifestyle suggestions based on TCM principles.

However, accuracy can be improved with broader datasets and additional
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post-processing techniques.

e To enhance accessibility for elderly and disabled users: The use of
voice interaction has demonstrably reduced the need for text-based

navigation, aligning with the inclusivity goal.

In summary, most objectives were achieved within scope, with noted limitations

in data comprehensiveness and model optimization due to hardware constraints.

6.5 Concluding Remark

This project demonstrates the feasibility and potential of integrating large
language models and speech processing technologies in the healthcare domain,
specifically within the realm of Traditional Chinese Medicine. While technical
limitations and data availability posed challenges, the chatbot effectively
showcases how Al can enhance accessibility, especially for underserved
communities. Continued development with broader datasets and enhanced
evaluation frameworks can further refine the system, making it more robust and

impactful.
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CHAPTER 7: CONCLUSION AND

RECOMMENDATION

7.1 Conclusion

The development of the voice-assisted TCM chatbot marks a significant step
toward Al-enhanced, inclusive healthcare. By leveraging transformer-based
models, the system can understand user queries in multiple languages and deliver
informative, culturally relevant health advice. The integration of speech-to-
speech interaction provides a more natural interface for elderly or disabled users,

removing common barriers in digital health solutions.

Throughout the project, technical hurdles such as fine-tuning models, resource
management, and multilingual NLP were addressed with adaptive strategies. The
final system is not only a functional prototype but also a foundation for future
healthcare Al applications, capable of evolving through continued feedback and

model enhancement.

7.2 Recommendation
For future iterations and deployments, several recommendations are proposed:

1. Expand the Dataset: Incorporating more extensive and medically

reviewed bilingual datasets can improve chatbot accuracy and coverage.

2. Enhance Model Robustness: Transitioning to more efficient models or
utilizing cloud-based training infrastructure can allow for better

scalability and faster iterations.

3. Include Safety Filters: Integrating health-specific ethical checks or
disclaimers is essential to prevent misinformation and ensure safe

interaction with users.

4. User Testing and Feedback: Conducting real-world user testing—
especially among the elderly and visually impaired—can guide usability

improvements and identify critical gaps.

5. Mobile Application Integration: Embedding this chatbot within a

mobile application would increase its accessibility and adoption in
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practical healthcare settings.

By addressing these areas, the chatbot can evolve into a highly reliable tool for
both patients and healthcare providers, promoting personalized and accessible

healthcare across communities.
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Appendix

Poster

DEVELOPMENT of A VOICE-ASSISTED TCM

CHATBOT USING TRANSFORMER-BASED
TECHNIQUES

Introduction Objectives

* To develop a voice-assisted chatbot that offers
This project develops a voice-assisted chatbot accurate, culturally sensitive TCM advice.

tailored for Traditional Chinese Medicine « To enhance healthcare accessibility for users in
(TCM), addressing accessibility challenges for remote areas or with disabilities.
the elderly, disabled, and those in remote « To integrate advanced speech recognition and
avens. NLP techniques for effective interaction.
Proposed Method Why is it better
« Data Preparation: Transform
TCM datasets for conversational * Voice-Friendly: Accessible for
Al preprocess woice data for users with disabilities or low
diverse accemts and noisy literacy.
settings. « Culturally Relevant: Provides
» N Wi i accurate TCM-focused advice.
GGl wing LORA for « Adaptive: Learns user
efficient training.
« Integration: Combine NLP with interactions for comfinuous
speech recognition for a user- improvement.

friendly, web-based platform.

Conclusion

The proposed chatbot revolutionizes TCM consultation by providing an accessible, efficient,
and culturally sensitive solution. It bridges gaps in healthcare communication, enhances
patient engagement, and reduces the workload on medical professionals. Future work will
focus on refining speech models and expanding the chatbot’s knowledge base for broader
adoption.
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