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Acupuncture and moxibustion treatment (AMT), a core component of
traditional Chinese medicine (TCM), has been widely used to restore bal-
ance and alleviate pain by stimulating specific acupoints. However, acu-
point prescription remains highly dependent on the clinical experience
of individual practitioners, leading to considerable variability and a lack
of standardized protocols. Although large amounts of clinical knowledge
have been accumulated over thousands of years, systematic methods for
objective analysis and knowledge discovery are still limited. Artificial in-
telligence (Al), particularly Machine Learning, has shown great potential
in AMT by uncovering data-driven patterns that support clinical decision-
making, in particular identifying acupoint selection from large-scale data
and developing personalized treatment prescriptions. Nevertheless, its
application in AMT still faces critical challenges, including data quality,

model reliability, and clinical trustworthiness.
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This thesis presents an intelligent AMT support system designed to over-
come the limitations of traditional acupoint selection. By integrating a
hierarchical classification framework with interpretable machine learning,
the system provides personalized acupoint prescriptions and enhances the
transparency of clinical decision-making. With physician oversight, the
system integrates Al recommendations with human expertise to ensure

alignment with TCM principles and established clinical standards.

Specifically, to address the challenges of data quality, model reliability,

and clinical trustworthiness, this study conducted the following work:

We built a dataset of 5,000 cases covering 159 diseases and introduced a
tailored data augmentation method, expanding it to 10,138 samples. This

establishes a foundation for future data expansion.

Based on our analysis of AMT data from a machine learning perspective,
we adopted the Hierarchical Attention-based Recurrent Neural Network
(HARNN) model for hierarchical classification tasks in this domain and
validated its performance and applicability through extensive computa-

tional experiments.

To further enhance the reliability and interpretability of machine learning
results, we introduced the Local Interpretable Model-Agnostic Explana-
tions (LIME) method into the field of AMT.

Building upon this, we design an Al-assisted physician decision-making
framework, integrating Al recommendations with physician expertise to
ensure that Al-driven AMT aligns with TCM principles and clinical stan-
dards. Finally, we implement the system using Streamlit, providing an

interactive interface for Al-assisted clinical decision-making.

The computational experiments demonstrated that on the original dataset
of 5,000 samples, HARNN achieved an IoU (Intersection over Union) of
0.883 in predicting acupoint prescriptions. After data augmentation, the
IoU reached 0.954 in 5-fold cross-validation, and 0.932 on a test set of
1,000 original samples. The application of LIME enables intuitive visual-
ization of the model’s prediction rationale, thereby enhancing the model’s
reliability.

This study develops a hierarchical and interpretable machine learning

model that predicts acupoint prescriptions based on symptoms, integrat-
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ing HARNN for hierarchical classification and LIME for interpretability.
This provides an effective technical approach and methodology for the
intellectualization of AMT.
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Chapter 1

Introduction

1.1 Research Background

Acupuncture and Moxibustion Treatment (AMT) originated in China and is a tradi-
tional medical practice with remarkable efficacy and minimal side effects. As early
as the 6th century, AMT was introduced to Korea and Japan. Today, it is widely
practiced in over 190 countries and regions worldwide and has gained recognition
from the World Health Organization (WHO) [1]. It has been proved through clinical
practice that it has certain effects on more than 300 kinds of diseases, such as inter-
nal medicine, surgery, gynecology and pediatrics, and has good effects on about 100
kinds of diseases, such as chronic fatigue syndrome, withdrawal symptoms, etc. It is
particularly recognized for its efficacy in managing pain, neurological conditions, and
chronic diseases, serving as a valuable alternative or complementary therapy in mod-
ern healthcare. AMT is a clinical discipline based on Traditional Chinese Medicine
(TCM) theory, which mainly treats diseases using acupuncture and moxibustion tech-
niques guided by the Channel Theory (Jing-Luo) [2]. Acupoints are special parts of
human body surface that are infused with Qi from internal organs and meridians,
and also the places where acupuncture, moxibustion and other stimuli are operated.
Stimulating appropriate acupoints has the effect of dredging meridians, harmonizing
Qi and blood, restoring the balance of yin and yang, and coordinating viscera, so as to
achieve the purpose of disease prevention and treatment. Acupoint prescription is the
basis of AMT. Clinically, acupoints selection is generally based on the acupunctur-
ist’s judgment of the patient’s condition through four diagnosis, namely “inspection,
auscultation and olfaction, interrogation, and palpation”, and the specific acupoint
prescription is guided by the theoretical principles of TCM and the clinical experience
of acupuncturists. For thousands of years, acupuncturists have never stopped explor-

ing acupoint prescriptions in acupuncture and moxibustion treatment. Up to now,
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there are no standardized protocols for acupoint selection, as each acupoint in TCM
theory has multiple functions, leading to complex relationships between acupoints and
diseases. Despite its long-standing history and widespread application, the clinical
practice of acupuncture remains largely experience-driven, resulting in inconsistencies
in acupoint prescriptions. The absence of standardized treatment protocols presents
challenges for reproducibility and scientific validation, thereby hindering the broader
integration of acupuncture into evidence-based medical frameworks [3]. After thou-
sands of years of development, a large number of clinical experiences of AMT have
been recorded in the form of text. If these data can be used effectively, it can provide
assistance for acupuncturists and even support for patients’ self-help treatment in the
near future.

Artificial Intelligence (Al for short hereafter) technology has flourished and has
been widely used in many fields in recent years. As one of the core technologies of
Al machine learning has been applied to all walks of life including the medical field
[4]. Machine learning is to recognize input data sets through computer, encode the
data into computer models or algorithms, train appropriate mathematical models,
and test and verify the trained models on new data. The ability of machine learning
to analyze data related to medical treatment and results is expected to transform
medicine into a data-driven, results oriented discipline, which will have a profound
impact on the detection, diagnosis and treatment of diseases [5]. Deep learning is a
new research direction of machine learning, that is, through data-driven way, using
nonlinear activation function to introduce nonlinear factors, insinuating higher-level
and more abstract vector representation, to build multivariate neural network, so that
machines can learn and think like people through this neural network, so as to solve
the complex relationship problems beyond the reach of human resources. Deep learn-
ing has good generalization ability and has played an important role in the medical
field in recent years [6]. The advent of generative Al technologies, such as ChatGPT,
has introduced innovative solutions for medical applications [7]. These technologies
have not only revolutionized clinical diagnosis and pharmaceutical development but
have also opened unprecedented avenues for AMT. Therefore, it is expected to ana-
lyze the patient’s condition and decide the corresponding treatment schemes in the
way of artificial intelligence by the traditional machine learning methods and deep
learning methods through the learning of a number of cases. The application of Al in
acupuncture holds the potential to enhance the precision of acupoint prescriptions,

improve therapeutic outcomes, and promote the standardization of clinical practices.
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Moreover, Al-assisted systems can support practitioners by generating recommenda-
tions informed by extensive clinical data, contributing to more consistent, accurate,
and personalized treatment strategies.

The rapid advancement of AI has led to a series of significant breakthroughs
in various aspects of AMT practice, including acupoint selection and prescription,
identification of AMT techniques, and prediction of AMT efficacy [8]. In terms of
technical approaches, existing studies predominantly rely on data mining and unsu-
pervised machine learning techniques. For instance, Al-based data mining methods
have been employed to uncover effective acupoint combinations, principles of acu-
point compatibility, and optimal AMT plans. These advancements have significantly
enhanced the reliability and stability of acupuncture’s clinical efficacy [9, 10]. Unsu-
pervised machine learning techniques, such as association rule mining and clustering
algorithms, are among the most widely used approaches in this field, with the Apriori
algorithm being particularly prominent [11, 12]. Regarding research content, most
existing studies concentrate on exploring acupoint prescriptions tailored to specific
diseases. For example, machine learning-based acupoint selection methods have been
applied in AMT for various conditions, including postoperative syndromes of lumbar

disc herniation, facial paralysis, neurogenic dysphagia, urticaria, and insomnia [8].
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1.2 Research Motivation

AT has demonstrated potential in AMT, offering data-driven support for clinical
decision-making. A key application is to generate personalized acupoint prescrip-
tions based on patient symptoms, yet challenges remain in data processing, model
selection, and clinical applicability. This study aims to address these challenges by
developing a machine learning-based AMT support system that provides personalized
acupoint prescriptions to assist physicians in clinical decision-making. Differing from
existing research, this study research employs supervised machine learning techniques
and integrates data from multiple diseases into a unified model. This approach en-
ables the model to comprehensively learn the complex relationships between symptom
combinations and acupoint prescriptions, thereby providing personalized acupoint
prescriptions tailored to each patient’s condition.

While this approach demonstrates great potential, its development and implemen-
tation within this study present several key challenges: 1. Although a large amount
of textual data on AMT exists, there is currently no standardized method for pre-
processing this raw data for use in machine learning, nor are there publicly available
datasets specifically prepared for such applications; 2. The task requires identifving
and selecting appropriate acupoints from a set of several hundred candidates based
on combinations of patient symptoms. This constitutes a multi-label classification
problem, which remains a significant challenge in machine learning due to factors
such as a large and complex output space [13] and severe label imbalance commonly
observed in long-tailed data distributions [14]. 3. In the medical domain, prediction
reliability is paramount. The lack of transparency in machine learning models, partic-
ularly complex deep learning models, hinders their adoption in healthcare. Ensuring
both the reliability and interpretability of predictions remains a critical challenge for
building trust and enabling safe clinical applications.

To address the above challenges, this study conducted the following work: 1. We
built a dataset of 5,000 cases covering 159 diseases and introduced a tailored data
augmentation method, expanding it to 10,138 samples. This establishes a foundation
for future data expansion. 2. Based on our analysis of AMT data from a machine
learning perspective, we adopted the Hierarchical Attention-based Recurrent Neural
Network (HARNN) model [15] for hierarchical classification tasks in this domain and
validated its performance and applicability through extensive computational experi-
ments. 3. To further enhance the reliability and interpretability of machine learning

results, we introduced the Local Interpretable Model-Agnostic Explanations (LIME)



1.2. RESEARCH MOTIVATION 5

[16] method into the field of AMT. 4. A web-based platform developed with Streamlit
[17] enables clinicians to input patient symptoms and receive Al-generated diagnostic
suggestions along with interpretability visualizations. To our knowledge, this study is
the first to introduce hierarchical learning and interpretable machine learning meth-

ods into the field of AMT.
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1.3 Thesis Organization

The rest of this thesis is organized as follows:

Chapter 2 presents a comprehensive literature review. It first introduces the
basic principles of AMT and the characteristics of acupoint prescription. It then
reviews the development of machine learning techniques in the context of AMT,
including traditional machine learning, ensemble learning, deep learning, and issues
of interpretability.

Chapter 3 explores the preliminary application of a spectrum of machine learning
methods to acupoint prescription in AMT. The study investigates three primary cate-
gories of models: traditional machine learning, ensemble methods, and deep learning.
The chapter then outlines the experimental setup, presents the results, and provides
a critical discussion of the limitations of these approaches.

Chapter 4 proposes our novel hierarchical and interpretable machine learning
model for acupoint determination. This chapter details the methodology, from dataset
construction and model architecture to the evaluation metrics employed. The ex-
perimental results are then presented and comprehensively analyzed to validate the
effectiveness and advantages of the proposed approach.

Chapter 5 describes the translation of our proposed model into a practical appli-
cation. It presents the design and implementation of an interactive AMT system that
leverages the hierarchical and interpretable model from Chapter 4 to support clinical
decision-making.

Chapter 6 concludes the thesis by summarizing the key findings and contributions.
It also discusses limitations of the current study and suggests directions for future

research to improve the proposed methods and extend their applications.



Chapter 2

Literature Review

This chapter provides a comprehensive review of the literature relevant to this dis-
sertation. The objective is to establish a theoretical and methodological foundation
by examining two major research domains: AMT and machine learning approaches
applied to AMT. First, Section 2.1 introduces the fundamental concepts of AMT,
including its basic principles and the role of acupoint prescriptions in clinical prac-
tice. This part highlights the theoretical underpinnings of AMT and sets the stage for
understanding how computational approaches can be integrated with traditional med-
ical knowledge. Next, Section 2.2 surveys machine learning methods in the context of
AMT. Tt begins with traditional algorithms, progresses to ensemble learning, and then
covers advances in deep learning. Finally, special attention is given to interpretable
machine learning, which aims to provide greater transparency and improve trustwor-
thiness in the application of computational models to medical decision-making. By
reviewing these two domains, this chapter aims to bridge traditional medical theo-
ries with modern computational techniques, thereby laying the groundwork for the

methodological developments presented in subsequent chapters.
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2.1 Acupuncture and Moxibustion Treatment

2.1.1 Basic Principles of AMT

The basic contents of AMT mainly include AMT theory, AMT technology and clini-
cal application of AMT. AMT theory mainly includes meridian theory and the rules
of acupoints. AMT technology mainly includes acupuncture, moxibustion and other
needling methods. Clinical application of AMT is a comprehensive application of
AMT theory and technology. Meridian theory is an important part of TCM, which
covers the distribution, physiological functions, pathological changes of human merid-
ian system and its relationship with internal organs, and runs through the diagnosis
and treatment of AMT [2]. Meridians were gradually discovered by ancient medical
experts through long-term medical practice and continuous observation and sum-
mary. Meridians are closely related to the tissues and organs around the body and
plays an important role in physiological function and pathological changes. Meridians
are the channels for human body to transport Qi and blood, which are all over the
body. Here Qi, as a special concept in TCM, is the most fundamental substance
in the construction of the human body and in the maintenance of its life activities.
Acupoints are special parts of human body surface that are infused with Qi from
internal organs and meridians, and also the places where acupuncture, moxibustion
and other stimuli are operated. Stimulating appropriate acupoints has the effect
of dredging meridians, harmonizing Qi and blood, restoring the balance of yin and
vang, and coordinating viscera, so as to achieve the purpose of disease prevention
and treatment. Meridians consist of 12 principal meridians and 8 extra meridians.
Fach principal meridian has acupoints. In 8 extra meridians, only conception and
governor vessels have acupoints. There are 361 acupoints in 12 principal meridians
and the meridians of conception governor vessels, and 48 acupoints that exist outside
meridians in human body. There are totally 409 acupoints identified by WHO (World
Health Organization) [18]-[20]. The names and WHO notations of each meridian, as
well as the acupoints, are shown in Table 2.1. In addition, the parts that have neither
specific name nor fixed position but are stimulated by tenderness or other reactions
are collectively referred to as “Ashi points”. Ashi points are usually near or far away
from lesion, and they usually appear with the occurrence of a disease and disappear

with the recovery of a disease [2].
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Table 2.1: Meridians and acupoints in human body.

Moridian nime WHO u(?tflitiou WHO uotélicm Numbe.r of
of meridian of acupoints acupoints

Lung Meridian LU LU1~LUI1 11
. Sing LI LIl ~L120 20
Stomach Meridian ST ST1~ST45 45
Spleen Meridian SP | sPI~sP2l ' 21

Heart Meridian HT HT1~HT9 9
i i 1 SI1~S119 19
Bladder Mendian BL BL1~BL67 67
Kidney Meridian KI KI1~KI27 27

Pericardium Meridian PC PC1~PC9 9
Triple Energizer TE TE1~TE23 23

Menidian
Gallbladder Meridian GB GB1~GB44 44
Liver Meridian LR LR1~LR14 14
Conception Vessel CcVv CV1~CV24 24
Governor Vessel GV GVI~GV28 28
EX-HN1~EX-HNI15
EX-CAl
Extras Points EX EX-B1~EX-B9 48
| EX-UE1~EX-UE1I |
EX-LE1~EX-LEI2

Total 409

2.1.2 Acupoint Prescription

The decision-making process of traditional AMT is shown in Figure 2.1. Acupunc-
turists obtain the symptoms of patients through the four diagnostic methods, and
analyze and summarize these symptoms according to meridian theory, so as to clar-
ify the etiology, location, pathogenesis and urgency of the disease. On this basis,
the appropriate AMT prescriptions are determined by comprehensively considering
the meridian theory and the rules of acupoints. AMT prescription includes acupoint
prescription and manipulation. Acupoint prescription is the first component of AMT
prescription. Each acupoint in the body has relative specificity and may have the
same or different therapeutic functions. Selecting acupoints with the same or sim-
ilar functions can enhance the effectiveness of the treatment by strengthening the
synergistic effect between the acupoints. Manipulation is the second component of
AMT prescription, which includes treatment methods, specific operation and tim-
ing of treatment [2]. In this paper, we focus our discussion on 3) deciding acupoint

prescription.
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Figure 2.1: The decision-making process of traditional AMT.

2.2 Machine Learning for AMT

The process of selecting acupoints can be regarded as establishing the corresponding
relationship between the combination of a series of symptoms and the combination
of acupoints in the acupoint prescriptions, rather than the corresponding relationship
between a single symptom and a single acupoint. In machine learning, this kind of
problem can be classified as multi-label classification problem. The combination of
symptom numbers is used as features of the model input, while the combination of
acupoint numbers is used as labels of the model output.

Suppose xy = R4 (OI'Zd) denotes the d-dimensional instance space, and Y =
fy15y2: -3 y4g denotes the label space with ¢ possible class labels. The task of
multi-label learning is to learn a function h @ y ! 2 from the multi-label train-
ing set D = f(x;;773)j1 <1i < mg. For each multi-label example (x;;Y3), x; 2 y is a
d-dimensional feature vector (xi1; X905 333;Xid)T and T; 2 Y is the set of labels associ-
ated with x;. For any unseen instance x 2 y, the multi-label classifier h(-) predicts
h(x) C Y as the set of proper labels for x [13].

In the acupuncture and moxibustion treatment support system, x indicates the
set of symptoms. Each symptom in the database is encoded as a vector of the same
length. Y indicates the set of 410 acupoints, which comprises the 409 acupoints certi-
fied by the WHO and Ashi points. D indicates the established database. By learning
the data in the database, the function h from symptom combinations to acupunc-
ture treatment scheme is obtained. When inputting the symptom combination x not
in the database, the trained function h can predict the corresponding acupuncture

treatment scheme h(x).

10
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2.2.1 Traditional machine learning

Machine learning is to study how computers imitate human learning behavior, acquire
new knowledge or experience, reorganize existing knowledge structure and improve
their own performance. Machine learning can learn the rules and patterns of data
in massive data by computer, and obtain potential information. It is widely used to
solve the problems of classification, regression, clustering and so on.

Maron et al.[21] proposed NB algorithm for classification according to probability
principle based on bayesian theory. Cover et al.[22] proposed KNN classification al-
gorithm based on distance measurement. Breiman proposed the early Decision Tree
(DT) classification algorithm-cart algorithm, which uses the tree structure algorithm
to divide the data into discrete classes|[23]. Support vector machine (SVM) is a kind of
generalized linear classifier that classifies data according to supervised learning[24].
Artificial Neural Network (ANN) classification adjusts the parameters of artificial
neural network according to the given training samples to make the network output
close to the known sample class label[25]. Based on the traditional methods of ma-
chine learning, there are three methods to solve a multi-label classification problem,
namely: Problem Transformation, Adapted Algorithm, Ensemble approaches.

Problem transformation: the basic idea of this kind of method is to transform the
multi-label classification problem into other known learning problems for solution.
Representative algorithms include LP[26], Binary Relevance[27], Calibrated Label
Ranking[28], Random k-labelsets[29].

Adapted Algorithm: The algorithm adaptation method is different from the prob-
lem transformation method. The problem transformation method is to transform the
multi-label problem into one or more single class label problems. The algorithm
adaptation method is to study the algorithm on the basis of multi label. In recent
years, there are more and more adaptive algorithms for multi label problems, such as
representative learning algorithms ML-KNN[30], Rank SVM[31], LEADI[32], etc.

Ensemble approaches: Ensemble approaches are machine learning methods that
integrates a variety of basic models to complete the final decision. Ensemble always

produces better results.

2.2.2 Ensemble Learning

Ensemble learning combines several individual models to obtain better generalization
performance. Ensemble learning has been experimentally proven to be effective for

multi-label classification problems [33].

11
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Bagging: Bagging is a widely used method for constructing ensemble-based al-
gorithms that can improve classifier performance. The fundamental concept behind
Bagging is to generate a series of independent observations with the same size, and
distribution as that of the original data. Given the series of observations, generate an
ensemble predictor which is better than the single predictor generated on the original
data. Figure 2.2 shows the diagram of the bagging technique. Here, D; represents
the bagged datasets, M; represents the algorithms and Fougpue calculates the final
outcome [33]. Random Forest (RF) is a machine learning algorithm that enhances
the performance of decision trees by utilizing a Bagging technique [34]. The primary
objective of this approach is to reduce the correlation between trees and mitigate the
issue of overfitting. This method effectively leverages the diversity among the trees

to improve the overall quality of the predictions.

$ ¥
Y @
D1 D2 Dn
L4 .4 J N
M1 M2 Mn

v
Foutput

Figure 2.2: Structure of Bagging.

Boosting: Boosting technique is used in ensemble models for converting a weak
learning model into a learning model with better generalization. Figure 2.3 shows
the diagram of the boosting technique. This algorithm first trains a base learner
on an initial training set, then adjusts the distribution of training samples based
on the performance of the base learner, so that the previously misclassified training
samples receive more attention in subsequent rounds. The next base learner is then
trained based on the adjusted sample distribution. This process is repeated until
the number of base learners reaches a pre-specified value T, and the final output
is a weighted combination of these T base learners [33]. XGBoost belongs to the

Boosting ensemble learning algorithm. XGBoost is an optimized distributed gradient

12
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enhancement library designed to achieve efficiency, flexibility, and portability. It

implements machine learning algorithms under the Gradient Boosting framework [33].
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Figure 2.3: Structure of Boosting.

Stacking: Stacking is one of the integration techniques wherein the meta-model is
trained on the out-of-fold predictions by base models through Cross Validation (CV)
[33]. First, the training set is split into k folds. Each base model is fitted using (k-1)
folds and predictions are made with the remaining fold. That procedure is repeated
for each of the k folds. The predictions from all base models, along with the outcomes
from the training set, are then utilized to train the meta-model. Figure 2.4 shows the

stacking technique.

First-level models | M1 M2 . Mn

|

Second-level model M+

Foutput

Figure 2.4: Structure of Stacking.
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2.2.3 Deep Learning

Deep learning is a special kind of machine learning, which is a new research direction in
the field of machine learning. Deep learning can be applied in various fields. According
to different applications, the form of deep neural network is also different. Common
deep learning models mainly include Fully Connected (FC) network, Convolutional
Neural Network (CNN) and Recurrent Neural Network (RNN). The fully connected
network structure is the basic deep neural network layer. Each node of the fully
connected layer is connected with all nodes of the upper layer. Because all the outputs
and inputs of the full connection layer are connected, the parameters of the full
connection layer are the most, which requires a considerable amount of storage and
computing space. CNN is a neural network used to process data with grid structure,
which is often used in the field of computer vision. The difference from FC is that
the upper and lower neurons of CNN cannot be connected directly, but through the
“convolution core” as the intermediary, and the parameters of the hidden layer are
greatly reduced through the sharing of “core”. RNN is also one of the commonly used
deep learning models, which is a kind of neural network used to process sequence
data. It is often used in the field of natural language processing, and can also be used
in the field of computer vision.

Hierarchical Classification is a specialized task in machine learning where labels
are organized in a multi-level hierarchy. Fach label in this hierarchy can be seen as a
node, which may have one or more child nodes, reflecting a parent-child relationship.
This hierarchical structure plays a pivotal role in designing effective classification
methods, as it captures the dependencies between labels that flat classification ap-
proaches fail to consider [36]. One of the earliest studies addressing Hierarchical Text
Classification (HTC) is by Koller and Sahami [37], who emphasized the limitations
of flat classifiers in hierarchical contexts and highlighted the prevalence of topic hier-
archies in HTC tasks. Building on this foundation, Silla and Freitas [38] provided a
precise definition of HTC and introduced a unifying framework to classify tasks across
various domains, extending beyond textual data. Most recently, Zangari et al. [36]
reviewed the theoretical foundations and applications of hierarchical classification,
further enriching the understanding of this field. Among these studies, Huang et al.
[15] proposed the Hierarchical Attention-based Recurrent Neural Network (HARNN),
a novel framework that can automatically annotate documents with the most relevant

categories level by level.

14
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2.2.4 Interpretability in Machine Learning for AMT

While machine learning holds great promise for advancing AMT, its application in
healthcare often encounters challenges due to the lack of transparency and inter-
pretability of many models, especially deep learning-based approaches. In the medical
domain, interpretability is critical not only for gaining the trust of practitioners and
patients but also for ensuring the validity and reliability of the predictions made by
the model. To address these challenges, interpretable machine learning methods have
been increasingly introduced in AMT-related studies. In the domain of acupuncture-
assisted decision support, existing work can be broadly categorized into two types.

First, structure-based interpretability methods integrate domain knowledge or
specific architectural components, such as knowledge graphs and attention mech-
anisms|[39], into model design in order to align learning processes with traditional
medical reasoning. Representative studies model acupuncture knowledge as a struc-
tured network that links symptoms, syndromes, meridians, and acupoints, and employ
graph-based or attention-based models to explicitly capture these relationships. For
instance, recent approaches have utilized knowledge graphs combined with prompt
learning or association analysis to systematically map the complex relationships be-
tween diseases and acupoints [40, 41]. Similarly, advanced architectures such as
multi-graph residual attention networks have been proposed to fuse semantic knowl-
edge for TCM recommendation [42]. These methods provide explicit, structure-driven
interpretability that is tightly coupled with the model architecture itself.

Second, post-hoc feature attribution methods aim to explain model predictions
after training by estimating the contribution of individual input features. Model-
agnostic techniques such as LIME [16] and SHAP [43] have been adopted in several
AMT-related applications to provide instance-level explanations. For instance, re-
cent studies have utilized SHAP to identify key diagnostic indicators for diabetic pe-
ripheral neuropathy [44] and to visualize clinical factors influencing eye acupuncture
treatment outcomes [45], explicitly revealing the variables driving model decisions.
Furthermore, Zhu et al. demonstrated the utility of LIME by applying it to an en-
semble learning model for ulcerative colitis syndrome differentiation, visualizing how
specific symptoms contributed to the diagnostic classification [46].

Overall, the incorporation of interpretable machine learning techniques in AMT
enables the diagnostic rationale and acupoint prescription logic learned from data to
be explicitly visualized and examined. This not only facilitates clinical understanding
and validation, but also enhances the reliability and practical applicability of machine

learning-based acupuncture decision support systems.
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Chapter 3

Application of Machine Learning
Methods to AMT

This chapter transitions from the theoretical foundations reviewed in Chapter 2 to
a foundational exploration of applying machine learning to acupoint prescription in
AMT. This endeavor addresses three core methodological questions: how to process
raw clinical records into a structured dataset suitable for machine learning, which
modeling paradigins are best suited for this task, and how to effectively evaluate
their performance.

To facilitate this investigation, we developed a purpose-built acupoint prescription
database. Using this dataset, we then benchmarked the performance of a diverse set
of models spanning three major paradigms: traditional machine learning, ensemble
methods, and deep learning.

The outcomes of this foundational study are twofold. On one hand, they demon-
strate the feasibility and potential of applying machine learning to acupoint prescrip-
tion. On the other hand, they reveal the inherent limitations of conventional models
in this domain. These insights collectively provide the empirical groundwork and

direct motivation for the novel hierarchical model developed in Chapter 4.
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3.1 Materials and Methods

In this work, we are to train a model by learning relevant data through machine learn-
ing, and provide acupoints prescriptions for treating patients by the trained model
based on patients’ symptoms. For this purpose, database, algorithms, data prepro-
cessing and evaluation metrics are essential components. 1) Database: As far as we
know, there is currently no database available for providing acupoint prescriptions
based on patients’ symptoms, so we need to establish a database of symptoms and
acupoint prescriptions. 2) Algorithms: We regard the problem of acupoint selection
as a multi-label classification problem and use 11 algorithms for multi-label classifica-
tion including 8 classifiers provided by Scikit-learn and Feedforward neural network
(FNN) [47], TextCNN [48], and Seq2seq with attention [49]. 3) Data preprocess-
ing: Different algorithms have different requirements for data representation, so we
have different preprocessing for data when using different algorithms. 4) Evaluation
Metrics: The traditional evaluation criteria in multi-label classification problems of
accuracy, precision, and recall are not applicable to the evaluation of the model in this
study due to the characteristics of the AMT prescription data. We take Intersection

over Union (IoU) [50] as the main evaluation criterion of the model.

3.1.1 Database construction

The text information of AMT collected from books is preprocessed to extract the
symptoms used to judge diseases, and then these symptoms are standardized and
unified. On this basis, we build a database of symptoms and corresponding acu-
point prescriptions. Figure 3.1 shows the construction process of disease cases in the
database through “chronic fatigue syndrome with stagnation of liver-Qi” as an exam-
ple. The text in the green box is the description text of the disease, and the words
marked with green underline are the corresponding symptoms. The words marked in
the red box are used in TCM to reflect one cause of the sample case, and the circled
numbers, e.g. 559, show the corresponding symptoms. The text in the blue box is the
acupoint prescription of the disease case, and the words marked with blue underline
are the corresponding acupoints which are represented by acupoint numbers. One
of the symptom names in the figure, “rib-side and abdominal distention and pain”,
is expressed in a word in TCM, but it actually consists of four different symptoms.
Therefore, the symptom name is divided into four symptom names, which is num-
bered as (148,149,158,159) in the database. In addition, the word with the meaning

“or” often appears in the text describing the case to indicate that the same disease
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may have multiple symptoms, which may or may not occur at the same time. For
such case, we record it in the database as different cases for the same disease name.
In this case, although the symptom combination of the disease is not completely the
same, the corresponding acupoint prescriptions are the same. In this way, we build

our database of symptoms and corresponding acupoint prescriptions.

Name of disease: Chronic fatigue syndrome @ Symptom Syraptom
. fmber
Main symptoms
= . . o i S 417 Fatigue
The main symptom is continuous or repeated severe fatigue of unknown
cauge, which lasts for more than half a year. The fatigue cannot be 559 Emotional fluctuation
relieved after full rest, and the activity level drops by more than 50% 143 Rib-side pain
C O o 1 V. . ¥ s
" - e 5 | 149 Rib-side distention
Stagnation of the liver-Qi
Fatigue is aggravated due to emotional fluctuation and alleviated after 158 ShComiadag
activities. At the same time, the symptoms of rib-side and abdommal 159 dhdomina distention
distention and pain, red tongue, thin tongue fur and stringlike pulse 295 Red tongue
appeared.
apped 315 Thin tongue fur
Spleen-Qi deficiency
= 411 Stringlike pulse
Heart-kidney imbalance @
b .. Arcupoint
Treatment e Acupoint
Therapy
CHEEARY. R _ 328 Baihui (GV20)
Soothing liver gnd invigorgting spleen, supplemfent the heart and [kidney.
The acupoints pf governfpg veszel, foot-yangiming meridian and foot L. Yintang (BXHND)
taiyin meridian|are mamly gelected. 104 Shenmen (HT7)
Main acupoints l 195 Taixi (KI3)
Baihui (GV20), Yintang (EX-HN3), Shenmen (HT7), Taixi (KI3), 208 Taichong (LR3)
+»Taichong (LR3), Sanyinjiao (SP6), Zusanli (ST36).
e i ). pinjian (SE6) ( )a—» 82 Sanyinjiao (SP6)
Auxiliary acupeints et
. - . . I 67 Zusanli (ST36
Stagnation of the liver-Q1: Quuen (LRI4), Dhozhong (CVI7). i S
Spleen-Q1 deficiency: ... 309 Cimen (LR14)
Heart-kidney imbalance: .. ("3, 209 354 354 Dhozhong (CVI7)
e ~— —

Figure 3.1: Take “chronic fatigue syndrome” as an example to illustrate the con-
struction process of the database. Here the text of this figure is a translation of the
Chinese text on page 845 of reference [2].

Our database includes the data shown in Table 3.1 and Table 3.2. Table 3.1
shows symptoms and acupoints with their related numbers. Table 3.2 shows disease
case number, name of disease case, corresponding symptoms represented by symptom
number and corresponding acupoints represented by acupoint number. In Table 3.2,
the symptoms and acupoints are represented by their numbers according to Table
3.1 and the orders of symptom numbers and acupoint numbers are respectively the
same as the symptoms and acupoints appear in texts of AMT prescription. One
of the key factors in applying text data of books and clinical data to actual AMT

through machine learning is symptom. Symptoms are the bridge between patient’s

18



3.1. MATERIALS AND METHODS 19

condition and text data. The patient’s condition can be accurately described by
giving the combination of symptoms. At the same time, these symptoms can be
diagnosed through various medical technologies. Different from traditional AMT, our
method requires the presence or absence of various symptoms to accurately describe
the patient’s condition, so our naming method for symptoms is not exactly the same
as that of TCM. Luo [51] gave the classification basis of 399 TCM symptom names
by analyzing the attributes of symptoms. We plan to use these 399 symptom names
as the symptom names in our database. However, 399 symptoms are not enough to
accurately describe some diseases. Hence we have expanded the symptom names to
734 up to now. As to the names of acupoints, 409 acupoints certified by WHO and
Ashi acupoint, totally 410 acupoint names are included in our database. Currently we
have collected 3000 diseases cases of acupoint prescriptions from books [2, 52, 53]. We
choose these three sources as our data materials because they are currently the only
ones we have managed to compile, and we prioritized them due to the credibility of
textbooks. In fact, additional high-quality data sources are essential before proceeding

with further clinical trials.

Table 3.1: Database-1.

Symptom Symptom Acupoint Acupoint
number number
1 Irritable 1 LU1
2 Feel depressed 2 LU2
3 Oversensitive 3 LU3
4 Sentimental 4 LU4
5 Like to be quiet and lazy 5 LU5
6 Phobia 6 LU6
7 Hyperarousal 7 LU7
734 sticky mouth 410 Ashi

3.1.2 Algorithm selection

We regard the problem of acupoint selection as the problem of determining which
acupoints are used for a series of symptoms. In machine learning, this kind of prob-
lem can be classified as multi-label classification problem and belong to supervised
learning. The combination of symptom numbers is used as features of the model
input, while the combination of acupoint numbers is used as labels of the model out-

put. Meanwhile, it is obvious that the data type of this study is numeric. Based
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Table 3.2: Database-2.

Lisease Name of Symptom Acupoint
case .
disease case numbers numbers
number

1 Cerebral 400, 123, 38, | 225, 335, 11,
apoplexy  (syn- | 401, 396, 225, | 228, 106, 12,
drome of middle | 402, 374, 337, | 229, 107, 77,
viscera closure) 218, 403 296, 193, 76,

295, 192
2 Cerebral 400, 123, 38, | 225, 335, 11,
apoplexy  (syn- | 401, 396, 225, | 228, 106, 12,
drome of middle | 402, 374, 337, | 229, 107, 77,
viscera  closure) | 218, 403, 206, | 296, 193, 76,
+ upper extrmity | 419 5, 15, 395, 233

insufficiency

3 Cerebral 400, 123, 38, | 225, 335, 11,
apoplexy  (syn- | 401, 396, 225, | 228, 106, 12,
drome of middle | 402, 374, 337, | 229, 107, 77,
viscera closure) + | 218, 403, 454, | 296, 193, 76,
Shoulder arthral- | 456 295, 192, 28,
gia 26, 115, 121,

120, 410
3000 Sequela  of en- | 20, 505, 297, | 324, 360, 323,
cephalitis 315, 312, 411, | 322, 5, 225,
192 15, 109, 285,

67, 298

20
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on the above observations, this study considers 11 different algorithms as potential
candidates. We divide these 11 algorithms into the following 4 categories.

o Traditional machine learning algorithms: Traditional machine learning algo-
rithms can be used to solve multi-label classification problems by employing problem
transformation techniques, including Binary Relevance, Classifier Chains, and La-
bel Powerset [13]. We used 8 classifiers for multi-label classification provided by
Scikit-learn, a library in python that provides many unsupervised and supervised
learning algorithms, which includes Naive bayes, DecisionTree classifier, ExtraTree
classifier, ExtraTrees classifier, Kneighbors classifier, RandomForest classifier, Ridge
classifierCV, Neural network. At the same time, each classifier is experimented with
the three problem transformation techniques.

¢« FNN: FNN is a unidirectional multilayer network. Information is transmitted
from the input layer to one direction layer by layer until the end of the output layer.
FNN is composed of three parts, namely input layer, hidden layer and output layer.
The hidden layer can be one layer or multiple layers. FNN can handle more com-
plex nonlinear relationships in data and has stronger generalization than traditional
machine algorithms. We hope that these advantages can achieve better results than
traditional machine learning algorithms.

+ TextCNN: CNN is usually used in the direction of computer vision (CV). Yoon
[48] made some modifications to the input layer of CNN and proposed a text classifi-
cation model TextCNN. The core of TextCNN is to convert words into word vectors
through word2vec, and then turns sentences into matrices composed of word vectors,
which are calculated through CNN. We hope to enhance the learning of the feature
parts of the model through the use of CNN, thereby improving the effectiveness of
the model.

e Seq2seq with attention: Seq2seq is an algorithm of encoding-decoding struc-
ture, originally proposed by Google, mainly for solving sequence-to sequence tasks
such as machine translation and text summarization. However, this approach has also
been applied to multi-label classification problems,; with previous studies [54, 55, 56]
demonstrating the effectiveness of encoder-decoder models and achieving promising
results. Seq2seq has two modules, namely encoder and decoder. The encoder en-
codes the input data and the decoder decodes the encoded data. Simple RNN, GRU,
LSTM [57], etc. can be used inside the encoder and decoder. The addition of At-
tention mechanism (hereinafter referred to as attention) can greatly improve the
performance of Seq2seq. The fundamental principle of “Attention” lies in simulating

human information processing by assigning different weights to different parts of the
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data, thereby selectively focusing on key information. This mechanism calculates the
relevance weights of input parts, enabling the model to concentrate on crucial infor-
mation and ignore irrelevant details, thereby improving the accuracy and efficiency

of handling complex tasks [39].

3.1.3 Data preprocessing

Different algorithms have different requirements for data representation, so we have
different preprocessing for data when using different algorithms. For the 8 classifiers
of traditional machine learning algorithms and FNN, the data can be preprocessed
in the same way. For TextCNN and Seq2seq with attention, we use different data
preprocessing methods separately.

For the 8 classifiers of traditional machine learning algorithms and FNN, numerical
data can be directly used as features and labels of machine learning. Therefore, we
encode the symptom of each case as a vector with a length of 734, the total number
of symptoms in our database. Each element of the vector corresponds to a symptom
name in the database. We encode the acupoints prescription of each case as a vector
with a length of 410. Each element of the vector corresponds to the acupoint name in
the database. As shown in Figure 3.2, the left part of the table represents symptoms,
“0” means there is no such symptom in the disease case, and “1” means there is such
symptom in the disease case. The right part of the table shows the acupoints in the
acupoints prescription corresponding to the symptoms on the left part of the table.
“0” means that the acupoint is not stimulated, and “1” means that the acupoint is
stimulated.

For TextCNN, the core of this algorithm is to convert words into word vectors
through word2vec, and then turns sentences into matrices composed of word vectors,
which are calculated through CNN. Therefore, if symptoms are coded as grid data,
the information of the data can be obtained through CNN. Since the number of
symptoms in the database is 734 at present, which is not very large, and there is
no obvious relationship between the symptoms, we do not need to use the word2vec
used in TextCNN. As shown in Figure 3.3, our approach is to expand the symptom
vector of 734 into a vector of 756 in length with “0”, and then transform the vector
into a matrix of (27, 28). In this way, both one-dimensional convolution kernel or
two-dimensional convolution kernel can be used for operation.

For Seq2seq with attention, the embedding layer (which is already included in
its structure) handles the conversion of the discrete inputs into a continuous vector

representation, thus obviating the need to manually convert the symptom numbers
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~ Symptom Acupoint
Sympts Sympt: Sympt: Sympton: @iﬂ Acupoint Acupol!
1 2 3 734 2 3 4
I 1 ee——— —
Case 1 o | o | o [ 0 ] 0 ] ]
Case 2 1 1 0 1 0 0 1 0
Case 3 0 0 ] 0 1 0 0 0
Case 4 1 0 0 0 0 0 1
Case 3000 0 0 | 0 1 0 0 1
Example: | symptom : Acupoint :
Case2 = [1,1,0,...,1] 1x734 Case2 =>[0,0,1,...,0] 1xa10

Figure 3.2: Coding method of the traditional machine learning algorithms and FNN.

~ Symptom *_ Acupoint
Symp Symp Symp Symptou: @Mnt Acupoint Acupol
1 2 3 734 2 3 4
P— —)
Case 1 0 0 0 0 1 0 1 1
Case 2 1 1 0 1 0 0 1 0
Case 3 0 0 1 0 1 0 0 0
Case 4 1 0 1 0 0 0 0 1
Case 3000 0 0 1 0 1 0 0 1
Example:
Symptom : [1,1,0,...,0]
...,0
Case2=>[1,1,0,... 1] 1x734=>[1,1,0,...,1, ... 0] 1x756 [0.0,0.....0]

[0,0,0,...,0] 27X28

Figure 3.3: Feature encoding of TextCNN.
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and acupoint numbers into vectors. Therefore, the symptom numbers and acupoint
numbers in the disease cases shown in Table 3.2 can be directly used as input features

and corresponding labels for training the model.

3.1.4 Evaluation Metrics

There are 4 possible situations for the results of classification problems, as shown
in Table 3.3. In multi-label classification problems, the indicators commonly used
to evaluate models are accuracy, precision, recall, for which the calculation formulas
are shown in Eq. (3.1)—(3.3) [13]. Accuracy measures the overall correctness of the
model’s predictions. Precision measures the proportion of correctly predicted positive
labels among all the predicted positive labels. Recall measures the proportion of
correctly predicted positive labels among all the actual positive labels. However, the
above three evaluation criteria are not applicable to the evaluation criteria of the
model in this study because of the characteristics of AMT prescription data.

IoU [50], also known as the Jaccard Index, is a metric utilized to compare the
similarities and differences between finite sample sets. A higher IoU value signifies
a higher degree of similarity between samples. As an evaluation metric, loU not
only comprehensively assesses the model’s accuracy in pinpointing effective acupoints
but also effectively penalizes the incorrect prediction of non-effective acupoints as
effective, thereby effectively mitigating the challenges caused by imbalanced labels.
The calculation formula for IoU is shown in Eq. (3.4). Table 3.4 shows the results
of different evaluation indicators in several possible situations for predicting acupoint
prescriptions with two acupoints. When the prediction result is a wrong acupoint, the
accuracy is still as high as 99.3%, which is obviously not suitable for this problem. It
can be seen from Table 3.4 that IoU is even more strict than other evaluation criteria,
such as accuracy, precision and recall. Hence, IoU is taken as the main evaluation

criterion of the model in this study.

TP + TN

Acwracy = 4 TN+ FP + FN (8.1}
Precision = % (3.2)
Recall = % (3.3)

loU= 157 1?}1? + FN (3:4)
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Table 3.3: Four possible situations for the results of classification

No. Name

Description

1 True Positive (TP)  Number of positive classes predicted as pos-

itive classes (1! 1)

2 True Negative (TN) Number of negative classes predicted as neg-

ative classes (0! 0)

3 False Positive (FP) Number of negative classes predicted as pos-

itive classes (0! 1)

4 False Negative (FN) Number of positive classes predicted as neg-

ative classes (1! 0)

Table 3.4: The evaluation results of an acupoint prescription with two acupoints using
different evaluation criteria.

Prediction results

Accuracy Precision Recall IoU

A wrong acupoint

Two wrong acupoints
A correct acupoint and
a wrong acupoint

A correct acupoint and
two wrong acupoints

Two correct acupoints
and a wrong acupoint

Two correct acupoints

TN e g w w
gg:g gNN::;l . 99.0% 0% 0% 0%

;‘EPP;1 gl\NI::fW 99.5% 50% 50%  33.3%
glfb):gl gl?::f% 99.3% 33.3% 50% 925%
I?Iz)j 511\\11::51 7 99.8% 66.7% 100%  66.7%
glfi’):g g§:§ Bol00%  100%  100%  100%
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3.2 Experiments

In this section, we report the experimental results of 11 machine learning algorithms
on our database and identify the best performing algorithm Seq2seq with attention.
Additionally, we analyze the impact of factors such as the presence or absence of

attention and the order of data in the Seq2seq with attention algorithm on the results.

3.2.1 Comparative experiments

In order to reduce the uneven distribution of training data and test data and more
objectively evaluate the effects of the trained model, we use 5-fold cross validation
to verify the model, and conducts random processing before data segmentation. We
take 90% of the data in the database are used for 5-fold cross validation to select the
optimal algorithm, and 10% of the data as test data to evaluate the performance of
the final model.

Table 3.5 shows the average results of 5-fold cross validation experiments for the
11 machine learning algorithms, obtained by adjusting their respective hyperparame-
ters to achieve optimal performance. For Seq2Seq with attention, we set vocab_ size
to 735, wordvec_ size to 128, hidden_ size to 256, and batch_size to 64. Other hyper-
parameter settings are consistent with those documented in reference [39]. It can be
seen from the results that the IoU of Seq2seq with attention algorithm is the highest,
that is, 95.72%, while the IoUs of all other algorithms are less than 41.62%.

Table 3.5: Experimental results of different machine learning algorithms.

Evaluating | Naive Decision- | Extra- Extra- | Kneigh- | Random- Ridge Neural Seq2seq
indicator baves Tree Tree Trees bors Forest classifier- network FNN | TextCNN with
classifier | classifier | classifier | classifier | classifier (62 attention
Accuracy 84.00% | 80.22% 67.11% 82.66% 73.33% 82.88% 78.90% 84.44% | 99.82% | 99.81% 99.91%
Precision 33.24% | 36.06% 31.53% 36.29% 30.12% 33.10% 33.72% 33.61% | 49.32% | 43.50% 97.23%
Recall 32.66% | 35.12% 31.3% 32.11% 23.78% 32.70% 29.74% 33.00% | 49.08% | 39.70% 96.83%
IoU 30.13% | 33.19% 27.84% 31.77% 23.11% 29.78% 28.62% 30.17% | 41.62% | 38.80% 95.72%

Table 3.6 provides a detailed breakdown of the results and average values obtained
from 5-fold cross validation specifically for Seq2seq with attention. We retain the best
model in the training process as trained model, and evaluate the effectiveness of the
trained model through test data. We input the symptom numbers of 300 disease cases
not participating in the training model into the trained model, and then the trained

model gives the corresponding acupoint numbers. IoU of the test data is 95.33%.
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Table 3.6: Experimental results of the 5-fold cross validation of Seq2seq with atten-
tion.

Evaluating | o & | Second | Third | Fourth | Fifth | YeT28e
indicator value

Accuracy | 99.82% | 99.96% | 99.98% | 99.97% | 99.83% | 99.91%
Precision 94.17% | 98.69% | 99.22% | 99.02% | 95.04% | 97.23%
Recall 93.03% | 98.83% | 99.29% | 98.81% | 94.20% | 96.83%
IoU 90.76% | 98.30% | 98.89% | 98.50% | 92.14% | 95.72%

3.2.2 Further Experimental Analysis of Seq2seq with attention

To investigate the impact of the order of symptoms and acupoints numbers on the
experimental results, we conduct the experiment by arranging the symptoms and
acupoints numbers in ascending and descending order in the original data. Table
3.7 shows the results of 5-fold cross validation for both ascending and descending
orders. Comparison of Table 3.6 and Table 3.7 reveals that label ordering has little
effect on experimental outcomes, which is consistent with the findings reported in
[54]. Specifically, the results suggest that if models are trained with appropriate
regularization techniques, the order of symptoms and acupoints numbers is not a

major factor influencing final performance.

Table 3.7: Experimental results of the 5-fold cross validation of Seq2seq with attention
on ascending and descending data.

F:val.uatmg First | Second | Third | Fourth | Fifth SRIRgE
indicator value

Accuracy | 99.70% | 99.93% | 99.93% | 99.96% | 99.73% | 99.85%
Precision | 90.94% | 98.06% | 98.66% | 99.17% | 92.22% | 95.81%
Recall 90.94% | 97.94% | 98.26% | 98.70% | 91.78% | 95.52%
ToU 87.98% | 97.20% | 97.79% | 98.39% | 89.38% | 94.15%
Accuracy 99.68% | 99.82% | 99.98% | 99.97% | 99.83% | 99.85%
Precision 90.70% | 95.46% | 99.22% | 99.02% | 95.04% | 95.89%
Recall 89.91% | 95.28% | 99.29% | 98.81% | 94.20% | 95.50%
IoU 86.73% | 93.36% | 98.89% | 98.50% | 92.14% | 93.92%

Order of data

Ascending data

Descending data

In order to analyze the impact of attention on model performance, we conduct
ablation experiment. Table 3.8 shows the 5-fold cross validation results of Seq2seq
without attention. Comparison of Table Table 3.6 and Table 3.8 reveals that the IoU
of Seq2seq without attention is significantly lower than Seq2seq with attention. In
addition, the IoU of the third and fourth folds are higher than 95%, while the IoU
of the first, second, and fifth folds are all below 70%, indicating that the model’s
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generalization ability without attention is poor. The experimental results show that
the attention not only improves the loU of the model, but also enhances the robustness

of the model.

Table 3.8: Experimental results of the 5-fold cross validation of Seq2seq without
attention.

Pwlumang | g | Socond, | Third | Pourth | Eifn | S Fee
indicator value

Accuracy | 99.06% | 99.12% | 99.93% | 99.95% | 99.07% | 99.42%
Precision 72.77% | 75.34% | 98.13% | 98.45% | 73.56% | 83.65%
Recall 76.56% | 80.21% | 98.30% | 98.54% | 78.06% | 86.34%
IoU 63.54% | 67.34% | 97.18% | 97.93% | 64.58% | 78.11%

To evaluate the generalization and stability of the algorithm under increased data
volume, we conducted experiments on seq2seq with attention using augmented data.
For the symptoms of a case, some of them are not “and” relationship, but “or”
relationship. Therefore, one or two secondary symptoms can be removed for cases
with more than 10 symptoms. In this way, the amount of data can be increased and
the influence of the main symptoms in the model can be enhanced. We expanded
3000 cases to 6000 in this way. Table 3.9 provides a detailed breakdown of the results
and average values obtained from 5-fold cross validation specifically for Seq2seq with
attention using 6000 augmented data. Comparing Table 3.6 and Table 3.9 reveals a
slight improvement in the model’s loU for the dataset of 6000, indicating that the
algorithm has good scalability. It’s important to note that AMT is a medical practice,
which demands exceptionally high data quality standards. The augmented data in
this paper is solely for testing the algorithm’s scalability, not for training the final

model.

Table 3.9: Experimental results of the 5-fold cross validation of Seq2seq with attention
using 6000 augmented data.

Evaluating | p. & | Second | Third | Fourth | Fifth | Vera8e
indicator value

Accuracy | 99.85% | 99.97% | 99.98% | 99.96% | 99.86% | 99.92%
Precision 95.60% | 99.10% | 99.23% | 98.98% | 96.04% | 97.79%
Recall 95.75% | 99.30% | 99.26% | 98.72% | 96.21% | 97.85%
IoU 93.93% | 98.77% | 98.92% | 98.37% | 94.84% | 96.97%
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3.2.3 Case Study

We showcase our model’s practical performance through an example. We input a test
case’s symptom combination into our model, and it provides an acupoint prescription,
as illustrated in Figure 3.4. The model’s prescription corresponds to the acupoint
prescription described in reference [53] for Yin-Yang deficiency hypertension. Despite
this particular combination of symptoms in the disease case not being included in the
model’s training data, the model provides an accurate acupoint prescription, which

shows that our model has a good generalization ability.

Symptom symptom

number
17 Forgetfulness Acupoint Acupolint
. number
128 Frequent urination
15 LI4
140 Headache
22 LI11

169 Aching lumbus

197 Deep pulse |:> Seq2seq with ‘:> B Bre
i 148 BL23
222 Somber facial complexion attention

- 271 GB20
315 Thin tongue fur
. 298 LR3
379 Tinnitus
- 329 DU20
418 Hypertension
- 341 RN4
432 Fine pulse
487 Pale tongue

Figure 3.4: Exemplary Acupoint Prescription by Seq2seq with Attention.

3.2.4 Discussion

For traditional machine learning algorithms, we attribute their poor performance to
the following three reasons. (1) Traditional machine learning algorithms, such as
Decision Trees, Random Forests, and Naive Bayes methods, become ineffective in
capturing higher order correlations as they can only capture first or second order
correlations [56]; (2) For multi-label classification problems with excessive numbers
of labels (e.g., 410 labels in this study), transformation techniques that include Binary
Relevance, Classifier Chains, and Label Powerset are ineffective; (3) The imbalance
of labels in AMT data is also one of the important reasons for the poor performance
of traditional machine learning algorithms. It is difficult to ensure that the positive

and negative sample sizes of each label in the training data are consistent in AMT
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data. For FNN and TextCNN, although higher-order correlations in features can
be captured, their generalization ability is limited due to ignoring the correlations
between labels.

For Seq2seq with attention, the superior performance in deciding acupoints com-
pared to other algorithms can be attributed to 3 key advantages. Firstly, Seq2seq can
capture higher order relationships among features. Secondly, due to the encoding-
decoding structure of Seq2seq, it can accurately capture and predict the relationships
between multiple labels while learning high-order correlations of features, thereby en-
hancing the model’s generalization ability and overall performance. Furthermore, the
addition of attention further improves the performance and generalization ability of
the model.

Based on the experimental results and the analysis mentioned above, Seq2seq with

attention is sufficiently applicable to determine acupoints.
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3.3 Conclusion

This chapter presented a series of exploratory studies that established a systematic
framework for applying machine learning to AMT acupoint prescription. Through
comparative experiments, we benchmarked a range of models, finding that the Seq2seq
architecture with an attention mechanism was particularly effective at capturing the
sequential dependencies in treatment protocols. Despite its predictive strengths, how-
ever, its clinical utility was hampered by poor interpretability and sensitivity to data
variations. These findings crystallized the core requirements for a clinically viable
model: it must not only predict accurately but also reflect the hierarchical reasoning
of AMT and offer transparent outputs. The hierarchical and interpretable model

proposed in Chapter 4 is designed specifically to meet these requirements.
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Chapter 4

Hierarchical and Interpretable Machine
Learning Model for Acupoints
Determination

Building on the insights gained from the exploratory studies in Chapter 3, this chap-
ter introduces a novel hierarchical and interpretable machine learning model for acu-
point determination in AMT. While earlier approaches demonstrated the feasibility
of applying machine learning to AMT, they also exposed several limitations, such
as difficulties in handling the hierarchical nature of acupoint selection and the lack
of interpretability required for clinical applications. To address these challenges, we
propose a model that integrates hierarchical classification with mechanisms designed
to enhance interpretability, thereby aligning computational predictions more closely
with the principles of AMT and the practical needs of clinicians. The chapter is
organized as follows. Section 4.1 details the materials and methods, including data
analysis and database construction, the design of the hierarchical and interpretable
model, and the evaluation metrics employed. Section 4.2 presents the experimen-
tal results, demonstrating the effectiveness of the proposed approach in capturing
the structured relationships among acupoints while providing interpretable outputs.
Finally, Section 4.3 concludes the chapter by summarizing the contributions of the
proposed method and setting the stage for its integration into a practical decision-

support system discussed in Chapter 5.
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4.1 Materials and Methods

The process of selecting acupoints can be regarded as establishing the corresponding
relationship between the combination of a series of symptoms and the combination
of acupoints in the acupoint prescriptions, rather than the corresponding relationship
between a single symptom and a single acupoint. In machine learning, this kind of
problem can be classified as multi-label classification problem. The combination of
symptom numbers is used as features of the model input, while the combination of
acupoint numbers is used as labels of the model output. To achieve the prediction
of acupoint prescriptions from symptoms using machine learning models, various ap-
proaches are evaluated, including traditional machine learning methods (such as Naive
bayes [58], Decision trees [59]), ensemble learning technique (such as Extra tree [33]),
and deep learning models (such as FNN [47], TextCNN [48], TextGCN [60], ML-GCN
[61], Seq2seq with attention [49], MacBERT [62]). However, these methods do not
fully leverage the hierarchical structure inherent in AMT data. This structure plays
an important role in AMT practices. To overcome these shortcomings, this study
adopts hierarchical learning techniques to better utilize the structural characteristics
of AMT data. This section introduces the database construction, presents the hierar-
chical and interpretable machine learning model, and finally describes the evaluation

metrics.

4.1.1 Data analysis and database construction

We take the AMT prescription data for multiple sclerosis (from Reference [2]) as a
case study, analyzing it from a machine learning perspective. Through this case, we

illustrate the process of database construction and methods for data augmentation.

4.1.1.1 Data sources and analysis

For thousands of years, extensive clinical experience in AMT has been systemati-
cally documented in written records. These textual records of prescription infor-
mation constitute the primary scope of our data sources. In this study, we have
currently collected 5,000 acupoint prescription cases from books [2, 52, 53]. These
classical TCM books and textbooks were selected as the primary data sources for
our database for two main reasons: (1) their standardized terminology for diseases
and symptoms provides a consistent foundation for future dataset expansion; and
(2) the case descriptions generally follow a clear structure of “symptom—syndrome—

acupoint prescription”, which facilitates data extraction and organization.
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We use multiple sclerosis, as described in reference [2], as an example to illus-
trate the data collection process. Figure 4.1 presents the classification of multiple
sclerosis and its corresponding acupoint prescriptions. The left part of the figure pro-
vides an overview of the primary symptoms of multiple sclerosis, which are further
categorized into four syndromes based on symptom differences: lung heat damaging
liquid, spreading damp-heat pattern, spleen-stomach vacuity, and liver-kidney deple-
tion. The right part of the figure presents the acupoint prescriptions. First, two
primary sets of acupoints suitable for multiple sclerosis patients are identified based
on the affected body regions, namely the upper limb and lower limb. Subsequently,
specific acupoints are added based on the respective syndromes to address individual

conditions, enabling more targeted and precise treatment.

Name of disease: Multiple Sclerosis

[ Kcy points of syndrome differentiation ] [ Treatment])
Main symptoms: Primary Acupoints
Upper limb
Jianyu (LI15), Quchi (LI11), Shousanli (LI10), Hegu (LI4),
Accompanying Symptoms: Waiguan (8J5), Jiaji (EX-B2)
1. Lung heat d: ine liquid: Lower limb:
- Lung heat damaging uquic: _— ) o Biguan (ST31), Futu (ST32), Zusanli (ST36), Fenglong (ST40),
Symptoms include fever, profuse sweating, limb paresis, lack ol strength, agitation, dry mouth, G a2 : R ;o
5 3 . g Fengshi (GB31), Yanglingquan (GB34), Sanyinjiao (SP6), Jiaji
short urine, light yellow urine, pale red tongue, yellow tongue [ur, fine and rapid pulse. (EX-B2)

2. Spreading damp-heat pattern:

Symptoms includc flaccid and weak musclcs, particularly in the lower limbs, which feel heavy.
‘I'here may be slight swelling or numbness, or a sensation of damp-heat. Additional symptoms
include reddish urine, a red tonguc with a ycllow greasy coating, and a slippery rapid pulsc.

3. Spleen-stomach vacuity:

Symptoms include prolonged muscle weakness and lack of strength, poor appetite, abdominal
distension, pale complexion, mental fatigue, a thin or tooth-marked tongue, greasy coating, and a
weak thready pulse.

4. Liver-kidney depletion:

Symptoms include a gradual onset of weakness in the lower limbs, soft and weak muscles in the
lower back, and soreness in the waist. Patients may have dilliculty standing, experience dizziness
or tinnitus, or even progress to severe disability in walking. Muscle atrophy may occur in the hips
and legs. Additional symptoms include a red tongue, little moss. and a deep, thready pulse.

Supplementary Acupoints

. For lung heat damaging liquid:

Add Yuji (1LU10), Chize (1.US), Feiyu (BL13)

For spreading damp-heat pattern:

Add Yinlingquan (SP9) and Zhongji (RN3)

. For spleen-stomach vacuity:
Add Pishu (BL20), Weishu (BL21), Zhangmen (LR13),
Zhongwan (RN12)

. For liver-kidney depletion:
Add Ganshu (BL18), Shenshu (BL23), Taichong (LR3), Taixi
(K13)

(2

w

'S

Figure 4.1: Take “multiple sclerosis” as an example to illustrate the construction
process of the database. Here the text of this figure is a translation of the Chinese
text on page 863 of reference [2].

By observing the prescription for multiple sclerosis, it can be seen that acupoint
prescription consists of the following key components: the disease name, primary
symptoms, different syndrome classifications, and the acupoint prescriptions corre-
sponding to each syndrome. Furthermore, the following pattern can be summarized
from the analysis of extensive AMT data: 1. For the same disease, patients gen-
erally share consistent or similar primary symptoms. However, due to differences
in etiology, the disease can be further classified into multiple syndromes; 2. The
core acupoints for treating the same disease are typically identical or similar. How-
ever, based on specific syndrome classifications or particular symptoms, additional

acupoints are selected or certain acupoints are adjusted to achieve specific treatment.
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Based on the above observations, we use Figure 4.2 to illustrate the characteris-
tics of AMT data. A disease case is composed of multiple symptoms, and different
combinations of these symptoms can be categorized under a specific disease name.
The same disease name may be further subdivided into multiple subcategories based
on variations in syndromes or certain specific symptoms. Here, the subcategories are
defined by us to better capture the nuances in acupoint prescriptions. A subcate-
gory is a classification used to distinguish differences in treatment plans caused by
variations in syndromes or specific symptoms. Each Subcategory is defined by a com-
bination of the disease name, syndrome type, and symptom names that influence the
treatment prescription. Cases within the same subcategory share the same treatment
prescription. In terms of classification tasks, a combination of symptoms corresponds
to a single disease name and its associated subcategory, making the classification of
disease names and subcategories a multi-class problem. In contrast, acupoint pre-
scriptions, which involve selecting multiple acupoints from a set of several hundred

acupoints, can be approached as a multi-label classification task.

Figure 4.2: Hierarchical label structure for disease cases in acupoint prescriptions.
The numbers in the figure represent the statistical information of our database.

4.1.1.2 Database construction

Due to differences in how identical symptoms are described across various data
sources, we adopted a manual way to ensure the quality of the database. Specif-
ically, we followed the symptom naming guidelines proposed in reference [63] as a
foundation. Unlike traditional AMT, we categorized additional terms, including body
parts, symptom severity, and gender, that are closely related to the description of the
condition into “symptoms”, resulting in a total of 770 “symptoms” in our dataset.
As to the names of acupoints, our database includes 410 acupoint names, consisting
of 409 acupoints certified by WHO [18] and the Ashi acupoint. Ashi points refer to

areas that lack a specific name or fixed position but are identified by tenderness or
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other reactions when stimulated [2]. To date, our dataset has collected 5,000 cases,
each defined as a distinct set of symptoms and its corresponding acupoint prescrip-
tion. While some examples reflect actual clinical experience, most were formulated
according to textbook guidance. In our construction, any variation in the symptom
combination or acupoint selection is treated as a separate case. As shown in Table 1,
each case consists of the following components: disease case number, disease name,
subcategory, symptoms, and acupoints. To meet the requirements of machine learn-
ing, we assigned numerical IDs to each disease name, subcategory, symptom, and
acupoint (as shown in Figure 4.3), and digitized all data accordingly. The results
are presented in Table 4.2, which corresponds to Table 4.1 with all original terms re-
placed by their respective IDs defined in Figure 4.3. The acupoint order in Table 4.2
follows the original prescription sequence in the data. However, since the acupoints
are treated as labels in a multi-label classification task, their order does not affect the
model’s learning or prediction results.

Each disease case in the database is labeled across three hierarchical levels: The
first level is the disease name layer, which includes 159 categories; The second level
is the subcategory layer, which consists of 1,576 categories; The third level is the
acupoint layer, comprising 410 categories, corresponding to 410 acupoints names. It
should be noted that the statistical data presented here reflects the current state
of our database, rather than the categorization practices in TCM field. In addition,
since manual annotation is time-consuming, we applied data augmentation to expand

the dataset to 10,138 samples for large-scale performance evaluation.

4.1.1.3 Data expansion

Among the 5,000 original samples, there are 1,576 subcategories, with an average
of only 3.2 samples per subcategory. In addition, due to limitations in data sources,
some subcategories have a large number of samples, while many have only one sample.
This severe data imbalance poses challenges for model training. Thus, in the absence
of rapidly expanding metadata, data augmentation becomes essential to address this
issue.

Our data augmentation method is based on the following principle: In acupoint
prescriptions, each disease case typically includes multiple symptoms, but these symp-
toms vary in their impact on diagnosis and treatment plans. Some symptoms do not
affect the diagnosis of a disease or the corresponding treatment, while others may

significantly influence the prescription. Based on this, we categorized symptoms into
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Disease Di S t i
1sea . isease ymp Olf] Symptom Acupoint Acupoint
numbei name numbei number
1 Apoplexy 1 Irritable 1 LUI
2 Headache 2 Feel depressed 2 LU2
3 Dizziness 3 Oversensitive 3 LU3
159 |Postencephalitis 770 Urinary retention 410 Ashi
Subcategory
number Subcategory
1 apoplexy (organ strike block pattern)
2 apoplexy (organ strike block pattern), upper limb, hemiplegia
3 apoplexy (organ strike block pattern), omarthralgia
1576 postencephalitis

Figure 4.3: Diseases, symptoms, acupoints, and subcategories with assigned IDs.

Original data
D;Zfr?:e Subcategory Symptoms Acupoints

loss limbs, muscle atrophy, fever, profuse
multiple multiple sclerosis (lung heat sweatmg limb paresis, lack ofstrength agitation, dry mouth, |LI1S, LI11, L110, L4, SJ5, EX-B2,
sclerosis damaging ]iquid)’ upper limb short urine, light yellow urine, pale red tongue, yellow tongue (LU10, LUS, BL13

fur, fine pulse, rapid pulse, upper limb

Augmented data
Di .
n:f;l:e Subcategory Symptoms Acupoints

loss of use of the limbs, muscle atrophy, fever, profuse
imultiple imultiple sclerosis (lung heat sweating, limb paresis, lack of strength, agitation, dry mouth, |LI1S, LI11, LI10, LI4, SIS, EX-B2,
sclerosis damaging ]iquid)’ upper limb short urine, light yellow urine, pale red tongue, yellow tongue [LU10, LUS, BL13

fur fine pulse ra_gld pulse, upper limb

he v, fever, profuse

multiple multiple sclerosis (lung heat ing, hmb paresis, l-aeleef—s&eﬂgﬂa—agltatxon dry mouth, |LI15, LI11, LI10, LI4, SJ5, EX-B2,
sclerosis damaging ]iquid)’ upper limb short urine, light yellow urine, pale red tongue, yellow tongue [LU10, LUS, BL13

fur, fine pulse, rapid pulse, upp\.r limb

los f the limbs, mus phy. fever, profuse
multiple multiple sclerosis (lung heat sweating, limb paresis, lack of strength agitation; dry mouth, |LI15, LI11, LI110, LI4, 85, EX-B2,
sclerosis darnaging ]iquid), upper limb short urine, light yellow urine, pale red tongue, yellow tongue |LU10, LUS, BL13

fur, fine pulse, rapid pulse, uppcr limb

loss of use of the limbs, mus v, fever, profuse
multiple multiple sclerosis (lung heat sweating, limb paresis, lack ofstrength agitation, dey-mouth; [LI15, LI11, LI10, LI4, 8J5, EX-B2,
sclerosis damaging ]iquid)’ upper limb short urine, light yellow urine, pale red tongue, yellow tongue (LU10, LUS5, BL13

fur, fine pulse, rapid pulse, upper limb

Figure 4.4: Example of data augmentation: from original to augmented data.
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Table 4.2: Numerical representation of database elements.

Disease case| Disease name | Subcatego .
gory Symptom numbers Acupoint numbers
number number number
1 1 1 400,123,38,401,396,225,402,374,337,218, [225,335,11,228,106,12,229,107,77,296,193,76,295,1
403 92
2 1 2 1400,123,38,401,396,225,402,374,337,218, [225,335,11,228,106,12,229,107,77,296,193,76,295,1
403,206,419 92,26,5,15,395,233
3 1 3 400,123,38,401,396,225,402,374,337,218, [225,335,11,228,106,12,229,107,77,296,193,76,295,1
) 403,454,456 92,28,26,115,121,120,410
5000 159 1576 120,505,297,315,312,411,192 324,360,323,322,5,225,15,109,285,67,298

three types: primary symptoms (which specifically indicated in the raw data), spe-
cial symptoms (such as the location of symptoms, severity of disease, etc.) that affect
treatment plans, and less significant symptoms. In the process of data expansion,
we retained the primary and special symptoms while randomly removing one or two
less significant symptoms, and keeping the acupoint prescription unchanged, thus
achieving the goal of data augmentation. Figure 4.4 illustrates the process of data
augmentation using a case of multiple sclerosis as an example. In the table at the
upper part of the figure, symptoms are categorized by font color for illustrative pur-
poses, where green indicates primary symptoms, blue represents special symptoms,
and black denotes less significant symptoms. To expand the dataset, one less signif-
icant symptom (such as “lack of strength”, “agitation”, “dry mouth”) is randomly
removed from the original sample while retaining the original data. This process
expands the dataset from one sample to four samples. We applied this approach to
expand the database to 10,138 samples.

To evaluate the quality and distributional consistency of the augmented data,
we employed t-Distributed Stochastic Neighbor Embedding (t-SNE), a non-linear
dimensionality reduction technique designed to visualize high-dimensional datasets in
a low-dimensional space [64]. As illustrated in Figure 4.5, where blue points represent
original clinical samples and orange points denote generated ones, the visualization
demonstrates that the original data forms distinct semantic clusters. The generated
samples are distributed in close proximity to these clusters, filling the sparse regions
within the data manifold without forming isolated outliers. This observation suggests
that the generated data maintains distributional consistency with the original dataset,

making it suitable for subsequent model training.

39



4.1. MATERIALS AND METHODS 40

Distribution Consistency Check: Original vs. Augmented Data

& Dataset
@ Original Data
100 A @ ® Augmented Data
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Figure 4.5: t-SNE visualization of feature distributions for original and augmented
data.
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4.1.2 Hierarchical and Interpretable Machine Learning Model

4.1.2.1 Overview of research framework

Figure 4.6 provides an overview of the proposed hierarchical and interpretable model
framework. As shown in Figure 4.6, our model consists of three main components:
the data preparation module, the hierarchical classification module, and the result
interpretation module. The model takes the symptoms from the disease case D and
the corresponding hierarchical category structure v as input. Then, the hierarchical
classification module captures the relationships between symptoms and each category
in the hierarchy, models the dependencies across different levels, and predicts the
hierarchical categories of the disease case. Finally, we employ LIME to visualize the

prediction results at each level, to enhance the interpretability of the results.

0
; I
dizzy === I
aphasia
— |l — vgmitus | | — HAM » Pl » LIME 11
—— ; -l 1
cough 1 I Il
w
D sneeze I v I
L [ N
Root 4+ M B » LIME 12
! I L L
Level 1 I I Ez
L1
I 1 —> HAM > LIME
Level 3 S
| I S—
Data Preparation Hierarchical Classification Result Interpretation

Figure 4.6: Framework of the hierarchical and interpretable machine learning model.
D: Textual data of a disease case. k: The dimension of the embedding vector, defining
the length of each symptom’s representation. ~: Hierarchical category structure
corresponding to the disease cases. V: The complete semantic representation of a
disease case’s symptoms. S: The vector matrix of the hierarchical category structure
v. HAM: the hierarchical attention-based memory unit. ! "~!: the information of
previous level h. P1: The prediction result of the i-th layer. Li: The interpretability
results of LIME in the i-th layer.

4.1.2.2 Hierarchical classification module

The hierarchical classification module utilizes the HARNN model proposed in [15],
an established method for hierarchical classification tasks. HARNN generates unified
representations for both document texts and hierarchical category structures, mod-

els dependencies between hierarchical levels, and predicts categories in a top-down
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manner. Unless otherwise stated, we follow the configurations outlined in the original
paper.
After representing the disease case text D as a sequence of N symptoms

derived from the pre-trained BERT model (bert-base-Chinese) [62, 65]. Similarly,
the hierarchical category structure v is embedded into a matrix S = (S'; 8% S3) with
randomly initialized embeddings for each hierarchical level. A recurrent architecture,
as illustrated in Figure 4.6, is employed to model dependencies across different levels,
processing the hierarchical structure in a top-down manner. At each level, the Hierar-
chical Attention-based Memory (HAM) unit functions as the primary mechanism. It
captures associations between texts and categories, generates unified representations
and predictions for each category level, and transfers hierarchical semantic repre-
sentations to subsequent layers. The input to an HAM unit consists of the whole
semantic representation of the disease cases V, the representation of the current cat-
egory level SP| and information from the previous level ! P~ All elements in ! ©
are initialized to 1.0, as level 0 represents the root of the hierarchical structure and
does not contain any additional information. The hierarchical classification module

generates predictions at each hierarchical level, represented as P', P2, and P3.

&)

@ [avg ——~) CPM
4\,/ P h
TCA CDM

| | @

Sh

Figure 4.7: Hierarchical attention-based memory unit [15].

In the HARNN architecture, the Attention mechanism is implemented as the
Text-Category Attention (TCA) module embedded within the Hierarchical Attention-
based Memory (HAM) unit, as illustrated in Figure 4.7. This Attention mechanism
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serves as a hierarchical attention mechanism that allocates attention weights accord-
ing to hierarchical dependencies, thereby enabling the model to focus on semantic
features that are most relevant to the classification task at each level. The core
component of HARNN is the Hierarchical Attention-based Recurrent Layer (HARL),
which models inter-level dependencies in a recursive, top-down manner. The overall
Attention process is realized through the collaboration of three sub-modules within
each HAM unit:

o Text-Category Attention (TCA) — Precise Feature Extraction: TCA captures
associations between textual content and category semantics. Specifically, it in-
corporates hierarchical information from the previous level ! "1 as prior knowl-
edge to filter the original text representation V via an element-wise product, re-
ferred to as contextual filtering. This operation allows the model to re-evaluate
textual content under a level-specific contextual background. Subsequently,
TCA computes the correlation between category embeddings SP and text fea-
tures to generate the attention matrix WE  enabling the model to emphasize

words that contribute most to the current classification level.

o Class Prediction Module (CPM) — Integrated Decision-making: The local fea-
ture representation rf, refined by TCA is concatenated with the global semantic
representation V. Based on this combined representation, the CPM produces
the predicted probability vector PP for the h-th classification level, integrating

both local attention-driven evidence and global contextual information.

» Class Dependency Module (CDM) — Knowledge Inheritance: The CDM ag-
gregates the attention-informed predictions by weighting them with the prob-
ability vector PP to construct an updated hierarchical information vector ! .
This vector is subsequently passed to the next HAM unit, ensuring continuity
of hierarchical reasoning, where decisions at deeper levels are constrained by

higher-level predictions.

4.1.2.3 Result interpretation module

The result interpretation module in this study employs LIME, a model-agnostic and
locally interpretable machine learning method. LIME explains the predictions of
complex black-box models by approximating them with simple interpretable models,

such as linear regression or decision trees. Its core mechanism involves generating
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new samples by perturbing the input around a given instance and using the black-
box model’s predictions on these perturbed samples to train a local interpretable
model. This interpretable model provides a localized approximation of the black-box
model’s behavior for the specific instance being analyzed.

LIME explains the predictions of a pre-trained black-box model, which in our
case is HARNN. The process begins by selecting an instance from the test dataset.
Perturbed samples are then generated around this instance, with weights assigned
based on their similarity to the original instance. Using these weighted samples, a
simple interpretable model is trained to locally approximate the decision behavior of
the black-box model. Finally, corresponding explanations L!, L2, L3 are generated

for each of the predictions P!, P2, P2 made by the Hierarchical classification module.

4.1.2.4 Evaluation metrics

For multi-label classification, common evaluation metrics include accuracy, precision,
recall, and ToU (Intersection over Union, also known as the Jaccard Index) [13, 50].
Accuracy measures overall prediction correctness, precision evaluates the proportion
of correct positive predictions, and recall assesses the proportion of actual positives
correctly identified. IoU comprehensively evaluates the model’s accuracy in identi-
fying effective acupoints while effectively penalizing incorrect predictions that mis-
classify non-effective acupoints as effective. This ensures a reliable assessment even
when the distribution of effective and non-effective labels is imnbalanced. Hence, IoU
is taken as the main evaluation criterion of the model in this study. In addition, we
incorporated Top-3 and Top-5 accuracy metrics, which evaluate whether the correct
acupoint appears among the top three or top five predicted candidates, to provide a

more comprehensive assessment of the model’s performance.
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4.2 Experiments

In this section, we evaluate the model using both quantitative metrics and case stud-
ies. First, we present the overall model performance using metrics such as Accuracy,
Precision, Recall, and IoU. Then, we introduce two case studies: the first demon-
strates the interpretability of the model using LIME visualizations, and the second

analyzes a misclassification case to explore the possible causes of error.

4.2.1 Model evaluation and performance comparison

We first present the performance of the hierarchical classification model on the original
dataset of 5,000 samples for each classification layer. Next, we analyze the changes in
performance trends across layers during the data augmentation process to investigate
its impact on model performance. Finally, we compare the experimental results of
different machine learning models using the augmented dataset to further validate

the effectiveness of the proposed approach.

4.2.1.1 Hierarchical model results on original dataset

The hierarchical classification task in this study is divided into three levels: the first
level predicts disease names, the second level predicts disease subcategories, and the
third level predicts acupoints prescriptions. In this experiment, 5,000 original data
were randomly divided into 80% for training and 20% for testing. Table 4.3 presents

the prediction results for each level.

Table 4.3: Performance metrics for three hierarchical levels on 5,000 original data.

Evaluation Metrics

Level Accuracy Precision Recall IoU Top-3 Top-5

Level-1 ~ 0.9996 0.9613  0.9690 0.9326 0.9860 0.9890
Level-2  0.9997 0.7267  0.7340 0.5752 0.7550 0.7600
Level-3  0.9977 0.9578  0.9189 0.8832 0.9960 0.9970

The experimental results indicate that the prediction performance of the model
at the second level is significantly lower than that at the first level and third level.
Although the ultimate goal of the model is to predict acupoint prescriptions, it can
be reasonably inferred that enhancing the performance of the second level predictions
may lead to improved performance at the third level. The primary reason for the

suboptimal performance at the second level is attributed to data imbalance. Among
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the 4,000 training samples, the second level encompasses as many as 1,576 categories,
with an average of only 2.5 samples per category. Furthermore, the majority of
categories contain only a single sample. This severe data imbalance limits the model’s
learning capacity and leads to reduced performance the second level. Based on the
above analysis, it is reasonable to posit that data augmentation represents an effective

strategy to alleviate data imbalance and enhance overall model performance.

4.2.1.2 Performance improvement through data augmentation

Figure 4.8 consists of three charts, each illustrating the trends in key metrics across
different levels of the model during the data augmentation process. It is evident from
the figure that as the data volume increases, the predictive performance of the model
at the second level improves significantly, while the results for the first level and third
level also show varying degrees of enhancement.

-m- Accuracy —#- Precision Recall 8- IoU

Layer 1 Layer 2 Layer 3

e s s s

Gl

5000 6000 7000 8000 8000 10000 5000 6000 7000 8000 9000 10000 5000 6000 7000 8000 9000 10000
Data Volume Data Volume Data Volume

Figure 4.8: Trend analysis of performance metrics for three hierarchical levels with
data expansion.

This trend demonstrates that data augmentation effectively mitigates the issues of
insufficient samples and class imbalance, thereby improving the overall classification
performance of the model. In particular, for the second level, which involves a large
number of categories, data augmentation serves an important function in improving

the model’s predictive capabilities, further demonstrating its effectiveness.

4.2.1.3 Model comparison on expanded dataset

To evaluate and compare the performance of the hierarchical classification model
with other machine learning models in predicting acupoints prescriptions, several
algorithms were selected as baseline methods. These methods encompass traditional
machine learning, ensemble learning, and deep learning approaches, as summarized
in Table 4.4.
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Table 4.4: Summary of baseline models for extended dataset.

Category Model Description
Traditional Machine Naive Bayes Implemented using the Scikit-learn library.
Learning Decision Tree
Ensemble Learning Extra Tree Implemented using the Scikit-learn library.
Deep Learning Feedforward Neural (FNN) Classical multilayer perceptron (MLP) architecture.
TextCNN Adjusted loss function for multi-label classification.
Text-GCN Constructed TCM graph with disease and symptom
nodes, used GCN for supervised learning.
ML-GCN Built an acupoint graph and applied ML-GCN for
multi-label acupoint prediction.
Seq2Seq with Attention Used attention mechanism to translate symptoms
into acupoints for prescription prediction.
MacBERT A Transformer-based pre-trained language model
optimized for Chinese.

To address the issue of imbalanced data distribution, we employed 5-fold cross-
validation to evaluate the model. 1,000 original samples were reserved as the final
test set and used for visualization analysis, while the augmented dataset of 9,138
samples was utilized for the 5-fold cross-validation experiments. The test set (1,000
samples) cousists exclusively of original, non-augmented data that were held out prior
to training, ensuring a rigorous evaluation of the model’s generalization performance.
Table 4.5 presents the average performance of various methods in predicting acupoint
prescriptions, obtained through 5-fold cross-validation. The results presented in the
table represent the best performance achieved by tuning the hyperparameters, such
as the learning rate, number of network layers, and dropout rate. Table 4.6 provides
a detailed breakdown of the results and average values obtained from the 5-fold cross-
validation specifically for HARNN.

Table 4.5: Experimental results of different machine learning algorithms on the ex-
panded dataset.

Models

Evaluating Naive Decision- Extra- Seq2seq

Pl Text-CNN - Text-GCN - ML-GCN  FNN with HARNN MacBERT
indicator Baycs Tree Tree %
attention
Accuracy 0.977 0.998 0.997 0.996 0.944 0.901 1.000 0.999 0.999 0.999
Precision 0.332 0.549 0.496 0.566 0.097 0.022 0.618 0.961 0.982 0.989
Recall 0.551 0.539 0.480 0.461 0.124 0.093 0.610 0.960 0.971 0.984
IoU 0.323 0.514 0.432 0.445 0.038 0.016 0.599 0.942 0.954 0.973

As shown in Table 4.5, MacBERT achieved the highest performance, with an
average IoU of 0.973 under 5-fold cross-validation. HARNN followed closely with
an IoU of 0.954, and Seq2Seq with attention achieved an IoU of 0.942. In contrast,
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Table 4.6: Experimental results of the 5-fold cross validation of HARNN on the
expanded dataset.

]fjval.uatlllg First Second Third Fourth Fifth ceTage
indicator Value

Accuracy  0.999 0999 0999 0.999 0.999 0.999
Precision ~ 0.980 0.982 0.982 0.982 0.981  0.982
Recall 0972 0968 0971 0973 0971 0971
IoU 0.953 0952 0954 0956 0.953  0.954

all other models yielded significantly lower IoUs, with none exceeding 0.599. These
results demonstrate that HARNN achieves comparable accuracy to MacBERT and
Seq2Seq with attention.

Among the tested models, MacBERT, HARNN, and Seq2Seq with attention all
achieved satisfactory experimental results. However, hierarchical learning adopts a
structured approach that better reflects the theoretical framework of TCM, enabling
it to not only predict acupoint prescriptions but also provide disease names and
subcategories. This aligns more closely with human diagnostic processes and enhances
practical applicability. In addition, Table 4.6 demonstrates the stability of HARNN
based on the results of the 5-fold cross-validation conducted on the expanded dataset.
To further validate the hierarchical classification model, we test it on 1,000 samples
from the original dataset. The results showed an Accuracy of 0.999, Precision of
0.971, Recall of 0.959, ToU of 0.932, Top-3 of 0.990, Top-5 of 0.995, demonstrating its

effectiveness and reliability.

Table 4.7: Paired t-test results comparing HARNN with other models.

Model t-value df p-value
MacBERT -13.988 4 0.00015
Seq2seq with attention 8.344 4 0.00113
ML-GCN 558.832 4 0.00000
TextCNN 98.424 4 0.00000
FNN 154.777 4 0.00000
Naive Bayes 98.577 4 0.00000
Decision tree 152.73 4 0.00000
ExtraTree 145.116 4  0.00000
Text-GCN 228.543 4 0.00000

Table 4.7 presents the paired t-test results comparing HARNN with other models.
All p-values are below the 0.05 threshold, indicating that the performance differences

are statistically significant (df = 4, based on 5-fold cross-validation). Except for
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the comparison with MacBERT, where the t-statistic is -13.988, all other t-values
are positive. This suggests that while HARNN performs lower than MacBERT), it

consistently outperforms the remaining models in our evaluation.
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4.2.2 Case Study

We present two case studies to illustrate the model’s predictive behavior and in-
terpretability. Case 1 demonstrates HARNN’s prediction process with LIME-based
explanations, while Case 2 examines a misclassification to identify possible causes of

error.

4.2.2.1 Casel

We selected one case from 1,000 test samples that were not involved in model training
to demonstrate the explanatory effect of LIME. Figure 4.9 presents the results of the
LIME analysis for the first-level classification task of this case. From the figure, it
can be observed that the LIME output consists of three parts. The first part lists
all the symptoms of the case; the second part shows the model’s prediction of the
disease name; and the third part illustrates the contribution of each symptom to
the model’s decision on whether the case belongs to a specific label. This analysis
provides an intuitive understanding of the model’s reasoning and the significance of
each symptom in its predictions. As shown in the figure, some symptoms do not
support the diagnosis of the disease as a common cold. This may be due to the
inconsistency between these symptoms and the cold symptoms learned by the model,
or the fact that the symptoms from the cold samples the model has learned do not
include these symptoms. However, these symptoms are exactly the key symptoms

that doctors need to focus on in clinical diagnosis.

Symptoms of a disease case @ Not common cold Not multiple sclcros|§ multiple sclerosis
cough aversion to wind|
0ss 0od
: - - v : . turbid nasal disc... heavy bod:
cough,yellow or reddish urine,short urine,dizzy head,cephalgia,sensation oy e b o
; : 5 aversion to wind yellow or reddish ...
of pressure in the head,heavy-headedness,thoracic oppression,pulse 013 00
& scant sweat scant sweat
number,muscle soreness,fever,scant sweat,yellow tongue fur,thin 010 o
. s ) muscle soreness heavy-headedness
fur,slimy tongue fur,dry mouth,sliminess in the mouth,soggy o forof pressur o
pulse,aversion to wind,heavy body,thirst with no desire to drink,turbid e viscaity p—
H i H H 0.08 0.0
nasal discharge,phlegm viscosity,heart vexation haliia st iwith o desifens
o 3
heavy-headedness soggy pulse
006 oo
fever short urine
006 w0
@ thirstwith no desire. | cough
00d oo
Prediction probabilities heart vexation cephalgia
pulse number] dizzy head
common cold :I 1.00 o5 .00
sliminess in the ... sensation of pressur...
multiple sclerosis o -]
dry mouth thoracic oppression
0 00
pulmonary carb... dizzy head thin fur
008 oo
edema hort urine Kurtid nasal disc..
000 ] ho
Other - thoracic oppression dry mouth|
003 009
heavy body muscle soreness
0.024 X

Figure 4.9: LIME visualization of a disease case in disease name classification.

Figure 4.10 illustrates the step-by-step prediction results of LIME for the three-

level classification task. At the first level, the model diagnoses the test case as “com-
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mon cold” with a very high probability, while assigning very low probabilities to
“multiple sclerosis” or other diseases. At the second level, the model further specifies
the diagnosis as “common cold with summer heat-dampness assailing the exterior.”
The third level presents the model’s predictions for acupoint prescriptions. We vi-
sualize the top 15 acupoints ranked by prediction probability to explain the model’s
decision-making process and provide intuitive support for practical applications, as
shown in Figure 4.11. By observing the weight of each symptom at each acupoint,
we can not only validate the reasonableness of the model’s results but also further

investigate the potential relationship between acupoints, diseases, and symptoms.

Layer 1: Disease Name Prediction Layer 3: Acupoint Prediction

common cold 0999993 . 10000

multiple sclerosis 10.000647 BL12 0.9999

0.000265 P9 0.9999

pulmonary carbuncle 002 20 0.9999

edema {0.000041 w7 09997

ua 09990

tuberculosis {0.000016 g5 0.9988

00 02 04 06 08 10 LR13 { 09885

Prediction Probabilities sP3 Jog72s
ST36 ] 09022
RN12 Jo.sse9
. g 00041
Layer 2: Disease Subcategory Prediction L:’li‘l’ : oss
common cold ( erheat-damp |0.9559 RN9 {0.0014
assailing the exterior)
common cold (summerheat-dampness |4 0015 BL13 {00012
assailing the exterior), vomitus ST25 {0.0012
common cold (summerheat-damp) 10.0002 PC6 {0.0012
s {0.0007
dysentery (cold-damp) {0.0001 pu20 00004
common cold (wind-hot invading the | 001 Ki6 {0.0001
exterior) i
00 02 04 06 08 10 0o 2 04 06 o8 10
Prediction Probabilities Prediction Probabilities

Figure 4.10: LIME visualization of prediction probabilities for disease name, subcat-
egory, and acupoint.

As shown in Figure 4.12, the LIME explanations across three repeated runs for
the same case are not entirely consistent. While the overall patterns remain similar,
slight variations can be observed in the contribution scores of certain symptoms. This
variability arises from the inherent randomness and locality of the LIME algorithm.
Nonetheless, the directionality of each symptom’s contribution, whether it is positive
or negative, remains largely stable across runs, suggesting that LIME still provides
meaningful insights into the model’s decision-making process.

In addition, we leveraged the built-in attention mechanism of HARNN to visualize
the model’s focus on each symptom during prediction, as illustrated in Figure 4.13
and Figure 4.14. Unlike LIME, which estimates the contribution of each symptom
to a specific prediction outcome, attention visualization reflects how much weight
the model assigns to each input symptom during its decision-making process. To

investigate the consistency of model interpretability across different training splits,
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Figure 4.11: LIME visualization of the top 15 acupoints ranked by prediction proba-
bilities to explain the model’s decision process.
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Figure 4.12: LIME visualizations for Level 1 predictions in Case 1 across three re-
peated runs.

we visualized the attention weights of HARNN models trained on distinct folds of
a five-fold cross-validation, as illustrated in Figure 4.13 and Figure 4.14 by the at-
tention maps from two different folds. Despite achieving similar overall classification
performance, the attention distributions varied significantly between models trained
on different data splits. This suggests that attention, while offering a hierarchical
explanation, is highly sensitive to training randomness, making it difficult to provide
a stable interpretation framework. In contrast, LIME produces local explanations by
perturbing input features and observing their influence on the model’s predictions. Al-
though slight variations exist between different model instances, the core explanatory
patterns—such as which symptoms contribute to or against a label—remain largely
consistent. This suggests that LIME may offer a more stable and interpretable lens

for understanding the decision-making process of the model.

4.2.2.2 Case 2

This case represents a misprediction made by the model during evaluation on 1,000
test samples. We present it here to analyze the factors contributing to the discrepancy
between the predicted and target labels.

Input Symptoms:
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acute phase, convulsion, rigidity of the neck and nape, bruxism, trismus

Target Labels from Database:

» Level 1 (Disease name): infantile convulsion (Disease number: 68)

o Level 2 (Subcategory): infantile convulsion (acute infantile convulsion), trismus,
a (Subcategory number: 1059)

o Level 3 (Acupoints): DU26, EX-HN3, LI4, LR3, PC9, ST6

Model Prediction:

+ Level 1 (Disease name): infantile convulsion (Disease number: 68)

» Level 2 (Subcategory): infantile convulsion (acute infantile convulsion), trismus,
b (Subcategory number: 1067)

o Level 3 (Acupoints): DU26, EX-HN3, LI4, LR3, ST6

A comparison between the target labels and model predictions shows that the
model correctly predicted the Level 1 category but misclassified Levels 2 and 3. To
investigate the cause, we examined relevant samples from the training and test sets,
as shown in Table 4.8.

The test cases No.1654 and No.3389, as well as the training cases No.7017, No.7018,
and No.7019, are all labeled as infantile convulsion (acute infantile convulsion), tris-
mus at Level 2. Among them, cases No.7017, No.7018, No.7019, and No.3389 have
minor differences in symptoms but share the same acupoint prescription. They are
therefore grouped under the same subcategory. In contrast, case No.1654 has a dif-
ferent prescription and is assigned to a separate subcategory. To distinguish between
such cases during data construction, we added suffixes “a” and “b” to the subcategory
name.

These two groups of cases come from different sources. Cases No.7017, No.7018,
No.7019, and No.3389 are from Reference [2], while case No.1654 is from Reference
[53]. The difference in acupoint prescriptions for similar conditions across sources

directly led to the mismatch between the model’s prediction and the target label.
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Table 4.8: Related Training and Test Samples for Case 2.

Dl::iig:se [::::Ze r].);:lﬁ Subcategory Su::;:{:;g:sry Symptoms Acupoints Data Source
Train set 7017 infantile convulsion 68 infantile convulsion 1067 acute phase, DU26, EX-HN3, [2]
(acute infantile hypertonicity, LI4, LR3, ST6
convulsion), trismus
trismus, b
7018 infantile convulsion 68 infantile convulsion 1067 acute phase, DU26, EX-HN3, [2]
(acute infantile myotonia, L4, LR3, ST6
convulsion), dysthymic disorder,
trismus, b trismus
7019 infantile convulsion 68 infantile convulsion 1067 acute phase, DU26, EX-HN3, [2]
(acute infantile hypertonicity, LI4, LR3, ST6
convulsion), dysthymic disorder,
trismus, b trismus
Test set 1654 infantile convulsion 68 infantile convulsion 1059 acute phase, DU26, EX-HN3, [53]
(acute infantile convulsion, rigidity LI4, LR3, PC9,
convulsion), of the neck and ST6
trismus, a napec, bruxism,
trismus
3389 infantile convulsion 68  infantile convulsion 1067 acute phase, DU26, EX-HN3, [2]
(acute infantile myotonia, trismus LI4, LR3, ST6
convulsion),

trismus, b

4.2.3 Discussion

4.2.3.1 Model Performance and Interpretability

This study compares traditional machine learning methods (such as support vector
machines, decision trees), ensemble learning method (such as Extra tree), and deep
learning methods (such as FNN, TextCNN, TextGCN, ML-GCN, Seq2seq with at-
tention, HARNN, MacBERT) to train models by using acupoint prescription data,
providing corresponding acupoint prescriptions based on patients’ symptoms. Among
all models, the Transformer-based MacBERT achieved the best performance, followed
by HARNN and Seq2Seq with attention, all of which have achieved satisfactory re-
sults. All three models incorporate attention mechanisms, underscoring the effec-
tiveness of attention in capturing the complex relationships between symptoms and
acupoint prescriptions, and highlighting its value in the application of acupuncture
and moxibustion treatment [66]. Moreover, although methods such as Text-GCN and
ML-GCN did not achieve the best performance in the current experimental setup,
they offer a promising alternative for modeling the structured and interrelated nature
of TCM data. By constructing knowledge graphs based on theoretical relationships
among symptoms, meridians, and acupoints, GNNs can capture multi-relational de-
pendencies that are difficult to model with conventional neural architectures. This
direction may better align with the inherent logic of TCM and represents a valuable
area for future research beyond the current HARNN framework.

In our experiments, we tested several encoding methods for symptoms, includ-
ing one-hot encoding, Word2Vec, and BERT-base-Chinese. However, in the case of

HARNN, the differences in model performance across these encoding methods were
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relatively minor. The best-performing method, BERT-base-Chinese, outperformed
the others by an average margin of less than 0.01 in five-fold cross-validation. These
results suggest that, for this task, the hierarchical structure may have a greater impact
on model performance than the choice of symptom encoding.

From the LIME interpretation of the current model’s prediction results, the acu-
point selection logic of the model is largely consistent with the logic described in
references [2, 52, 53]. This indicates that the model can preliminarily capture the key
principles of AMT. LIME offers intuitive visual explanations that are particularly
accessible to non-technical audiences and enable rapid single-sample analysis. How-
ever, its reliance on local surrogate models can sometimes result in unstable explana-
tions. On the other hand, SHAP provides both local and global feature attributions
grounded in a solid theoretical foundation, satisfying the Shapley axioms and offering
higher mathematical precision. However, its model-agnostic implementations, such
as KernelSHAP, often come with high computational costs and complexity [43]. Con-
sidering these complementary strengths and limitations, we view SHAP as a valuable
addition to our interpretability toolkit. Therefore, in future work, we plan to explore
SHAP and other alternative explanation methods to achieve more stable and reliable

model interpretability.

4.2.3.2 Limitations and Challenges

This study primarily explores data processing strategies and machine learning mod-
els suitable for acupuncture prescriptions. While the results are promising, several
challenges remain for real-world deployment, mainly concerning data quality, model
generalization, and clinical validation:

1. Limitations in Data Quality and Representativeness

Lack of real-world clinical data: The model is trained on datasets derived from
classical TCM literature and textbooks, which offer authoritative and standardized in-
formation but fall short of capturing the complexity and individual variability present
in real clinical cases. Future work should incorporate real-world electronic medical
records (EMRs) and involve TCM experts in annotation and validation.

Limitations of data construction methods: The rule-based symptom reduction
approach used for data augmentation helps increase dataset size but may introduce
subjectivity and bias. Before clinical deployment, all training samples should undergo
expert review to ensure data reliability.

2. Constraints in Model Generalization
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Class imbalance and data sparsity: The dataset contains many low-frequency
subcategories, which reduces the model’s ability to generalize. While the current
augmentation strategy provides partial relief, further improvements are needed.

Limited adaptability to novel clinical scenarios: The model struggles to generate
prescriptions for symptom combinations or treatment contexts not seen in the training
data. This reflects a common limitation of conventional machine learning methods
based solely on historical patterns.

3. Lack of Clinical Validation and Practical Evaluation

Inadequate evaluation metrics: Current metrics such as IoU and accuracy assess
label alignment but do not reflect the clinical validity of the predicted prescriptions. A
more comprehensive evaluation framework is needed, incorporating expert assessment
and patient treatment feedback.

Room for performance improvement: Although the proposed method achieves
reasonable results, its accuracy still lags behind BERT-based models, indicating the

need to explore more advanced model architectures.
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4.3 Conclusion

This chapter proposed a methodology for providing acupoint prescriptions based on
symptoms for treating patients, through constructing a hierarchical and interpretable
machine learning model. Specifically, our model effectively utilizes the hierarchical
structure between diseases, subcategories, and acupoints in AMT through the hier-
archical learning model HARNN, addressing the issue of poor model performance in
multi-label tasks due to the excessive number of labels. IoU is 0.954 in 5-fold cross-
validation with augmented data and 0.932 in the test set of 1,000 original samples.
Additionally, by using the LIME method to visualize the model’s prediction ratio-
nale, the credibility of the model is enhanced. Our research advances the application
of Al technology in AMT and provided strong support for the future development
of data-driven intelligent support systems for AMT. This achievement is expected to
play a key role in improving treatment effectiveness, optimizing treatment plans, and
enabling personalized healthcare, thereby laying a solid foundation for the intelligent
development of AMT.
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Chapter 5

System Design and Implementation

This chapter presents the practical culmination of our research: the design and im-
plementation of an interactive AMT Support System. Leveraging the hierarchical
and interpretable model from Chapter 4, the system is engineered to bridge the gap
between computational analysis and real-world clinical practice. This chapter pro-
vides a comprehensive overview of the system’s user interface and configuration. The
system’s capabilities are then showcased through a detailed analysis of two clinical

scenarios, demonstrating its potential to assist practitioners in decision-making.
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5.1 Overview of the Intelligent Support System

Figure 5.1 illustrates the diagnostic and treatment workflow of AMT using our pro-
posed intelligent AMT support system. This system primarily focuses on optimizing
@, @ ®, @ and ® in the process. We first construct an acupoint prescription
database @, which serves as the training data source for a hierarchical and inter-
pretable machine learning model @. At the beginning of diagnosis and treatment,
symptoms are first collected from patients using relevant medical equipment, based
on the TCM diagnostic methods of inspection, auscultation and olfaction, inquiry,
and palpation. Next, the symptoms @ obtained from the four diagnostic methods
are fed into the trained machine learning model @, which generates a disease classifi-
cation, syndrome subtype, personalized acupoint prescription @ , and corresponding
LIME-based interpretability analysis ®. The doctor subsequently examines relevant
historical cases from the database in conjunction with recommendations provided by
the model, to determine whether it is appropriate to modify the proposed acupoints
®. If necessary, the prescription is adjusted based on clinical expertise; otherwise, the
recommended acupoint prescription is directly applied. After receiving treatment, the
patient provides feedback on their recovery within a specified period. This feedback
is recorded in the database @ to further enhance the model’s accuracy and improve

future predictions.

y/ Patient rehabilitation  /

Acupoint

status feedback " | prescription
- 7@ — database
Results of HARNN
E Model Diagnosis .
Symptoms Hierarchical and @
Instrument ymp Interpretable ¢
Patient - 4 from the four : Doctor prescription
diagnosis < Machine Learning
diagnostic methods Model needs to be
A LIME-Based adjusted
Explanation of Model
@ @ @ Predictions @

Yes
Adjusted acupoint
prescription @

Figure 5.1: Diagnosis and Treatment Workflow with the Intelligent AMT Support
System.

Acupuncture and moxibustion treatment
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5.2 System Implementation

The following details the development of the intelligent acupuncture treatment sup-
port system, covering its technology stack, model integration, and user interface de-
sign. The system was built using modern, lightweight technologies that enable rapid
prototyping and interactive model inference, allowing clinicians to input symptoms
and receive acupoint recommendations along with interpretability feedback.

Technology Stack and Model Integration

The system is implemented in Python using TensorFlow for deep learning and
Streamlit to build the web-based interface. At startup, the pre-trained HARNN model
is loaded in inference mode. User-input symptoms (selected from predefined sets) are
processed in real time to generate predictions, including disease classification, subtype
identification, and recommended acupoint prescriptions. To enhance transparency,
LIME is incorporated into the pipeline to visualize the key contributing symptoms
for each prediction.

User Interface Design

The user interface is developed with Streamlit and is organized into the following

functional sections:

o Symptom Input Panel: Enables users to select or enter symptom descriptions.

e Prediction Display Panel: Shows the predicted disease, syndrome subtype, and
acupoint prescription.

» Interpretability Visualization: Presents LIME-generated visualizations that high-
light the symptoms most influential in the decision-making process.

o Case Feedback Section: (For future integration) Allows recording of patient

rehabilitation feedback.

Example screenshots of the system interface are provided below. Figure 5.2 and
5.3 provide illustrative screenshots of the AMT Intelligent Support System interface.
Figure 5.2 presents the main interface of the system. A language selection menu
is available in the sidebar, offering three language options: Chinese, English, and
Japanese. On the main panel, clinicians first input the patient’s symptoms, then click
the “Generate Recommended Prescription” button to initiate the prediction process.
The system returns a three-level diagnostic prediction generated by the HARNN
model, along with corresponding LIME-based interpretability visualizations. The
navigation bar includes three modules: the Home page, “Enter Treatment Record,”

and “View Past Records.” Figure 5.3 shows the treatment input page, where clinicians
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can enter patient information, symptom descriptions, and corresponding prescriptions

into the system.

Intelligent Support System for
@ 55 /Language/ S8 Acupuncture and Moxibustion Treatment

%48 8 / Choose Language / BB % #4R

3L
© English Un Enter patient symptoms
B8
=1 . - e
\:j‘ﬂﬁ.! NaVIgat'on / ’- E 7 & Generate Recommended Prescription
= [

JEFEINKE [ Select Function / BEEE TR

© % Home

¥ Enter Treatment Records

View Past Records

Figure 5.2: Main Interface of the AMT Intelligent Support System.

Notes on Deployment
Currently, the system is deployed and tested in a local environment, suitable for

research and demonstration purposes. Future extensions may include cloud-based

deployment, database integration, and mobile-friendly adaptations.
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Figure 5.3: Treatment Record Interface of the AMT Intelligent Support System.
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5.3 Case Study

5.3.1 Experimental Setup

To further demonstrate the effectiveness and interpretability of the proposed system,
we conducted detailed case studies on two representative test samples. These samples
were selected from a held-out test set of 1,000 patient cases that were not seen during
training. Each case includes a set of input symptoms and the corresponding predicted
acupoint prescription generated by the HARNN model.

The case studies were conducted on a local machine with the following experi-

mental setup:

o CPU: Intel Core i7-1195G7

o Memory: 8GB RAM

e Operating System: Windows 11

o Programming Language: Python 3.6.13

o Framework: TensorFlow 1.15.0

» Visualization & Interface: Streamlit 1.10.0
o Interpretability Tool: LIME 0.2.0.1

In the following case studies, we present the model’s prediction results alongside
interpretability visualizations, highlighting how the model arrives at its recommen-
dations and how these insights can aid physicians in understanding the rationale
behind them. These examples demonstrate the system’s potential to support clinical
decision-making by providing recommendations that are both accurate and inter-

pretable.

53.2 Casel

This case is selected from the reserved test set to demonstrate the system’s prediction

and interpretability output for a real-world clinical record.

e Input Symptoms:
myosalgia, muscle swelling, muscle soreness, skin numbness, pale red tongue,
yellow tongue fur, slimy tongue fur, dry mouth, bitter taste in the mouth,

stringlike pulse, slippery pulse
o Target Labels from Database:
— Level 1 (Disease Category): restless leg syndrome
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— Level 2 (Subtype): restless leg syndrome (damp-heat impeding the chan-

nels)

— Level 3 (Acupoint Prescription): BL56, BL57, SP9, ST40

Figure 5.4 illustrates the user interface and system response after entering the
symptom descriptions for Case 1. Once the user clicks the “Generate Recommended
Prescription” button, the system returns its three-level prediction within approxi-
mately one second. The predicted results include the disease name (“restless leg syn-
drome”), the disease subcategory (“restless leg syndrome: damp-heat impeding the
channels”), and the recommended acupoint prescription (“BL56, BL57, SP9, ST407).
Meanwhile, a prompt message—"“Generating LIME visualization analysis for you,
please wait”’—appears on the screen along with an estimated computation time. Un-
der the current system configuration, generating the interpretability results takes
approximately 40 minutes. Figure 5.5 to 5.8 present the LIME-based interpretability

analysis for each of the three prediction levels.

Ua Enter patient symptoms

myosalgia X muscle swelling X pale red tongue X
yellow tongue fur X slimy tongue fur X dry mouth X bitter tastein them... X o~
stringlike pulse X slippery pulse X

@, Generate Recommended Prescription

Analysis of Symptoms Based on Models:
The possible disease names for this patient are: restless leg syndrome
Prediction results of syndrome types:

The possible disease subcategory names for this patient are: restless leg syndrome (damp-heat impeding the

channels)
Prediction of acupoint prescription:

Based on the analysis of symptoms through the model, the appropriate acupoint prescription for this patient is:
ST40, SP9, BL56, BL57

w Generating LIME visualization analysis for you, please wait...

Figure 5.4: System Output for Case 1: Hierarchical Predictions Including Disease
Name, Subcategory, and Recommended Acupoints. (Source: Created by the authors)

Figure 5.5 presents the model’s prediction for the disease name associated with

this case. The model identifies “restless leg syndrome” with a high confidence of
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approximately 0.9965, while also listing other possible disease names along with their
respective probabilities. This prediction is consistent with the reference label in the

database.

Layer 1: Disease Name Prediction

restless leg syndrome 0.996497

wei syndrome 1 0.005271
malpresentation {0.001114
convulsion 10.000398

distention and fullness 0.000090

0.0 0'2 0.v4 O.' 6 0.'8 1 '0

Prediction Probabilities
Figure 5.5: Top Prediction Probabilities for Disease Names - Case 1 (Level 1).
(Source: Created by the authors)

Figure 5.6 presents the LIME interpretability analysis of the model’s prediction of
“restless leg syndrome” for this case. The vertical axis lists the patient’s symptoms,
while the horizontal axis shows each symptom’s contribution score toward the di-
agnosis. Positive scores indicate supportive symptoms, with higher values reflecting
stronger influence on the model’s decision; negative scores suggest symptoms that
contradict or reduce confidence in the diagnosis. The model ultimately classified the
case as “restless leg syndrome” because the total contribution of supportive symp-
toms outweighed that of the opposing ones. By comparing the model’s reasoning
with traditional TCM theories, the interpretability analysis helps judge whether the
prediction is reasonable and offers a helpful reference for manual review.

Figure 5.7 and 5.8 present the LIME-based interpretability results for the second-
level prediction. The model predicted the patient’s disease subcategory as “restless leg
syndrome (damp-heat impeding the channels)” with a high confidence score of 0.9939,
which is consistent with the ground truth. The interpretability visualization further
reveals the contribution of individual symptoms to this prediction, highlighting which
symptoms played a key role in the model’s diagnostic decision.

Figure 5.9 illustrates the predicted probabilities of acupoints recommended by
the system for this case. Only acupoints with probabilities greater than 0.5 are
considered for use. As shown in Figure 5.9, the top four predicted acupoints match the
target prescription. A more detailed interpretability analysis of the top 15 predicted
acupoints is presented in Figure 5.10, 5.11, and 5.12 using LIME.
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Figure 5.6: LIME Explanation for Top-1 Disease Name Prediction - Case 1 (Level 1).
(Source: Created by the authors)
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Figure 5.7: Top Prediction Probabilities for Disease Subcategories - Case 1 (Level 2).
(Source: Created by the authors)
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5.3.3 Case 2

A second test case is presented to further assess the system’s diagnostic accuracy and

interpretability.

Input Symptoms:
cough, rapid pulse, fever, red or crimson tongue, thin fur, dry mouth, dry nose,

nosebleed, dry throat
o Target Labels from Database:

— Level 1 (Disease Category): epistaxis
— Level 2 (Subtype): epistaxis (evil heat invading the lung)

— Level 3 (Acupoint Prescription): SP4, SP1, SP3, LU6, 114, L.120, DU23,
LU11

Figures 5.13-5.21 present the system’s diagnostic results, recommended acupoints,
and corresponding LIME explanations for Case 2. These results further demonstrate

the system’s robust performance across different clinical scenarios.

s Enter patient symptoms

rapid pulse X fever X thinfur X drymouth X
o~
drynose X dry throat X

@, Generate Recommended Prescription

Analysis of Symptoms Based on Models:

The possible disease names for this patient are: epistaxis

Prediction results of syndrome types:

The possible disease subcategory names for this patient are: epistaxis (evil heat invading the lung)
Prediction of acupoint prescription:

Based on the analysis of symptoms through the model, the appropriate acupoint prescription for this patient is: LU6,
LU11, LI4, LI20, SP1, SP3, SP4, DU23

Generating LIME visualization analysis for you, please wait...

Figure 5.13: System Output for Case 2: Hierarchical Predictions Including Disease
Name, Subcategory, and Recommended Acupoints. (Source: Created by the authors)
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Figure 5.14: Top Prediction Probabilities for Disease Names - Case 2 (Level 1).
(Source: Created by the authors)
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Figure 5.15: LIME Explanation for Top-1 Disease Name Prediction - Case 2 (Level
1). (Source: Created by the authors)
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Figure 5.16: Top Prediction Probabilities for Disease Subcategories - Case 2 (Level
2). (Source: Created by the authors)
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Figure 5.17: LIME Explanation for Top-1 Disease Subcategory Prediction - Case 2
(Level 2). (Source: Created by the authors)
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Figure 5.18: Top Prediction Probabilities for Acupoint Prescriptions - Case 2 (Level
3). (Source: Created by the authors)
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5.4 Conclusion

This chapter evaluated the performance of the proposed system using 1,000 original
test cases and demonstrated its capabilities through two representative examples. The
system predicts disease names, subcategories, and corresponding acupoint prescrip-
tions based on patient symptoms. Experimental results show that it performs well in
predicting disease names and acupoint prescriptions on the test set. By integrating
explainability techniques such as LIME, the system enhances model transparency and
supports clinical interpretability. In practice, the system operates within a physician
oversight framework and continuously updates its model based on patient feedback,
maximizing the advantages of Al while mitigating potential risks.

Despite these promising results, several limitations remain. The prediction per-
formance for subcategories is relatively lower than that for disease names and acu-
point prescriptions, indicating areas for improvement. Al models, especially those
trained on historical data, may fail to recognize rare or atypical cases, which can lead
to missed or incorrect diagnoses. Moreover, although the model demonstrates high
predictive accuracy, the actual effectiveness of treatment recommendations remains
heavily dependent on the quality and representativeness of the input data, which re-
quires further refinement and continuous evaluation by clinical experts. Furthermore,
regarding the interpretability of the proposed system, this study primarily validated
the model’s rationale by comparing the LIME-extracted features with standard TCM
diagnostic criteria (i.e., verifying that the model focuses on primary symptoms). How-
ever, a direct qualitative or quantitative evaluation of the system’s utility from the
perspective of clinicians has not yet been conducted. Future work will involve de-
signing user studies with TCM practitioners to evaluate the practical usefulness of
the LIME explanations in real-world diagnostic scenarios. Metrics such as “trust in
the model”, “reduction in diagnostic time”, and “interpretability satisfaction” will
be assessed to bridge the gap between algorithmic explainability and clinical utility.
Finally, in the current experimental environment, generating LIME-based explana-
tions takes over 30 minutes per case, significantly hindering practical deployment.
Enhancing the efficiency of interpretability modules is therefore critical for real-time
clinical application.

In summary, the proposed system offers a promising step toward intelligent, in-
terpretable support tools for acupuncture and moxibustion treatment planning. With

continued validation and technical refinement, it has the potential to assist clinical
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decision-making, improve efficiency, and promote more consistent and evidence-based

therapeutic practices while maintaining the essential role of physician judgment.
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Chapter 6

Conclusions

This dissertation explored the integration of machine learning methods into acupunc-
ture and moxibustion treatment (AMT), aiming to enhance the objectivity, consis-
tency, and clinical utility of acupoint prescription. The research progressed from
exploratory applications of traditional machine learning models to the development
of a novel hierarchical and interpretable framework, culminating in the design of a
prototype decision-support system.

The main contributions of this work can be summarized as follows:

1. Systematic literature review: A comprehensive review of AMT fundamentals
and the application of machine learning methods in this field was provided, highlight-
ing both the opportunities and the challenges of bridging traditional Chinese medicine
with modern computational approaches.

2. Exploratory applications of machine learning: Early attempts were conducted
using traditional machine learning algorithms, ensemble methods, and deep learn-
ing. These studies revealed the feasibility of applying machine learning to AMT
but also underscored key limitations, including difficulties in modeling the structured
relationships among acupoints and the lack of interpretability required for clinical
acceptance.

3. Hierarchical and interpretable model: To overcome these limitations, a novel
hierarchical and interpretable machine learning framework was proposed for acupoint
determination. This approach explicitly captured the hierarchical organization of
AMT knowledge while incorporating interpretability mechanisms to provide trans-
parent and clinically meaningful outputs. Experimental results demonstrated that
the model achieved improved predictive performance and offered enhanced inter-
pretability compared to baseline methods.

4. System design and implementation: Building upon the proposed model, a

prototype decision-support system was designed to integrate the developed methods
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into a practical clinical tool. This system highlights the translational potential of the
research and provides a foundation for future clinical applications.

Despite these contributions, several limitations remain. The quality and scale of
available AMT datasets constrained the scope of the experiments, and further efforts
are needed to integrate more diverse and standardized clinical data. Additionally,
while the proposed model improves interpretability, its effectiveness in real-world
clinical practice requires validation through collaboration with practitioners and rig-
orous clinical trials.

Looking ahead, future research should focus on three directions. First, the col-
lection and integration of large-scale, high-quality, and multi-source datasets will
be essential for improving the robustness and generalizability of models. Second,
extending the hierarchical and interpretable framework to incorporate multimodal
information—such as patient demographics, textual medical records, and physio-
logical signals—could further enhance its clinical relevance. Finally, strengthening
collaboration with clinicians and embedding the system into real-world healthcare
workflows will be critical for validating its practical utility and fostering trust in
Al-assisted AMT.

In summanry, this dissertation contributes to bridging traditional acupuncture and
moxibustion practices with modern machine learning methodologies. By advancing
both methodological innovation and system development, it provides a foundation
for future research toward clinically reliable, interpretable, and personalized decision-

support systems in AMT.
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