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Word2Vec, Bidirectional Encoder Representations from Transformers (BERT), Beijing Acade-
my of Artificial Intelligence General Embedding (BGE), and Qwen—were applied to encode
CMM property information into vector representations. Subsequently, t-distributed Stochas-
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mensional semantic vectors, followed by k-means clustering (k = 7). Clustering performance
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1 Introduction

Traditional Chinese medicine (TCM), guided by the prin-
ciple of Bianzheng Lunzhi (##i£4 /&, syndrome differen-
tiation and treatment), adopts a holistic approach and fo-
cuses on dynamic balance to achieve the prevention and
treatment of diseases [!l. As the core material foundation
of TCM theory, Chinese materia medica (CMM) strongly
relies on rational compatibility, which is key to optimiz-
ing therapeutic efficacy and reducing or regulating poten-
tial toxicity within the human body . Compatibility
refers to the combination of two or more CMMs guided
by specific theoretical principles, whereby synergistic ef-
fects such as mutual reinforcement and assistance are ex-
ploited to enhance therapeutic efficacy or reduce adverse
effects ©¥. Over centuries of clinical practice, TCM physi-
cians have accumulated extensive empirical knowledge
and developed a systematic framework for CMM compat-
ibility, most notably the Jun-Chen-Zuo-Shi (& E 4% 1%,
sovereign-minister-assistant-courier) formula structure .
Existing research predominantly relies on clinical records
or prescription data, employing data mining techniques
such as co-occurrence frequency, mutual information,
and association rules to construct herb networks or per-
form clustering analysis, aiming to uncover underlying
compatibility patterns P. However, these approaches
mainly focus on statistical co-occurrence in clinical text,
often overlooking the intrinsic properties of CMMs, thus
limiting their ability to reveal the semantic logic and un-
derlying mechanisms of CMM compatibility.

The theory of CMM property is a foundational com-
ponent of TCM, encompassing key categories such as the
four properties (cold, hot, warm, and cool), five flavors
(pungent, sweet, sour, bitter, and salty), ascending/de-
scending and floating/sinking tendencies, and meridian
tropism. Together, these characteristics describe the di-
rectional actions of CMMs and their correspondence to
internal organs and meridians "°. This theory is funda-
mental not only to understanding pharmacological
mechanisms but also to supporting research on CMM
classification [ and efficacy prediction . In the field of
TCM informatics, the quantitative and computational
representation of CMM property theory has long been an
important research focus. In early studies, these proper-
ties were often converted into binary codes or numerical-
ly quantified ¥, for example, by reducing the four proper-
ties, five flavors, and meridian tropism to fixed numerical
values %, Although such approaches enable the compu-
tational representation of CMM property information,
they generally rely on manually defined rules and thus
have limited capacity to capture the latent semantic rela-
tionships among CMM property concepts. With the de-
velopment of machine learning methods, some studies
have attempted to predict the cold-heat nature or func-
tional categories of CMM using chemical component
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features or multidimensional CMM property indicators,
thereby improving the automation of CMM property clas-
sification. For instance, JIA et al. ' applied the k-nearest
neighbors algorithm to predict the cold, hot, and neutral
properties of compounds in CMM, demonstrating that
chemical structure to some extent determines CMM
property tendencies. However, these studies have mainly
emphasized structural feature modeling, with relatively
limited attention to the semantic expressive capacity of
the CMM property texts themselves. In recent years, nat-
ural language processing techniques have gradually been
introduced into CMM research, and study has used word
embedding models or text representation methods to se-
mantically model CMM terminology for tasks such as for-
mula classification, knowledge extraction, and relation
prediction 2. Nevertheless, existing research has largely
focused on clinical texts or prescription data, while se-
mantic modeling of the CMM property theory itself re-
mains relatively limited, particularly in terms of systemat-
ic semantic representation methods for core concepts
such as the four properties, five flavors, and meridian
tropism. Therefore, developing representation methods
capable of reflecting the intrinsic semantic structure of
CMM property theory remains a key issue in intelligent
CMM research.

Natural language processing technologies have ad-
vanced rapidly, and large language models (LLMs) in
particular have demonstrated strong performance in se-
mantic understanding and representation "%, Pretrained
language models represented by Bidirectional Encoder
Representations from Transformers (BERT) have made
remarkable progress in the semantic modeling of medi-
cal texts. However, BERT and its variants, which are pri-
marily based on bidirectional encoding architectures, fo-
cus on modeling contextual relationships between words,
potentially limiting their ability to represent the highly
abstract, metaphorical, and relation-oriented semantic
structures inherent in CMM property theory. Built on
large-scale neural networks trained on massive corpora,
LLMs are capable of learning compositional, interactive,
and emergent linguistic patterns, encoding rich semantic
information within their parameter spaces '*. Recent ap-
plications of LLM-based methods have shown promising
performance in tasks such as CMM prescription recom-
mendation ¥, medical named entity recognition "%, and
drug interaction prediction ", offering new technical ap-
proaches for CMM semantic modeling. In parallel, stud-
ies on phenomics have incorporated molecular chemical
structures and protein-protein interaction networks to
construct feature representations for CMM !8-2, Never-
theless, research focusing on the semantic structure
modeling of fundamental CMM theories remains rela-
tively limited, and most previous studies have largely re-
lied on manually constructed knowledge graphs for anal-
ysis U, Incorporating LLM into the study of CMM
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property theory can overcome the limitations of tradi-
tional feature representations and build semantic knowl-
edge systems more aligned with the conceptual frame-
work of CMM, thereby advancing intelligent TCM re-
search.

In this study, we proposed a CMM clustering method
that integrated LLM with CMM property theory. Unlike
previous studies, the present study focused on represent-
ing the semantic structure of CMM property theory and
proposed a semantic clustering framework for CMM
based on LLM embeddings. By constructing a continu-
ous semantic space from CMM property texts, this frame-
work enables the automatic identification of functional
structures and compatibility relationships among CMMs,
thereby addressing the challenges of quantifying CMM
property knowledge and uncovering its underlying se-
mantic relationship.

2 Data and methods
2.1 Methodological framework

The workflow of the proposed CMM clustering approach
is illustrated in Figure 1. The framework integrates CMM
property theory with LLM-based semantic representa-
tion and consists of three sequential steps. First, CMM
property information is extracted and structured into tex-
tual descriptions based on key attributes, including four
properties, five flavors, and meridian tropism. This
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information is derived from the textbook Chinese Materia
Medica %%, which serves as the source for the CMM prop-
erty knowledge base. Second, the structured CMM prop-
erty texts are encoded into vector representations using
multiple semantic representation methods, including
One-Hot encoding, Word2Vec, BERT, Beijing Academy of
Artificial Intelligence General Embedding (BGE), and
Qwen, enabling the transformation of symbolic CMM
knowledge into a continuous semantic space. Third, di-
mensionality reduction is performed using t-distributed
Stochastic Neighbor Embedding (t-SNE) to project high-
dimensional semantic vectors into a low-dimensional
space, followed by k-means clustering to identify groups
of CMMs with similar functional characteristics. The opti-
mal representation method is determined through com-
parative evaluation of clustering performance.

2.1.1 CMM property knowledge base To obtain stan-
dardized CMM property information, we constructed a
CMM property knowledge base based on Chinese Mate-
ria Medica ¥, which includes 567 commonly used
CMMs. This knowledge base was used to provide CMM
property information for the CMMs included in the sub-
sequent clustering dataset and served as the input for se-
mantic representation. Examples are shown in Table 1.

2.1.2 Semantic representation In this study, the dataset
for semantic representation was derived from prescrip-
tions recorded in Waike Zhengzong ( { 4r #+ £ = ) ,

For example:
Text Mahuang (Ephedrae Herba): Herbal tesing g
description warm, pungent and pr:;e:ty @
— > slightly bitter; associated Bladder allblad Sanjiao)
CMM with the lung and bladder
meridiantropism.
Four properties Five flavors Meridian tropism
Semantic representation
0° o 09 [OIA[TTTI[0T6To[OT8T0] [BT0] one-tiot
Cluster 1
Ousg 0O CITTTTTTTT T[T wordavee
-SNE
O Clster 4 : T T LT [ Bert
O K-means l I I l l l l l l [ [ l """ l l IBGE
Cluster 3
0 1 (%e® O 1] oven
Cluster 5 CMM embedding
Figure 1 The workflow of the proposed CMM clustering approach
Table1 Examples of CMM property knowledge
CMM Property Flavor Meridian tropism
Mahuang (Ephedrae Herba) Warm Pungent, slightly bitter Lung, bladder
Rougui (Cinnamomi Cortex) Very hot Pungent, sweet Kidney, spleen, heart, liver
Zhiqiao (Aurantii Fructus) Slightly cold Bitter, pungent, sour Spleen, stomach
Xiangfu (Cyperi Rhizoma) Neutral Pungent, slightly bitter, slightly sweet Liver, spleen, Sanjiao
Shancigu (Cremastrae Pseudobulbus Cool Sweet, slightly pungent Liver, spleen

Pleiones Pseudobulbus)
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Orthodox Manual of External Medicine) ' and Yangke
Xinde Ji ( { % #+ = 13 & ) , Collected Insights on Ulcer
Medicine) . Considering that the Zangdu (IE 4 ,
pathogenic toxins) syndrome shares similarities with col-
orectal cancer in terms of anatomical location and clini-
cal manifestations ®, related prescriptions were selected
as the study objects (Supplementary Table S1), with pre-
scriptions 1 - 5 obtained from Waike Zhengzong and 6 -
10 from Yangke Xinde Ji.

All names of CMMs were standardized according to
the Pharmacopoeia of the People's Republic of China
2025 9, For example, “Shanzhi” was standardized as
“Zhizi (Gardeniae Fructus)”, and “Jiaozhen” as “Zaojiao-
ci (Gleditsiae Spina)”. In addition, substances such as
Chensha (Cinnabaris), Xiaoshi (Nitrum), and Jinbo (Au-
rum), primarily mineral or metallic preparations, were
excluded due to the lack of standardized descriptions of
their CMM properties and their absence from the Chi-
nese Materia Medica ?®. Ultimately, a total of 49 CMMs
were included in this study.

To achieve semantic representation of CMM property
theory, we employed five representation strategies: One-
Hot encoding *, Word2Vec embeddings ¢!, BERT 2%,
BGE P, and Qwen text-embedding-v4 B!, an LLM-based
embedding method. These approaches were used to con-
struct multi-dimensional CMM feature vectors, ranging
from shallow lexical representations to deep semantic
embeddings. The resulting representations served as in-
puts for subsequent clustering analysis, enabling a com-
parative evaluation of their performance and the selec-
tion of the optimal representation method.

(i) One-Hot. One-Hot encoding is a fundamental
word vectorization method that converts discrete tokens
into computable numerical representations. Its core idea
is to assign each unique token in the corpus to a separate
dimension in a sparse vector, setting the corresponding
dimension to 1 and all others to 0.

(ii) Word2Vec. Word2Vec is a distributed word repre-
sentation model based on neural networks. Its core idea
is to learn the semantic features of words by predicting
the target word from its context (or vice versa). The mod-
el is grounded in the distributional hypothesis, which
states that words with similar meanings tend to occur in
similar contexts.

(iii) BERT. BERT is a bidirectional pretrained repre-
sentation model based on the Transformer architecture.
Using a self-attention mechanism, it captures both for-
ward and backward contextual semantic information si-
multaneously, supporting deep semantic representation.
Unlike static word embedding models such as Word2Vec,
BERT dynamically generates context-aware word repre-
sentations, effectively alleviating the semantic ambiguity
of polysemous words. BERT is pretrained on two tasks:
masked language modeling and next sentence prediction.

(iv) BGE. BGE is a general-purpose text embedding
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model developed by the Beijing Academy of Artificial
Intelligence, designed to generate high-quality semantic
embeddings for tasks such as retrieval, clustering, classi-
fication, and semantic matching. Compared with
traditional word embedding models, BGE is optimized on
the basis of large-scale pretrained language models and
shows clear advantages in semantic understanding and
vector representation consistency.

(v) Qwen. To semantically model CMM property the-
ory, this study adopted Qwen text-embedding-v4, a mul-
tilingual unified text embedding model developed by Ali-
baba Discovery, Adventure, Momentum and Outlook
(DAMO) Academy based on the Qwen3 architecture. The
model is capable of converting textual, visual, and video
data into numerical vector representations. Internally, it
employs a causal attention mechanism and appends an
[EOS] token at the end of the input sequence. The hidden
state corresponding to this token is then used as the final
embedding vector.

To achieve semantic representation of CMM property
information, this study directly concatenated the CMM
property attributes of each CMM into structured text as
model input. For example, the input text for Mahuang
(Ephedrae Herba) was “warm, pungent, and slightly bit-
ter; associated with the lung and bladder meridians”. No
additional prompt design or contextual expansion was in-
troduced to minimize the influence of human interven-
tion on semantic representation.

2.1.3 CMMs clustering The high-dimensional semantic
embeddings of the 49 CMMs were first reduced using t-
SNE, followed by k-means clustering to group the CMMs.
Given a set of herb embeddings D = {x,, x,..., x,,}, the k-
means algorithm partitions the data into clusters
C={C,,C,,...,C;} by minimizing the sum of squared er-
rors (SSE):

k
E=) % lk—ul; M

i=1 xeC;

where y; = 1 >~ x is the centroid of cluster C;. This ob-
il xeC;

jective function measures the compactness of samples
within each cluster; a smaller E value indicates higher in-
tra-cluster similarity.

To evaluate the impact of different semantic repre-
sentation approaches on CMM clustering performance,
we conducted experiments using five combined pipe-
lines: One-Hot + t-SNE + k-means, Word2Vec + t-SNE +
k-means, BERT+ t-SNE + k-means, BGE + t-SNE + k-
means, and Qwen + t-SNE + k-means.

2.2 Experimental setup and parameter configuration

All experiments were conducted on a platform equipped
with a 32-core 13th Gen Intel(R) Core(TM) i7-13620H
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CPU (2.40 GHz). The software environment included
scikit-learn version 1.7.2 and OpenAl version 2.2.0. The
parameter settings for the five semantic representation
approaches are described below. These approaches cov-
er a spectrum of semantic modeling capabilities, from
traditional statistical representations and shallow embed-
dings to pretrained language models and LLM embed-
dings. This design enabled a systematic evaluation of how
different levels of semantic modeling affect CMM proper-
ty representation and clustering performance. (i) One-
hot: a 22-dimensional vector was constructed, covering
CMM properties (cold, hot, warm, and cool), medicinal
flavors (sour, bitter, sweet, pungent, and salty), and the 12
meridians. (ii) Word2Vec: word vectors were trained with
a dimension of 128, a context window size of 5, a mini-
mum word frequency threshold of 1, and 4 computation
threads. (iii) BERT: the pretrained BERT-base-Chinese
model was used for text vectorization, with a maximum
sequence length of 128 tokens. The classification token
[CLS] token vector from the last hidden layer was used as
the sentence representation, yielding a 768-dimensional
vector. (iv) BGE: the bge-large-zh model was used for se-
mantic text encoding, generating 1024-dimensional sen-
tence vectors with vector normalization. (v) Qwen: the
text-embedding-v4 model was used, producing 1024-di-
mensional vectors encoded in float format.

In addition, the parameters for dimensionality reduc-
tion and clustering are as follows. (i) t-SNE: the perplexi-
ty parameter was set to 5, the learning rate to 100, and co-
sine similarity was used as the distance metric. (ii) k-
Means: the number of clusters was set to 7, the k-
means++ algorithm was used for centroid initialization,
and the convergence tolerance was set to 1 x 107,

2.3 Evaluation metrics

In clustering analysis, three commonly used evaluation
metrics were adopted to assess and compare the cluster-
ing performance of different embedding methods: the Sil-
houette Score (SS), Davies-Bouldin Index (DBI), and
Calinski-Harabasz Index (CHI) (2,

(i) SS quantifies the similarity of each sample to its
own cluster (cohesion) compared to other clusters (sepa-
ration). It ranges from - 1 to 1, where a value close to 1 in-
dicates that the sample is well-matched to its own cluster,
avalue near - 1 suggests a potential misclassification, and
a value around 0 means the sample lies close to the deci-
sion boundary between two adjacent clusters. The formu-
lais defined as:

5o _b=a®)

= max{a(). b)) @

where a(i) is the average intra-cluster distance of sample
i, and b(i) is the average nearest-cluster distance for
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sample i. SS is obtained by averaging S (i) over all sam-
ples.

(i) DBI evaluates the ratio of within-cluster disper-
sion to between-cluster separation. A lower DBI value
corresponds to superior clustering performance. The for-
mula is:

1 < Si+S;
DBI = — N [
n Iz:l: max/#t (d (C,‘,Cj) ) (3)

where n is the number of clusters, s; is the average dis-
tance between each point in cluster i and the cluster cen-
ter C;, and d(c;,¢)) is the distance between cluster centers
iand j.

(iii) CHI quantifies the ratio of between-cluster dis-
persion to within-cluster dispersion. A higher CHI indi-
cates more distinct and well-defined clusters. The formu-
lais:

CHI = Bl X n-k )
Wk k-1

where B(k) is the inter-cluster dispersion, defined as the
sum of squared distances between each cluster center
and the global data center, and W (k) is the intra-cluster
dispersion, defined as the sum of squared distances be-
tween each sample and its cluster center. n is the total
number of data points, and k is the number of clusters.

2.4 Interpretability analysis

To enhance the interpretability of the clustering results, a
semantic property-based analysis was conducted. For
each cluster, semantic attributes were encoded as binary
features and averaged within the cluster to calculate the
proportions of CMMs exhibiting each attribute, resulting
in normalized frequencies ranging from 0 to 1. A heatmap
was then generated to visualize the distribution patterns
of these semantic attributes across clusters. The clusters
were arranged along the vertical axis and semantic prop-
erties along the horizontal axis, with color intensity repre-
senting the normalized frequency of each attribute with-
in a cluster. This visualization provides an intuitive repre-
sentation of the semantic differences and characteristic
patterns across clusters.

3 Results

3.1 Comparative evaluation of semantic representation
methods for CMM clustering

The results demonstrated that the proposed CMM-Em-
bedCluster framework based on an LLM (Qwen + t-SNE +
k-means) achieved the best performance across all three
evaluation metrics. Specifically, it attained the highest SS
(0.607 4), indicating strong intra-cluster compactness and
consistency; the highest CHI (158.057 2), reflecting strong
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inter-cluster distinctness and separation; and the lowest
DBI (0.499 5), further confirming the stability and
rationality of the clustering structure. In contrast, One-
Hot, Word2Vec, BERT, and BGE all yielded inferior re-
sults across the three metrics, suggesting that shallow or
generic semantic embedding strategies are insufficient to
capture the complex relational characteristics inherent in
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space, we conducted an interpretability analysis focusing
on the distribution patterns of CMM properties, medici-
nal flavors, and meridian tropisms within each cluster
(Figure 3). The results showed distinct and well-struc-
tured differences among clusters across multiple CMM
property attributes, suggesting that the LLM-based em-
bedding space encodes rich latent semantic structures

CMM property theory (Table 2). consistent with CMM property theory.

Table 2 Comparison of clustering performance of five
embedding methods for CMMs

Model SS DBI CHI

3.3.1 Four properties pattern From the perspective of

CMM properties distribution, Clusters 0, 2, 4, and 6 were

dominated by warm-nature CMMs, whereas Clusters 1, 3,

One-Hot + t-SNE + k-means 0.5235 0.5986 114.4655 and 5 were mainly composed of cold-nature CMMs,
Word2Vec + t-SNE + k-means 03474 0.8286  49.966 1 showing a clear cold-heat differentiation pattern. This
Bert + t-SNE + k-means 04905 06279 101.1928 finding suggested that, during semantic representation,
BGE + t-SNE + k-means 0.4884 07125 107.2573 the LLM automatically formed a latent semantic axis re-
Qwen + t-SNE + k-means 0.6074 0.4995 158.0572 flecting cold-heat attributes, such that CMMs with simi-
(CMM-EmbedCluster) . - . .

lar cold-heat properties exhibited higher vector similarity
in the embedding space.
3.2 Visualization of CMMs clustering
Chder 0 @ Xionghuang
Cluster 1 i
Using t-SNE for dimensionality reduction of CMM prop- Clugter 2 Tngic @S
. . - Cluster 4 -
erty semantic vectors followed by k-means clustering, a 0 Clugter 5 Cuanghiosing P lgy _ Zavjincc Fushen
total of 49 CMMs were divided into seven clusters (Figure L S o) ::::"g
2). The clusters are well separated in the low-dimension- L oF IR T . R (L . I
al space, indicating strong inter-cluster discrimination. % Fangfeng L. L Baizhu S
Anghuo ) 0Pl Baibiandou

Moreover, CMMs within each cluster exhibit consistent 7N I Sk D, N Gancao

h . o e . - Duhto_ fuangbo Wpmei Jiegeng  HUangdl " winveisi
pharmacological characteristics, suggesting that the clus- R Candu
tering results effectively captured the underlying func- g, Tianhuaten
tional structure of CMMs. The detailed composition of —20r i T i

3 3 Huanglian uanglian
each cluster is presented in Table 3. ¢ R
—40 1 i T 1 1 1 1 1

3.3 Interpretability of CMMs clustering s 0 s 0 % 50 7

t-SNE-1

To investigate the semantic characteristics of different
clusters and their structural differences in the embedding

Figure 2 Visualization of CMMs clustering based on
t-SNE and k-means using Qwen embeddings

Table 3 Composition of each cluster in CMM:s clustering results

Cluster ID ng;});[l; of Composition

Cluster 0 9 Jingjie (Schizonepetae Herba), Guanghuoxiang (Pogostemonis Herba), Cangzhu (Atractylodis
Rhizoma), Sharen (Amomi Fructus), Chuanxiong (Chuanxiong Rhizoma), Banxia (Pinelliae Rhizoma),
Zaojiaoci (Gleditsiae Spina), Shichangpu (Acori Tatarinowii Rhizoma), Xionghuang (Realgar)

Cluster 1 6 Zhizi (Gardeniae Fructus), Huangqin (Scutellariae Radix), Huanglian (Coptidis Rhizoma),
Huhuanglian (Picrorhizae Rhizoma), Dahuang (Rhei Radix et Rhizoma), Niuhuang (Bovis Calculus)

Cluster 2 12 Shengdihuang (Rehmanniae Radix), Fuling (Poria), Fushen (Poria cum Radix Pini), Yiyiren (Coicis
Semen), Renshen (Ginseng Radix et Rhizoma), Huangqi (Astragali Radix), Baizhu (Atractylodis
Macrocephalae Rhizoma), Shanyao (Dioscoreae Rhizoma), Baibiandou (Lablab Semen Album),
Gancao (Glycyrrhizae Radix et Rhizoma), Danggui (Angelicae Sinensis Radix), Wuweizi (Schisandrae
Chinensis Fructus)

Cluster 3 7 Niubangzi (Arctii Fructus), Chaihu (Bupleuri Radix), Tianhuafen (Trichosanthis Radix), Lianqiao
(Forsythiae Fructus), Qianhu (Peucedani Radix), Jiegeng (Platycodonis Radix), Bingpian (Borneolum
Syntheticum)

Cluster 4 4 Fangfeng (Saposhnikoviae Radix), Qianghuo (Notopterygii Rhizoma et Radix), Huangbo (Phellodendri
Chinensis Cortex), Duhuo (Angelicae Pubescentis Radix)

Cluster 5 5 Zhiqiao (Aurantii Fructus), Diyu (Sanguisorbae Radix), Chuanshanjia (Manis Squama), Baishao
(Paeoniae Radix Alba), Wumei (Mume Fructus)

Cluster 6 6 Shengma (Cimicifugae Rhizoma), Mangxiao (Natrii Sulfas), Houpo (Magnoliae Officinalis Cortex),

Chenpi (Citri Reticulatae Pericarpium), Binglang (Arecae Semen), Yuanzhi (Polygalae Radix)
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Figure 3 Heatmap of the distribution of CMM proper-
ties across seven clusters

3.3.2 Five flavors pattern In terms of five flavors distri-
bution, the clusters also exhibited distinct semantic
structures. Overall, different clusters showed clear enri-
chment patterns for major medicinal flavors, including
bitter, sweet, and pungent, suggesting that flavor at-
tributes constituted an important dimension affecting se-
mantic proximity. Specifically, Clusters 1 and 3 con-
tained a relatively high proportion of bitter-flavored
CMMs, corresponding to functional semantics such as
clearing heat, draining fire, drying dampness, and detoxi-
fying; Clusters 2 and 5 were enriched with sweet-flavored
CMMs, reflecting tendencies toward tonifying and regu-
lating effects. Clusters 0 and 6 showed higher propor-
tions of pungent-flavored CMMs, indicating functional
orientations such as promoting Qi movement and exteri-
or dispersion. The remaining clusters exhibited mixed
distributions of multiple flavors. These results indicated
that LLM embeddings simultaneously encoded the func-
tional tendencies of CMMs, such as pungent dispersing,
bitter descending, and sweet tonifying, and formed corre-
sponding semantic similarity structures in the vector
space.

3.3.3 Meridian tropism pattern With respect to meridi-
an tropism distribution, each cluster showed a distinct
affinity for specific Zang-Fu organs. Cluster 0 was mainly
enriched in CMMs targeting the stomach and liver merid-
ians; Cluster 1 primarily comprised CMMs acting on the
large intestine, liver, and heart meridians; Cluster 2 was
dominated by CMMs associated with the lung, spleen,
and heart meridians; Cluster 3 was chiefly associated with
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CMMs targeting the lung meridian; Cluster 4 mainly
involved CMMs acting on the bladder and kidney meridi-
ans; Cluster 5 was highly concentrated in CMMs of the
spleen and liver meridians; and Cluster 6 primarily in-
volved CMMs corresponding to the large intestine, lung,
and stomach meridians. These findings suggested that
the LLM not only captured the nature and functional ten-
dencies of CMMs, but also encoded information related
to their therapeutic target sites within the semantic space,
enabling CMMs with analogous meridian tropisms to
form locally aggregated structural clusters.

The differences observed among clusters in terms of
CMM properties, medicinal flavors, and meridian
tropisms indicated that the semantic vectors generated
by the LLM contained multidimensional latent semantic
structures reflecting thermal attributes, functional ten-
dencies, and Zang-Fu organs associations. Together,
these semantic features governed the similarity relation-
ships among CMMs in the embedding space, enabling
the emergence of clustering patterns consistent with
TCM theory under unsupervised learning conditions.

4 Discussion

This study proposes CMM-EmbedCluster, a framework
that leverages LLM-derived embeddings to represent
CMM properties in a continuous semantic space, en-
abling the identification of latent functional structures. Its
key contribution lies in applying LLM-based semantic
representations to clustering analysis and compatibility
interpretation of CMMs. This work introduces a novel
computational paradigm for CMM property theory.

4.1 Semantic representation-driven reconstruction of
functional structures in CMM

The comparative results demonstrated that CMM-Em-
bedCluster outperformed clustering frameworks based
on One-Hot, Word2Vec, BERT, and BGE in terms of SS,
DBI, and CHI, suggesting that LLM-based representa-
tions more effectively capture the latent semantic struc-
ture of CMM property theory. These findings suggested
that, although CMM property descriptions appeared as
discrete textual expressions, they were underpinned by a
systematic and logically structured knowledge system.
Leveraging modern semantic modeling approaches such
as the Qwen text-embedding-v4 model ', CMM proper-
ty knowledge can be encoded into high-dimensional vec-
tors that capture latent semantic relationships, enabling
structured and quantitative representation . Combined
with the clustering outcomes and semantic attribute
analysis, the CMM clusters generated by the model ex-
hibited stable structural differences in terms of four prop-
erties, five flavors, and meridian tropism, suggesting that
the CMM-EmbedCluster embedding space contained
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latent semantic dimensions corresponding to thermal
properties, action tendencies, and Zang-Fu organs asso-
ciations. These multidimensional semantic features
jointly determined the similarity relationships among
CMMs in the vector space, yielding a consistent cluster-
ing structure under unsupervised conditions.

At the functional level, the clustering results exhibited
clear functional partitioning that was highly consistent
with CMM property theory. Specifically, Clusters 0 and 6
primarily consisted of CMMs that regulate Qi, promote Qi
movement, and eliminate dampness, corresponding to
therapeutic actions such as regulating Qi flow and invigo-
rating the spleen to resolve dampness. Clusters 1, 3, and 4
were enriched with CMMs possessing effects of clearing
heat, purging fire, detoxifying, dispelling wind, and reliev-
ing itching, forming a functional group characterized by
heat-clearing, detoxification, and wind-dispelling proper-
ties. Clusters 2 and 5 were mainly composed of tonifying
and astringent CMMs, reflecting functions related to re-
plenishing Qi and blood as well as astringent hemostasis.
Overall, the clustering structure was largely consistent
with classical TCM theoretical principles described in
Chinese Materia Medica ??, including the classifications
of cold-hot and warm-cool properties, as well as func-
tional tendencies such as ascending-descending and
tonifying-reducing. These findings suggest that cluster-
ing results based on semantic embeddings can, to some
extent, reflect the intrinsic functional structure. Notably,
this structured pattern was not imposed by predefined
functional classification rules, but instead emerged natu-
rally from the inherent semantic organization captured in
the embedding space.

4.2 Semantic mapping of modern prescriptions and vali-
dation of theoretical consistency

To further validate the correspondence between the clus-
tering structure and the composition of modern clinical
prescriptions, two representative formulas commonly
used in the contemporary treatment of colorectal cancer,
Xianlian Jiedu Fang (4 i£ f# 7 7 ) #¥ and Shenbai Jiedu
Fang (5 & f# 47 ) ¥, were selected for qualitative analy-
sis. Xianlian Jiedu Fang is composed of Xianhecao (Agri-
moniae Herba), Huanglian (Coptidis Rhizoma), Kushen
(Sophorae Flavescentis Radix), Yiyiren (Coicis Semen),
Sanleng (Sparganii Rhizoma), Ezhu (Curcumae
Rhizoma), Huangqi (Astragali Radix), and Baizhu
(Atractylodis Macrocephalae Rhizoma). The CMMs in
this formula were mainly distributed across Clusters 1, 2,
and 5. This reflects its therapeutic functions of clearing
heat and detoxifying, strengthening the spleen and elimi-
nating dampness, as well as promoting blood circulation
and resolving stasis, which aligned well with the function-
al groups identified by the model: heat-clearing and
dampness-eliminating + Qi and blood tonification +
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blood-activating and stasis-resolving. Similarly, Shenbai
Jiedu Fang, consisting of Baihuasheshecao (Hedyotis Dif-
fusae Herba), Kushen (Sophorae Flavescentis Radix),
Dangshen (Codonopsis Radix), Baizhu (Atractylodis
Macrocephalae Rhizoma), Yiyiren (Coicis Semen), Huang-
lian (Coptidis Rhizoma), Paojiang (Zingiberis Rhizoma
Preparatum), and Wumei (Mume Fructus), also mapped
predominantly to Clusters 1, 2, and 5, emphasizing a
therapeutic strategy that integrated detoxification with
spleen-Qi tonification, consistent with the modern onco-
logical principle of “reinforcing healthy Qi while eliminat-
ing pathogenic factors”.

Both formulas were developed by Professor Haibo
Cheng’s team based on extensive clinical experience %,
Their formulation principles share structural similarities
in CMM properties and actions with the medicinal sys-
tems described in the Zangdu Theory of Waike Zheng-
zong and the “Discussion on Intestinal Wind and Viscera
Toxin” in Yangke Xinde Ji. Specifically, the former is cen-
tered on heat-clearing and detoxifying CMMs such as Xian-
hecao (Agrimoniae Herba), Huanglian (Coptidis Rhi-
zoma), and Kushen (Sophorae Flavescentis Radix), sup-
ported by spleen-fortifying and blood-activating CMMs
like Yiyiren (Coicis Semen) and Ezhu (Curcumae Rhi-
zoma). In comparison, Shenbai Jiedu Fang incorporates
tonifying CMMs such as Dangshen (Codonopsis Radix)
and Baizhu (Atractylodis Macrocephalae Rhizoma) on
the basis of detoxification, highlighting the therapeutic
strategy of “detoxification and reinforcement”.

This convergence between classical and modern
CMM patterns suggested that the clustering model built
on semantic representations not only reflected the theo-
retical structure of CMM formulas, but also revealed po-
tential alignment between ancient pharmacological sys-
tems and contemporary clinical practices. Therefore, the
findings of this study provided novel semantic evidence
for interpreting the theoretical origins of modern empiri-
cal formulas, indicating that formulas emphasizing
“detoxification and reinforcement” may represent a clini-
cal evolution and innovative application of the tradition-
al Zangdu system. This further supported the value of the
proposed semantic-based clustering approach as an ef-
fective bridge connecting classical TCM theory with mod-
ern clinical practice.

4.3 Advantages and application potential of LLM-based
semantic modeling in CMM

From a methodological perspective, LLM-based seman-
tic representation presents multiple distinct advantages.
The proposed CMM-EmbedCluster framework effective-
ly captures contextual dependencies and latent semantic
relationships in CMM property texts, thereby outper-
forming traditional methods such as One-Hot and
Word2Vec in terms of semantic representation and
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structural modeling. Particularly for abstract core
concepts in CMMs, such as Yin-Yang and cold-heat,
reinforcing-draining and ascending-descending, and
meridian tropism, LLMs can encode the hidden logical
structures into continuous vector spaces, enabling herb
similarities to better reflect the theoretical relationships
defined under the classical CMMs system. From this
standpoint, the present study provided a novel technical
paradigm for the digital and structural representation of
CMM property knowledge. In addition, functional herb
groups identified through semantic clustering may serve
as candidate structural units for optimizing CMMs com-
patibility, and provide a data-driven foundation for de-
signing new formulas. For example, the functional simi-
larity of CMMs within the same cluster may support the
screening of CMM substitutes, while cross-cluster combi-
nations may help uncover potential synergistic interac-
tions ¥, thereby assisting the optimization of clinical pre-
scriptions and the development of novel formulas. This
approach may also facilitate the discovery of latent struc-
tural patterns in classical formulas, providing further sup-
port for the systematic representation of CMMs knowl-
edge and intelligent decision-making !,

4.4 Limitations and future prospects

Nevertheless, several limitations exist in the present
study. First, the CMM property knowledge base was pri-
marily constructed from the textbook Chinese Materia
Medica *, representing a relatively single information
source. Richer textual descriptions from TCM classics
such as Bencao Gangmu ( { X34 B ) , Compendium of
Materia Medica), Shanghan Lun ( {4 %t ) , Treatise on
Cold Damage), or Mingyi Bielu ( { % & % 3 ) , Supple-
mentary Records of Famous Physicians) have not yet been
fully integrated, which may limit the diversity and depth
of the learned semantic space. Second, the current frame-
work only employed textual features related to CMM
properties without incorporating multi-modal data in-
cluding chemical constituents, molecular targets,
metabolic pathways, or modern pharmacological mecha-
nisms. As such, the resulting clusters primarily reflected
classical theoretical frameworks rather than comprehen-
sive pharmacodynamic mechanisms. Third, the number
of CMMs included in this study was relatively limited (49
in total), which was sufficient for methodological valida-
tion but necessitated larger-scale datasets to further eval-
uate the framework’s robustness and generalizability.
Future research can be advanced in the following di-
rections. First, integrate CMM omics data resources, such
as Shennong Alpha !, HERB ¥, and SymMap 3, to con-
struct a multimodal feature system that supports joint
modeling of CMM properties, chemical components,
molecular targets, and disease-related mechanisms. Sec-
ond, apply graph neural networks ! to construct
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graph-structured relationships among medicinal CMMs,
thereby further enhancing the biological interpretability
of the framework. Third, explore retrieval-augmented
generation techniques ! to build reasoning frameworks
for CMM formula compatibility, promoting deep integra-
tion between CMM knowledge graphs and LLMs. These
approaches are expected to improve both the biological
interpretability and intelligent recommendation capabili-
ty of the system. They will help establish a more systemat-
ic and interpretable intelligent framework for CMM for-
mula design, while providing methodological support for
the modernization of CMM and innovative formula de-
velopment.

5 Conclusion

This study proposed an LLM-based semantic clustering
framework (CMM-EmbedCluster) to reconstruct the la-
tent functional structure of CMMs by integrating textual
information on four properties, five flavors, and meridian
tropism. The results demonstrated that deep semantic
representations outperformed traditional embedding
methods in clustering compactness and inter-cluster sep-
arability. Under unsupervised conditions, the framework
successfully identified functionally coherent CMM
groups that showed strong consistency with classical
CMM theory as well as modern prescription compatibili-
ty patterns. These findings suggested that the implicit se-
mantic structure underlying CMM properties was com-
putationally tractable and was effectively captured using
LLM, providing a novel technical paradigm for the digital
modeling of CMMs knowledge. From an application per-
spective, the functionally coherent clusters derived from
semantic representations may serve as structural units for
prescription optimization and novel formula design, of-
fering methodological support for intelligent decision-
making and knowledge discovery in CMMs research and
practice.
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