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A B S T R A C T

The rapid accumulation of biological macromolecule data has created an urgent need for computational methods 
capable of characterizing the functional roles of macromolecular targets in complex therapeutic systems. 
Traditional Chinese medicine represents a typical scenario, in which multiple herbal components may coordi
nately regulate diverse protein targets through multi-component and multi-target mechanisms. However, 
existing methods often fail to jointly integrate traditional medicine knowledge, modern biomedical associations, 
and the functional context of biological targets, limiting systematic identification and mechanistic interpretation 
of herb–macromolecular target interactions (HTIs). Here, we propose LLM-HTI, a large language model (LLM)- 
driven graph learning framework with adaptive parameter updating based on a Traditional Chinese and Western 
medicine knowledge graph (TWKG), for predicting potential interactions between herbs and biological macro
molecular targets. LLM-HTI extracts latent semantic representations of herb–target associations using LLMs and 
integrates them with knowledge graph topology, enabling joint characterization of herbs, macromolecular tar
gets, and their functional relationships. The framework further introduces a gradient-guided adaptive parameter 
updating mechanism to dynamically select important parameter subsets, improving training stability and opti
mization efficiency. In addition, gastrointestinal surgeons independently assessed the top-ranked candidate 
targets for disease relevance, biological plausibility, clinical actionability, and translational priority to provide a 
clinician-guided evaluation of their medical relevance. These benchmark and case-study results demonstrate that 
LLM-HTI supports macromolecular target function analysis and herb–target mechanism discovery, while 
clinician-guided assessment further highlights medically relevant candidates for translational follow-up. Our 
data and code are publicly available at https://github.com/sisyyuan/LLM-HTI.

1. Introduction

Biological macromolecules, particularly proteins and RNAs, consti
tute major classes of therapeutic targets and play central roles in disease 
intervention. Protein targets remain the dominant basis of approved 
drug action, while previously “undruggable” proteins are increasingly 
being explored through emerging targeting strategies [1,2]. In parallel, 
RNAs, including mRNAs and non-coding RNAs, have gained increasing 
attention as druggable targets and therapeutic intervention points [3]. 

Herbal medicines have been used for millennia in traditional medical 
systems and still hold important therapeutic value in contemporary 
medical practice [4]. Unlike modern drugs, which typically follow a 
“single compound–single target” paradigm, traditional Chinese medi
cine is characterized by multi-component, multi-target, and multi- 
pathway coordination, with therapeutic effects often arising from the 
collective modulation of diverse biological macromolecular targets 
across distinct biological processes [5,6]. This mode of action provides a 
biological basis for the use of single herbs in multiple diseases and 
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highlights the potential of traditional medicine in the management of 
chronic and complex disorders [4]. With continued advances in this 
field, the clinical application of traditional Chinese medicine has 
expanded from China to broader global settings [7]. Previous studies 
have further shown that many classical herbs exert clear pharmacolog
ical effects in disease intervention. For example, Astragalus has been 
associated with immunomodulatory and hepatoprotective activities, 
whereas Angelica sinensis has been extensively studied for its anti- 
inflammatory and hematopoietic properties [8]. These observations 
suggest that systematic modeling of herb–macromolecular target asso
ciations is important for understanding the functional roles of biological 
targets in traditional medicine-mediated therapeutic processes.

The high chemical complexity of herbs and the broad diversity of 
their targets make systematic dissection of herb–target mechanisms 
inherently challenging. Traditional target discovery has relied largely on 
wet-lab experiments and accumulated clinical experience; however, 
because most herbs contain dozens to thousands of chemical constitu
ents, experimental identification requires not only distinguishing active 
compounds but also resolving their corresponding biological targets, 
substantially increasing both cost and complexity [9]. Clinical 
observation-based approaches are further constrained by subjectivity, 
high cost, and limited scalability, making them insufficient for large- 
scale and systematic investigation of HTIs [10,11]. As a result, under 
conditions of high compositional complexity and target heterogeneity, 
traditional experimental strategies alone are no longer adequate for 
efficient mechanistic analysis [12]. Importantly, the long-term accu
mulation of clinical and pharmacological data has enabled the devel
opment of high-quality databases. Resources such as SymMap integrate 
symptoms, diseases, herbs, and molecular mechanisms, thereby linking 
traditional Chinese medicine with modern medicine at the phenotypic 
level [13]. The continued expansion of such resources provides an 
essential foundation for systematic herb–target studies and the devel
opment of computational approaches.

The rapid development of bioinformatics methods and related 
technologies has driven growing interest in computational approaches 
for uncovering unknown HTIs. For example, HTP exploits information 
propagation in protein–protein interaction networks to rank potential 
targets, whereas heNetRW further introduces random walks on hetero
geneous herb–target networks to improve predictive performance [14]. 
More recently, representation-learning approaches have been used to 
integrate multi-source heterogeneous information. HTINet constructs a 
heterogeneous network by incorporating symptoms, herbs, and targets, 
and learns low-dimensional embeddings for potential target prediction 
[15]. Although these methods have laid an important foundation for HTI 
prediction, their ability to capture complex semantic information and 
higher-order relational structure remains limited.

Among these computational approaches, deep learning has emerged 
as a major strategy for modeling drug–target interactions owing to its 
powerful representation-learning capability. With the rise of deep 
learning, an increasing number of approaches have been developed for 
drug–target and herb–target prediction. Some methods integrate graph 
neural networks, network embeddings, and multi-view feature learning 
to jointly model drug–target interaction patterns, whereas others 
combine network embedding with ranking learning for drug reposi
tioning and indication discovery [16,17]. Meanwhile, global–local 
modeling, pretrained representations, and ensemble strategies have 
been introduced to further improve the accuracy and robustness of 
drug–protein interaction prediction [18,19]. In the context of HTI pre
diction, HTINet2 further combines knowledge graph embedding with a 
residual-like graph neural network to model and integrate target-related 
features, thereby improving the prediction of multi-target interactions 
[20]. Despite these advances, unified modeling of traditional medicine 
semantics and complex heterogeneous relations remains limited.

Continued advances in database construction and predictive algo
rithm development have provided an important foundation for accurate 
HTI prediction and have substantially promoted traditional medicine 

research. However, representative HTI modeling methods still face two 
important limitations. First, existing methods mainly rely on graph to
pology, while the rich semantic information associated with herbs and 
targets remains underexploited. Second, multi-source HTI modeling 
introduces a nontrivial optimization challenge. When semantic and 
structural features are jointly fused, different parameter subsets may 
contribute unevenly during training, and conventional uniform gradient 
updates may propagate noisy or less informative signals throughout the 
entire model. Moreover, in biomedical AI prediction tasks, computa
tional performance alone is insufficient to establish the medical reli
ability and potential translational value of model predictions. Whether 
candidate targets are involved in key pathophysiological processes, are 
consistent with existing medical and pharmacological evidence, and 
warrant further functional or translational investigation still requires 
expert medical judgment. Previous studies on medical LLMs have shown 
that, even when models achieve favorable automated evaluation scores 
[21,22], their outputs may still contain factual errors, missing infor
mation, or limited clinical relevance. Therefore, clinical expert assess
ment provides an important complement to automated evaluation of 
biomedical AI models [23].

Motivated by these limitations, we developed LLM-HTI, an LLM- 
driven computational framework built on TWKG, to identify potential 
HTIs and elucidate the multi-component and multi-target mechanisms 
of traditional medicine. At the representation level, LLM-HTI introduces 
LLM-generated semantic descriptions of herbs and targets and integrates 
them with TWKG-based structural embeddings, enabling joint seman
tic–structural representation learning of herbs and biological macro
molecular targets. At the optimization level, LLM-HTI incorporates a 
gradient-guided adaptive parameter updating mechanism that selec
tively updates highly informative parameter subsets during training. 
Additionally, incorporating clinical experts beyond computational pre
diction and molecular-level validation may improve the reliability of 
medical interpretation and support prioritization of candidate targets 
for translational research. The main contributions of this study are as 
follows: 

(1) This study proposes an LLM-driven knowledge graph learning 
framework with adaptive parameter updating for predicting 
herb–macromolecular target interactions and supporting macro
molecular target function analysis.

(2) This study contributes a joint semantic–topological representa
tion strategy that integrates LLM-derived latent semantics with 
TWKG topology to characterize herbs, biological macromolecular 
targets, and their functional associations.

(3) This study develops a gradient-guided adaptive parameter 
updating strategy that improves training stability and optimiza
tion efficiency through dynamic selection of key parameter 
subsets.

(4) Clinical expert-guided structured evaluation is introduced to 
enhance the medical interpretability and translational value of 
candidate targets in terms of disease relevance, biological plau
sibility, clinical actionability, and research priority.

2. Materials and methods

The proposed LLM-HTI is an LLM-driven adaptive graph learning 
framework based on TWKG for accurate HTI prediction. Compared with 
current representative methods, LLM-HTI differs mainly in two aspects: 
representation learning and optimization. First, at the representation- 
learning level, HTINet2 and related methods primarily rely on knowl
edge graph embeddings and graph-structure propagation, while the rich 
semantic information associated with herbs and targets, including effi
cacy, indications, medicinal properties, molecular functions, signaling 
pathways, and disease associations, remains insufficiently exploited. 
LLM-HTI does not simply introduce additional textual features; instead, 
it extends HTI modeling from topology-dominated relation prediction to 
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a representation-learning problem in which semantic and structural 
information are jointly used to characterize herbs and targets. Specif
ically, LLM-HTI uses LLMs to generate entity-level semantic de
scriptions, encodes them with BERT, and integrates the resulting 
semantic representations with TWKG-based structural embeddings to 
enhance herb–target relationship modeling. Second, at the optimization 
level, LLM-HTI introduces adaptive parameter updating to address the 
uneven contribution of parameter subsets and the noise introduced by 
uniform gradient updates during heterogeneous semantic–structural 
feature fusion. By dynamically selecting and updating important 
parameter subsets according to gradient importance, this mechanism 
improves training stability and optimization efficiency under multi- 
source information integration. In addition, this study incorporates 
clinical expert assessment for medical interpretation and translational 
evaluation. Representative top-ranked candidate targets were system
atically evaluated in terms of gastrointestinal disease relevance, bio
logical plausibility, clinical actionability in modern medicine, and 
priority for further investigation, thereby enhancing the medical inter
pretability and potential translational value of the model predictions.

2.1. Data preparation

The HTI data used in this study were obtained from SymMap [24]. 
Following previous work [20], we extracted all annotated HTI pairs and 
removed low-confidence associations, resulting in a benchmark dataset 
containing 38,002 reliable HTI pairs across 563 herbs and 2106 target 
molecules. We further adopted TWKG, a multi-source knowledge graph 
constructed by integrating SymMap, soFDA, STRING v11, KEGG and 
Gene Ontology (GO), which combines traditional medicine theory with 
modern biomedical knowledge for HTI modeling [25]. TWKG contains 
15 entity types, 74,529 nodes, and 31 semantic relation types, yielding 
192,415 high-quality triplets.

2.2. Model overview

The proposed LLM-HTI framework consists of three tightly inte
grated components as shown in Fig. 1. First, a TWKG is constructed from 
multiple databases, and structured prompts derived from node infor
mation are fed into an LLM to generate textual descriptions; these de
scriptions are then encoded by BERT and integrated with LINE 

Fig. 1. The framework comprises three modules: (a) joint semantic–structural representation learning based on TWKG and a large language model; (b) herb–target 
graph representation learning using multi-layer GNNs; and (c) a gradient-guided adaptive parameter updating mechanism.
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embeddings learned from TWKG to obtain the initial representations of 
herbs and targets (Fig. 1a). Second, a herb–target graph is built, upon 
which a multi-layer GNN is applied to learn node representations and 
capture potential interaction patterns (Fig. 1b). In this stage, heteroge
neous associations among entities such as symptoms, diseases, and 
pathways are not explicitly introduced. Instead, these richer cross-entity 
relationships are indirectly incorporated through the structural em
beddings learned from TWKG by LINE, which are used as part of the 
initial node features for subsequent graph representation learning. 
Third, an adaptive parameter updating mechanism is introduced to es
timate parameter importance from gradients and dynamically update 
the most informative parameter subsets, thereby improving training 
stability and optimization efficiency (Fig. 1c).

2.3. TWKG-based knowledge embedding

We applied LINE to the TWKG to learn low-dimensional structural 
representations of graph nodes. As an efficient and scalable network 
embedding model, LINE maps entities such as herbs, targets, diseases, 
and symptoms into a continuous vector space by jointly preserving first- 
order and second-order proximities, thereby capturing both local con
nectivity and neighborhood structural characteristics. Specifically, first- 
order proximity reflects associations between directly connected nodes, 
whereas second-order proximity characterizes similarity in their 
neighborhood distributions. Based on this framework, a structural 
embedding vector hTWKG was learned for each herb and target to 
represent its topological position and association patterns in the graph. 
The resulting embeddings were then standardized to reduce scale dif
ferences across dimensions and used as initial node features for the 
downstream graph neural network.

2.4. LLM-driven semantic embedding

LLMs can extract high-level semantic information from biomedical 
literature and databases, and have shown strong potential in tasks such 
as drug discovery, drug design, and disease association analysis [26–28]. 
In this study, an LLM was used to generate entity-level textual de
scriptions for each node in the herb–target graph, thereby enriching the 
biomedical semantics of herb and target node representations. Each 
entity description was generated using the node name and entity type, 
such as herb or target, as input through a structured prompt. The prompt 
template consists of three components: role definition, task constraints, 
and output constraints. The role definition instructs the model to act as 
an expert in traditional Chinese medicine or biomedicine. The task 
constraints restrict the generated content to entity type-specific infor
mation; for example, herb nodes focus on efficacy, indications, medici
nal properties, and clinical applications, whereas target nodes focus on 
molecular functions, signaling pathways, and disease associations. The 
output constraints standardize the length and style of the generated 
descriptions. This structured design reduces irrelevant or redundant 
content and improves the consistency and comparability of semantic 
descriptions across different nodes.

For example, the LLM can generate the following descriptions:
“Stemona japonica”: “Relieves cough and directs lung qi down

ward, and kills parasites and lice. It is used for acute and chronic cough, 
pulmonary tuberculosis-related cough, pertussis, enterobiasis, and head 
and body lice.”

“Lilium brownii”: “Nourishes yin, moistens the lung, and calms the 
mind. It is used for dry cough due to yin deficiency, hemoptysis asso
ciated with consumptive disease, palpitations, insomnia, dream- 
disturbed sleep, and mental restlessness.”

“MAPK3”: “The MAPK3 gene encodes ERK1 (extracellular signal- 
regulated kinase 1), a core serine/threonine kinase in the MAPK/ERK 
pathway. Upon activation by the RAS–RAF–MEK cascade, it regulates 
cell proliferation, differentiation, and survival. MAPK3 is functionally 
redundant with ERK2 (MAPK1) and plays key roles in development and 

cancer.”
The generated text effectively captures the core semantic charac

teristics of different entity types. For herb nodes, the descriptions mainly 
emphasize efficacy, indications, and clinical use, as illustrated by the 
cough-relieving effect of Stemona japonica and the calming properties of 
Lilium brownii. In contrast, for target nodes, the generated content fo
cuses more on molecular functions, signaling pathways, and biological 
roles, exemplified by MAPK3 as a key kinase in the MAPK/ERK pathway. 
Overall, the LLM adaptively produces type-specific semantic represen
tations, highlighting functional and clinical attributes for herbs and 
mechanistic and pathway-level information for targets, thereby 
providing more discriminative semantic features for downstream 
modeling.

In implementation, entity descriptions were generated by calling the 
OpenAI API using the script Knowledge_embedding/gpt_LLM.py. The 
model used in our experiments was gpt-5.3, with temperature = 0.3 and 
max_tokens = 300. All textual descriptions of herbs and targets were 
generated offline before model training and saved locally. These cached 
descriptions were then reused throughout downstream training and 
evaluation, rather than being dynamically regenerated at each training 
iteration. This caching strategy avoids stochastic variation caused by 
repeated LLM calls and improves experimental reproducibility. Failed 
API requests were handled with a retry mechanism. Before BERT 
encoding, the generated texts were normalized and checked to remove 
empty outputs, truncated descriptions, or malformed responses.

Subsequently, the textual descriptions of herbs and targets were 
encoded using the pre-trained language model BERT, which maps nat
ural language into a continuous vector space [29]. Formally, for a node v 
with textual description Tv, its semantic representation is defined as: 

hLLM
v = BERT(Tv) (1) 

Then, mean pooling was applied to the token representations from 
the last hidden layer of BERT to construct sentence-level vectors, rather 
than using only the [CLS] token representation. This strategy better 
aggregates the global semantic information of each node description and 
provides stable input for subsequent joint semantic–structural repre
sentation learning. Through this process, the high-level semantic 
knowledge encoded by the LLM is explicitly introduced into the graph 
representation learning framework, enhancing the semantic expres
siveness of node embeddings.

To further integrate semantic and structural information, we 
combine the LLM-driven semantic embedding hLLM with the TWKG- 
based structural embedding hTWKG. Specifically, the semantic vector 

hLLM is used as the Query, whereas the ĥ
TWKG 

obtained by linearly pro
jecting the structural vector hTWKG are used as the Key and Value, 
respectively. A multi-head attention mechanism is then employed for 
feature fusion: 

hf = MultiHeadAttn
(
hLLM, ĥ

TWKG
, ĥ

TWKG)
(2) 

where hf denotes the fused representation. Finally, hf is nonlinearly 
transformed by a multilayer perceptron (MLP) and compressed into a 
unified 64-dimensional vector: 

h* = MLP
(

hf
)

(3) 

The vector h* is used as the final joint representation for downstream 
prediction tasks.

Before the graph representation learning module, herb nodes and 
target nodes undergo the same representation construction process, as 
shown in Eqs. (1)–(3). Specifically, for each herb or target node, BERT is 
first used to encode the LLM-generated textual description to obtain its 
semantic representation, while LINE is used to learn structural embed
dings from TWKG to provide prior topological information. The se
mantic representation and structural embedding are then fused through 
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a shared multi-head attention module. Considering the heterogeneity 
between herb and target nodes in terms of semantic sources and bio
logical attributes, the fused representations are further projected into a 
unified shared vector space with the same dimensionality using the same 
MLP. The resulting herb and target representations are then used as the 
initial node features for GCN.

2.5. Graph representation learning

Graph neural networks are well suited for modeling complex topo
logical structures and have therefore been widely applied to bioinfor
matics tasks such as biological network analysis and molecular structure 
representation [20]. Motivated by this, we employ a graph convolu
tional network (GCN) to capture potential interaction patterns between 
herbs and targets. Specifically, a herb–target graph G ≤V, A, X > is 
constructed from known HTI data, where V denotes the node set 
(including herbs and targets), A is the adjacency matrix encoding HTIs, 
and X represents the initial node features obtained by integrating LLM- 
derived semantic representations with TWKG-based structural embed
dings. In the adjacency matrix, Aij = 1 indicates that herb i interacts with 
target j, whereas Aij = 0 indicates no interaction.

Let Ek denote the embedding matrix at layer k. The message-passing 
rule on the herb–target graph is defined as: 

Ek+1 = D̃
−

1
2 Ã D̃

−
1
2 Ek Wk (4) 

where Ã = A + I is the adjacency matrix with self-loops added, I is the 
identity matrix, D̃ is the degree matrix of Ã, and Wk denotes the learn
able weight matrix at layer k. Because deep GCNs often suffer from over- 
smoothing, we further aggregate node representations across layers to 
preserve multi-hop neighborhood information and improve represen
tation quality. Specifically, for herb node h and target node t, the final 
representations are obtained by summing all layer-wise embeddings 
together with the initial node features: 

eh = e0
h + e1

h +⋯ek
h (5) 

et = e0
t + e1

t +⋯ek
t (6) 

This cross-layer aggregation strategy makes fuller use of hierarchical 
feature outputs, improves information propagation across layers, and 
yields more accurate representations of herbs and targets.

2.6. Parameter update mechanism

As shown in Fig. 1a and b, the graph representation learning process 
of LLM-HTI integrates multiple heterogeneous information sources. 
Therefore, the overall graph representation learning process involves 
multiple information-modeling components, including BERT-based se
mantic encoding, TWKG-based structural embedding, and GCN-based 
graph propagation and aggregation, and can be regarded as an im
plicit joint learning process driven by multi-source information. Under 
this joint learning setting, different information sources may induce 
inconsistent or even conflicting parameter update directions at different 
training stages, which may affect training stability and convergence 
efficiency. Although standard optimizers such as Adam can adaptively 
adjust learning rates, they still perform dense and uniform gradient 
updates over all parameters, without explicitly distinguishing parame
ters that are currently more informative from those that may introduce 
noise or conflicts.

To address this issue, we design a parameter-adaptive updating 
mechanism that dynamically selects and reweights implicit subtasks at 
the parameter level, thereby reducing task interference and improving 
training stability. Specifically, the mechanism dynamically evaluates the 
contribution of different parameter subsets and prioritizes gradient up
dates on the most critical ones, enabling more effective task decoupling 

and conflict mitigation while preserving cross-task knowledge sharing. 
It should be noted that the proposed method does not explicitly 
construct multiple task branches or define separate task-specific loss 
functions. Instead, it partitions the model parameters into multiple 
subsets, each treated as corresponding to an implicit task, and mitigates 
potential gradient conflicts among implicit tasks during joint learning 
through adaptive parameter updating.

Let M denote the total parameters of the model. According to task 
implicit relevance, M is divided into K parameter subsets, where the 
subset corresponding to the k-th task is denoted by Mk. The partition of 
parameter subsets is fixed at initialization, whereas the subsets selected 
and updated during training vary dynamically. A mask vector sk

t is 
introduced to determine the parameter subset Mk

t activated during the 
t-th iteration, denoted by Mt =

{
Mk

t |sk
t = 1, k ∈ {1,2,⋯,K}

}
. Accord

ingly, the model parameters at iteration t+1 can be updated as: 

Mt+1 = Mt − αst⨀△L (Mt) (7) 

where α denotes the learning rate, and △L (Mt) represents the gradient 
of the loss function with respect to the model parameters. Under this 
mechanism, updates are applied only to the parameter subsets identified 
as important, resulting in an optimization process driven by sparse 
parameter selection.

To reduce the instability in parameter selection caused by fluctua
tions in single-step gradients, we further introduce a momentum-based 
mechanism for long-term importance tracking method. Specifically, 
the parameter importance of k-th task at t-th iteration, denoted by γk

t , is 
calculated as: 

γk
t = ηγk

t− 1 +(1 − η)γ̂k
t (8) 

where η represents the momentum parameter, and γ̂k
t = (△L (Mt) )

2 

represents the instantaneous importance estimated from the current 
gradient. This mechanism helps preserve the importance information of 
implicit tasks, reduces frequent subtask switching caused by instanta
neous noise, and thereby improves training stability. Additionally, an 
advanced sampling strategy is employed to identify the most informa
tive parameter subsets: 

Mt =

{

Mk
t |q

k
t =

γk
t∑
tγk

t
, k ∈ Top − ρ(t)

}

(9) 

where ρ denotes the predefined parameter update ratio, and qk
t is the 

probability of selecting the subset Mk
t at t-th iteration. Finally, the up

date rule for the model parameters can be defined as: 

Mt = Mt− 1 − β
∑K

k=1
sk
t ⨀Mk

t⨀△L (Mt) (10) 

When sk
t = 1, the parameters associated with the corresponding implicit 

task are activated and updated; When sk
t = 0, those parameters are 

excluded from updating in the current iteration.

2.7. Model training and optimization

The model was optimized using the Bayesian Personalized Ranking 
loss to enhance discrimination of HTI patterns. Let 

(
hi, tj, tn

)
denote a 

training triplet, where hi is the i-th herb node and tj and tn are a related 
and an unrelated target, respectively. Based on the herb–target em
beddings, the scores of positive and negative pairs, ri,j and ri,n are 
computed using the dot product. The model is trained to increase the 
score of positive pairs while decreasing that of negative pairs, thereby 
ranking true interactions higher than non-interactions: 

L =
∑H− 1

i=0

∑

(hi ,tj ,tn)∈Ci
− ln

(
σ
(
ri,j − ri,n

) )
+φ‖Ω‖

2 (11) 
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where σ denotes the sigmoid function, Ci represents the set of all triplets 
(related to i-th herb) used for ranking in the training set, Ω denotes the 
model parameters, φ is the regularization coefficient, and H is the total 
number of herb nodes.

At each training iteration, the model first computes the BPR ranking 
loss based on 

(
hi, tj, tn

)
triplets, and then performs backpropagation to 

obtain gradients for all trainable parameters. Based on these gradients, 
the adaptive parameter updating mechanism estimates the importance 
of different parameter subsets by combining the current gradients with 
their historical momentum information, and selects the most important 
subsets according to a predefined update ratio. For low-importance 
parameter subsets, gradient masks are applied so that only the update 
signals at the selected parameter positions are retained before the 
optimizer step.

2.8. Clinician-guided assessment

To further evaluate the medical relevance and potential translational 
value of the predicted targets, we incorporated clinician-guided assess
ment in addition to database, literature, and molecular docking vali
dation. Two physicians with clinical experience in gastrointestinal 
surgery independently evaluated eight representative high-ranking 
candidate targets predicted for Coptis chinensis and Artemisia annua. 
The assessment covered four dimensions: (1) relevance to gastrointes
tinal diseases, including gastrointestinal tumors, chronic inflammation, 
mucosal immunity, intestinal barrier function, and metabolism-related 
disorders; (2) biological plausibility of the candidate targets; (3) clin
ical actionability in modern medicine, including human disease evi
dence, drug development potential, clinical trial information, and 
established biomarkers or therapeutic pathways; and (4) priority for 
further functional or translational investigation. The two evaluators 
independently completed the initial assessment and were blinded to the 
model-predicted rankings during scoring. Candidate targets with sub
stantial disagreement were further adjudicated by a third clinical expert.

To further assess the medical reliability of LLM-generated semantic 
information, we randomly sampled descriptions of 100 biological 
macromolecular targets and invited two physicians with clinical medical 
backgrounds to independently review them. The evaluation covered 
molecular function accuracy, signaling pathway accuracy, disease- 
association plausibility, medical relevance, and the presence of unsup
ported inferences. Information containing clear factual errors or lacking 
support from authoritative databases and literature was recorded 
separately.

3. Results

3.1. Experimental settings

Following previous work [20], the 38,002 HTI records were 
randomly split into training, validation and test sets at a ratio of 8:1:1. 
Under this unified setting, LLM-HTI was compared with representative 
baseline methods, including local topology-based link prediction ap
proaches (CN [24], Salton [30], Jaccard, HPI [31], LHN-1 [32], AA [33]
and RA [33]), network propagation-based models (heNetRW [15] and 
Prince [34]), and the deep learning-based HTINet2 [20]. Topology- 
based methods infer potential HTIs from neighborhood similarity and 
related local structural features, but are limited in capturing higher- 
order relationships in complex biological networks. By contrast, 
heNetRW and Prince further exploit global structural information 
through network propagation, whereas HTINet2 integrates knowledge 
graph embedding with a residual-like graph neural network to model 
multi-relational information and target-specific features. These base
lines together provide a comprehensive benchmark for evaluating the 
effectiveness of LLM-HTI.

We used hit ratio (HR) and normalized discounted cumulative gain 

(NDCG) as evaluation metrics. For herb-side predictions, Ch is the set of 
ground-truth targets and Ch@N denotes the set of top-N candidate targets 
predicted by the model. Then, HR@N is defined as: 

HR@N =
|Ch@N ∩ Ch|

|Ch|
(12) 

HR@N reflects the ability of the model to identify true targets within the 
top-N predictions, with higher values indicating better predictive per
formance. NDCG@N is used to evaluate the ranking quality of the pre
dicted targets in the recommendation list, and is defined as follows: 

NDCG@N =
DCG@N
IDCG@N

(13) 

where DCG@N denotes discounted cumulative gain, and IDCG@N de
notes ideal discounted cumulative gain.

3.2. Comparison with baseline methods

Table 1 compares the performance of LLM-HTI with multiple 
representative baselines under different Top-N metrics. Overall, LLM- 
HTI consistently outperformed all competing methods across all evalu
ation metrics, with the clearest advantage at Top-10, where HR@10 and 
NDCG@10 reached 0.4669 and 0.3999, respectively. Traditional link 
prediction methods based on local topology, such as CN and AA, per
formed reasonably well on some low-order metrics but were limited in 
overall performance because they could not capture higher-order 
structural relationships. Network propagation-based models, including 
heNetRW and PRINCE, benefited from global structural information but 
still underperformed relative to LLM-HTI, underscoring the importance 
of multi-source knowledge integration and deep graph modeling for HTI 
prediction. Although HTINet2 showed strong competitive performance, 
LLM-HTI achieved further consistent gains across all metrics, likely 
owing to the combined effects of parameter-adaptive updating and hi
erarchical multi-hop neighborhood modeling, which improved both 
heterogeneous information integration and complex relationship 
modeling.

3.3. Ablation study

To systematically evaluate the contribution of each key component, 
we conducted a series of ablation experiments by removing individual 
modules and measuring the resulting changes in HTI prediction per
formance. Specifically, “w/o GPT” denotes the removal of ChatGPT- 
derived textual semantic embeddings, “w/o ML” denotes the removal 
of multi-layer GCN aggregation while retaining only the final-layer 
output, and “w/o APUM” denotes the removal of the parameter- 
adaptive updating mechanism. And “w/o TWKG” denotes the removal 
of the prior structural embeddings learned from TWKG using LINE. In 
this setting, the model uses only the semantic features obtained by 
encoding the LLM-generated textual descriptions with BERT as the 
initial representations of herb and target nodes.

As shown in Table 2, all components contributed positively to overall 
performance. Among them, removing multi-hop neighborhood 
modeling (ML) caused the largest drop, with HR@1 decreasing from 
0.3975 to 0.3075 and HR@10 to 0.3413, indicating that higher-order 
neighborhood information is critical for capturing potential HTI re
lationships. Removing the parameter-adaptive updating mechanism 
(APUM) also substantially degraded performance, reducing HR@1 to 
0.3368, which highlights the importance of dynamic parameter selec
tion for stable and robust information propagation. By comparison, 
textual semantic features (GPT) and TWKG structural information pro
duced more moderate but still consistent gains across Top-N metrics, 
suggesting that language semantics and graph topology provide com
plementary information for node representation learning. Overall, the 
full model achieved the best performance across all metrics, validating 
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the effectiveness of multi-source information fusion, structural 
modeling, and parameter-adaptive optimization.

3.4. Parameter experiments

To assess the robustness of LLM-HTI, we systematically evaluated 
three key hyperparameters: the number of GCN layers, the parameter 
subset update ratio ρ, and the momentum coefficient β. Overall, 
Tables 3–5 show that the strong performance of LLM-HTI depends not 
only on multi-hop neighborhood modeling and parameter-adaptive 
optimization, but also on appropriate hyperparameter settings. Specif
ically, a 4-layer GCN achieved the best balance between information 
propagation depth and the risk of over-smoothing; β=0.7 stabilized 
parameter updates while suppressing noise; and ρ=0.3 allowed the 
sparse updating strategy to operate most effectively. Collectively, these 
settings are critical for capturing complex HTI relationships, exploiting 
higher-order structural information, and maintaining training stability.

More specifically, the number of GCN layers had a pronounced 
impact on model performance. As the depth increased from 1 to 4 layers, 
the model consistently improved across Top-K metrics, indicating that 
progressive aggregation of multi-hop neighborhood information en
hances the discriminative power of node representations. However, 
further increasing the depth led to performance degradation, suggesting 
over-smoothing in deeper graph convolutional networks. In contrast, the 
momentum coefficient β and the update ratio ρ mainly affected opti
mization stability and efficiency. The best performance was obtained at 
β=0.7, indicating that a moderate degree of historical gradient memory 
helps stabilize updates while preserving responsiveness to current task 
features. For the update ratio, ρ=0.3 yielded the optimal result, sug
gesting that updating only a subset of key parameters is sufficient to 
retain informative signals while improving computational efficiency; 

both overly large and overly small update ratios impaired performance. 
Together, these findings highlight the importance of proper hyper
parameter selection in fully realizing the advantages of LLM-HTI.

Additionally, we compared the model performance under different 
embedding dimensions using the main evaluation metrics. As shown in 
Table 6, when the embedding dimension was below 64, model perfor
mance improved as the dimension increased. When the dimension 
exceeded 64, performance slightly decreased, suggesting that overly 
large dimensions may introduce redundant structural information or 
increase the optimization burden. Overall, LLM-HTI showed stable 
performance within the 16–128 dimensional range and was relatively 
insensitive to the LINE embedding dimension, indicating that this 
hyperparameter has a broad feasible range.

3.5. Case analysis

To assess the practical applicability of LLM-HTI, we conducted case 
studies on Artemisia annua and Coptis chinensis by validating their top 10 
predicted targets. Three complementary strategies were used, including 
database validation, literature validation, and molecular docking. 
Database evidence was obtained from ETCM [35] and HERB [36], 
literature evidence was collected from PubMed, and molecular docking 
with AutoDock was performed to evaluate the potential interactions of 
artemisinin and berberine with the predicted targets. In Table 7, Targets 
shown in bold are supported by database, literature, or molecular 
docking evidence. These analyses are intended to provide supportive 
evidence for the biological plausibility of the predictions rather than 
direct proof of causal mechanisms.

3.5.1. Validation of targets for Coptis chinensis
Among the top 10 candidate targets predicted for Coptis chinensis, 

Table 1 
Performance of LLM-HTI and representative baseline methods for HTI prediction.

Models/metrics HR@1 NDCG@1 HR@3 NDCG@3 HR@5 NDCG@5 HR@10 NDCG@10

CN 0.0274 0.0812 0.0799 0.1705 0.1206 0.2131 0.2001 0.2760
Salton 0.0097 0.0294 0.0284 0.0614 0.0438 0.0792 0.0805 0.1117
Jaccard 0.0113 0.0305 0.0335 0.0667 0.053 0.0850 0.0983 0.1255
HPI 0.0003 0.0006 0.003 0.0073 0.0067 0.0162 0.0201 0.0400
LHN-1 0.0003 0.0005 0.0012 0.0015 0.0022 0.0031 0.0062 0.0079
AA 0.0278 0.0831 0.0787 0.1669 0.1209 0.2148 0.1996 0.2756
RA 0.0270 0.0795 0.0763 0.1569 0.1170 0.2118 0.1929 0.2667
heNetRW 0.0080 0.0186 0.0254 0.0436 0.0455 0.0597 0.0915 0.0942
PRINCE 0.0032 0.0065 0.0134 0.0174 0.0269 0.0282 0.0495 0.0422
HTINet2 0.3536 0.3536 0.3448 0.3398 0.3706 0.3500 0.4458 0.3746
LLM-HTI 0.3975 0.3975 0.3745 0.3712 0.3892 0.3702 0.4669 0.3999

Table 2 
Ablation results for key components of LLM-HTI.

Models/metrics HR@1 NDCG@1 HR@3 NDCG@3 HR@5 NDCG@5 HR@10 NDCG@10

w/o GPT 0.384 0.384 0.3701 0.3612 0.3806 0.3597 0.4573 0.3907
w/o TWKG 0.3849 0.3849 0.3602 0.3552 0.3788 0.3573 0.4564 0.3869
w/o ML 0.3075 0.3075 0.2838 0.2847 0.2908 0.2822 0.3413 0.2943
w/o APUM 0.3368 0.3368 0.3152 0.3165 0.3386 0.3232 0.4117 0.3506
LLM-HTI 0.3975 0.3975 0.3745 0.3712 0.3892 0.3702 0.4669 0.3999

Table 3 
Performance of LLM-HTI under different numbers of GCN encoder layers.

Layers/metrics HR@1 NDCG@1 HR@3 NDCG@3 HR@5 NDCG@5 HR@10 NDCG@10

1 0.3849 0.3849 0.3532 0.3519 0.3628 0.3489 0.4451 0.3780
2 0.3932 0.3932 0.3620 0.3672 0.3856 0.3692 0.4179 0.3556
3 0.3954 0.3954 0.3712 0.3677 0.3864 0.3704 0.4658 0.3981
4 0.3975 0.3975 0.3745 0.3712 0.3892 0.3702 0.4669 0.3999
5 0.3745 0.3745 0.3581 0.3563 0.3802 0.3623 0.464 0.3915
6 0.3716 0.3716 0.3384 0.3407 0.3758 0.3561 0.4577 0.3856
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eight were supported by external evidence, indicating high predictive 
reliability. CHRM2 has been recorded in HERB as a potential target, 
whereas previous studies showed that berberine may regulate SLC2A4 
[37], promote NQO1 expression [38]. Molecular docking in Figs. 2a-c 
further supported several predictions, with CHRM3, POR and AHSA1 
showing relatively strong binding to berberine; among them, CHRM3 
exhibited the lowest binding energy of − 7.5 kcal/mol and interacted 
with residues K228 and E197. Although PLB1 could not be directly 
evaluated because no experimentally resolved three-dimensional struc
ture is available, it remains a biologically plausible candidate target 
given its role in phospholipid metabolism and inflammatory signaling, 
together with the known anti-inflammatory and lipid-regulating effects 
of berberine [39]. Together, these findings support the biological 

plausibility of several top-ranked Coptis chinensis–target predictions and 
indicate that LLM-HTI can prioritize potential candidate targets while 
recovering known associations. However, these results should be inter
preted as hypothesis-generating evidence rather than direct proof of 
causal mechanisms.

3.5.2. Validation of targets for Artemisia annua
Among the top 10 candidate targets predicted for Artemisia annua, 

nine were supported by database, literature, or molecular docking evi
dence, indicating high predictive reliability. TLR4 and TRPM8 have 
been recorded in ETCM [35], EIF6 can be retrieved from HERB [36], and 
published studies further support the relevance of STAT3, CDH1, and 
EGFR [40; 41; 44]. These findings support the biological plausibility of 
several top-ranked Artemisia annua–target predictions and indicate that 
LLM-HTI can prioritize candidate targets with potential research value 
while recovering known associations. Nevertheless, these predictions 
should be interpreted as hypothesis-generating evidence and require 
further experimental validation. Molecular docking in Figs. 3a-c further 
supported several predictions, with MC1R, ADH1A and NOS3 all 
showing relatively strong binding to artemisinin; among them, MC1R 
exhibited the strongest affinity, with a binding energy of − 8.7 kcal/mol. 
By contrast, PLB1 could not be directly evaluated because no experi
mentally resolved three-dimensional structure is currently available. 
Nevertheless, given its role in phospholipid metabolism and membrane 
dynamics, together with the known anti-inflammatory activity of arte
misinin, PLB1 remains a biologically plausible candidate target, 
although further experimental validation is required.

3.5.3. Clinician-guided interpretation of predicted targets in gastrointestinal 
diseases

To further assess the medical relevance and potential translational 
value of the top-ranked candidate targets, representative targets from 
Table 7 were subjected to independent structured evaluation by two 
gastrointestinal surgeons. As shown in Tables 8 and 9, among the eight 
representative candidate targets evaluated, seven were consistently 
rated by both clinicians as having medium-to-high relevance to 

Table 4 
Performance of LLM-HTI under different momentum coefficients β.

β/metrics HR@1 NDCG@1 HR@3 NDCG@3 HR@5 NDCG@5 HR@10 NDCG@10

0.1 0.3782 0.3782 0.3597 0.3572 0.3777 0.3586 0.4534 0.3927
0.3 0.4015 0.4015 0.3687 0.3674 0.3855 0.3667 0.4648 0.3926
0.5 0.3923 0.3923 0.3731 0.3670 0.3866 0.3682 0.4679 0.3996
0.7 0.3975 0.3975 0.3745 0.3712 0.3892 0.3702 0.4669 0.3999
0.9 0.3796 0.3787 0.3714 0.3663 0.3886 0.3706 0.4658 0.4021

Table 5 
Performance of LLM-HTI under different parameter update ratios ρ.

ρ/metrics HR@1 NDCG@1 HR@3 NDCG@3 HR@5 NDCG@5 HR@10 NDCG@10

0.1 0.3814 0.3814 0.3673 0.3604 0.3852 0.3656 0.4612 0.3928
0.3 0.3975 0.3975 0.3745 0.3712 0.3892 0.3702 0.4669 0.3999
0.5 0.3954 0.3954 0.3699 0.3648 0.3857 0.3664 0.4621 0.3933
0.7 0.3775 0.3774 0.3583 0.3522 0.3719 0.3548 0.4509 0.3821
0.9 0.3595 0.3603 0.3517 0.3462 0.3672 0.3515 0.4460 0.3849

Table 6 
Performance of LLM-HTI under different LINE embedding dimensions.

Dimensions/ 
metrics

HR@1 NDCG@1 HR@3 NDCG@3 HR@5 NDCG@5 HR@10 NDCG@10

16 0.3915 0.3915 0.3692 0.3687 0.3865 0.3677 0.4627 0.3948
32 0.3943 0.3943 0.3716 0.3694 0.3871 0.3684 0.4632 0.3957
64 0.3975 0.3975 0.3745 0.3712 0.3892 0.3702 0.4669 0.3999
128 0.3924 0.3924 0.3682 0.3608 0.3816 0.3651 0.4628 0.3915
256 0.3894 0.3894 0.3671 0.3567 0.3784 0.3575 0.4584 0.3891

Table 7 
Top 10 predicted candidate targets of Artemisia annua and Coptis chinensis by 
LLM-HTI.

Coptis chinensis Artemisia annua

Rank Predicted 
targets

Evidence Predicted 
targets

Evidence

1 SLC2A4 Tang et al. [37] TLR4 ETCM
2 CHRM3 Docking (BE =

–7.5)
STAT3 Gao et al. [40]

3 SOD1 – MC1R Docking (BE =
–8.7)

4 POR Docking (BE =
–6.4)

ADH1A Docking (BE =
–7.4)

5 NQO1 Shou et al. [38] PLB1 –
6 CHRM2 HERB TRPM8 ETCM
7 PLB1 – CDH1 Xu et al. [41]
8 IL18 Li et al. [42] EIF6 HERB
9 RHO Tang et al. [43] EGFR Liu et al. [44]
10 AHSA1 Docking (BE =

–6.0)
NOS3 Docking (BE =

–7.7)

Note: Targets shown in bold are supported by database, literature, or molecular 
docking evidence.
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gastrointestinal diseases. These targets mainly mapped to two disease- 
relevant mechanistic categories. The first category was associated with 
gastrointestinal tumor biology, including EGFR, STAT3, CDH1, and 
NQO1. The second category was related to inflammatory responses, 
mucosal immunity, and barrier regulation, including TLR4, IL18, and 
CHRM3. Most targets also showed medium-to-high clinical actionability 
and translational priority, suggesting that LLM-HTI predictions have not 
only statistical value but also medical interpretability and potential 
utility for downstream validation. In contrast, SLC2A4 showed relatively 
limited gastrointestinal disease specificity and direct translational value, 
with mild disagreement between the two clinicians, indicating that it 
may be better interpreted as a metabolism-related candidate rather than 
a high-priority gastrointestinal disease target.

From the perspective of modern gastrointestinal disease mecha
nisms, several top-ranked targets predicted by LLM-HTI intersect with 
key pathophysiological processes, including gastrointestinal tumori
genesis, chronic inflammation, mucosal immunity, epithelial barrier 
regulation, and metabolic control. For example, STAT3 links cytokine 

signaling, chronic inflammation, and inflammation-associated tumori
genesis; EGFR has established disease relevance and clinical interven
tion value in gastrointestinal malignancies, particularly colorectal 
cancer; and CDH1 is closely related to epithelial adhesion, gastric 
mucosal barrier maintenance, and gastric cancer development. There
fore, gastrointestinal disease-oriented clinician assessment helps further 
prioritize candidate targets with disease relevance, mechanistic inter
pretability, and translational potential from computational predictions. 
Compared with algorithmic metrics such as HR and NDCG alone, this 
strategy integrates model prediction, database and molecular-level ev
idence, and clinical expert judgment, thereby establishing a multilay
ered evaluation path from computational prediction to biological 
evidence and clinical medical interpretation.

4. Discussions

Built upon the integration of traditional medicine theory and modern 
biomedical information, this study develops a large language model- 

Fig. 2. Molecular docking visualization of Coptis chinensis with three candidate targets: (a) AHSA1, (b) CHRM3, and (c) POR.
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driven framework for HTI modeling. The framework captures higher- 
order topological dependencies between herbs and targets through 
multi-layer graph convolution, and further improves training stability 
and optimization efficiency by dynamically selecting key parameter 
subsets via a parameter-adaptive updating strategy, without altering the 
model architecture. Experimental results show that LLM-HTI consis
tently outperforms traditional link prediction methods and existing HTI 
models, while ablation and hyperparameter analyses further indicate 
that multi-hop structural modeling and parameter-adaptive updating 
are the major sources of performance gain.

More importantly, the case studies provide biologically plausible and 
medically interpretable evidence for selected high-ranking predictions. 
After excluding known targets in the test set, multiple top-ranked pre
dictions for Artemisia annua and Coptis chinensis were supported by da
tabases, literature, or molecular docking. These findings suggest that 
LLM-HTI may help prioritize candidate targets, support active com
pound screening, and generate mechanistic hypotheses, but they should 
not be interpreted as direct evidence of causal mechanisms.

Nevertheless, several limitations remain in the current study. First, 
the semantic representations rely on LLM-generated entity descriptions, 

whose quality may still be affected by prompt design, model behavior, 
and domain knowledge coverage. Second, the present validation is 
mainly based on benchmark evaluation together with post hoc evidence 
from databases, literature, and molecular docking, rather than direct 
functional experiments or mechanism-level explanation analyses. Third, 
the current framework is built on a relatively static herb-target inter
action graph and does not yet incorporate richer multimodal informa
tion such as clinical phenotypes and omics perturbation signals. 
Therefore, future work will focus on improving the reproducibility and 
domain specificity of semantic generation, introducing more direct 
explanation and experimental validation strategies, and extending the 
framework to more realistic scenarios, including formula compatibility 
and complex disease intervention.

5. Conclusions

We propose LLM-HTI, an HTI prediction framework jointly driven by 
LLMs and an integrative Chinese–Western medicine knowledge graph, 
enabling unified modeling of traditional medicine knowledge, modern 
biomedical relations, and graph representation learning. By combining 

Fig. 3. Molecular docking visualization of Artemisia annua with three candidate targets: (a) ADH1A, (b) MC1R, and (c) NOS3.
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semantic enhancement, multi-layer graph aggregation, and parameter- 
adaptive updating, the framework achieves strong performance, stabil
ity, and interpretability. Experimental and case-study results show that 
LLM-HTI effectively identifies potential herb–target relationships and 
uncovers pharmacologically supported candidate targets. Additionally, 
the clinician-guided assessment of disease relevance and translational 
value by gastrointestinal surgeons further integrates model predictions 
with modern clinical medical knowledge, providing complementary 
support for improving the medical interpretability and translational 
potential of AI-assisted candidate target discovery.
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Table 8 
Clinician-guided gastrointestinal interpretation of top-ranked Artemisia annua-target candidate pairs.

Targets Herbs Evidence 
type

Gastrointestinal clinical relevance Clinical actionability Translational 
priority

EGFR Artemisia 
annua

Literature High/High.  
EGFR is associated with gastrointestinal epithelial repair and 
tumor signaling, with established disease relevance in 
colorectal cancer.

High/High.  
EGFR is a well-established clinically actionable 
druggable target, but its modulation by Artemisia 
annua requires validation.

High/High

STAT3 Artemisia 
annua

Literature High/High. 
STAT3 is involved in cytokine signaling and inflammation- 
associated tumorigenesis, and is associated with the 
transition from chronic gastrointestinal inflammation to 
cancer.

High/High. 
The STAT3 pathway has clear pharmacological 
relevance, but direct clinical targeting remains 
context-dependent.

High/High

CDH1 Artemisia 
annua

Literature High/High. 
CDH1 is involved in epithelial cell adhesion and gastric 
mucosal barrier maintenance, with established disease 
relevance in gastric cancer development and progression.

Medium/Medium. 
CDH1 has strong mechanistic and biomarker value 
but is not a conventional directly druggable target.

High/High

TLR4 Artemisia 
annua

ETCM 
database

High/High. 
TLR4 participates in microbial recognition and mucosal 
immune regulation, while its dysregulated activation is 
associated with gastrointestinal inflammation and barrier 
injury.

Medium/Medium. 
The TLR4 pathway is suitable for mechanistic 
validation in inflammation and barrier injury models, 
but direct clinical targeting remains immature.

High/High

Note: Gastrointestinal clinical relevance, clinical actionability, and translational priority were independently assessed by two gastrointestinal surgeons using a three- 
level scale: High, Medium, and Low. Ratings such as “High/Medium” indicate the independent scores assigned by the first and second clinician, respectively. The 
overall rationale was summarized based on both clinicians' ratings and medical interpretation.

Table 9 
Clinician-guided gastrointestinal interpretation of top-ranked Coptis chinensis-target candidate pairs.

Targets Herbs Evidence 
type

Gastrointestinal clinical relevance Clinical actionability Translational 
priority

IL18 Coptis 
chinensis

Literature High/High. 
IL18 is associated with inflammasome activation, mucosal 
immune regulation, and intestinal inflammation, and is 
involved in IBD-related mechanisms.

Medium/Medium. 
IL18 marks inflammation and mucosal immune 
regulation, but its therapeutic targetability remains 
uncertain.

High/ 
Medium

CHRM3 Coptis 
chinensis

Molecular 
docking

Medium/Medium. 
CHRM3 is involved in gastrointestinal motility, secretion, 
and epithelial homeostasis, with potential neuroimmune 
relevance.

Medium/Medium. 
CHRM3 has some pharmacological tractability, but 
requires disease-specific validation.

Medium/ 
Medium

NQO1 Coptis 
chinensis

Literature Medium/Medium. 
NQO1 is associated with oxidative stress regulation and 
tumor redox homeostasis, and may indirectly contribute to 
gastrointestinal injury and tumor biology.

Medium/Medium. 
NQO1 may serve as a mechanistic marker of Coptis 
chinensis-related oxidative stress, with relatively 
indirect clinical translational value.

Medium/ 
Medium

SLC2A4 Coptis 
chinensis

Literature Medium/Low.  
SLC2A4 is mainly involved in glucose transport and 
metabolic regulation, while its direct association with 
gastrointestinal diseases remains unclear.

Medium/Low.  
SLC2A4 has mechanistic relevance to metabolic 
regulation, but its gastrointestinal disease specificity 
and direct translational value are limited.

Medium/ 
Low

Note: Gastrointestinal clinical relevance, clinical actionability, and translational priority were independently assessed by two gastrointestinal surgeons using a three- 
level scale: High, Medium, and Low. Ratings such as “High/Medium” indicate the independent scores assigned by the first and second clinician, respectively. The 
overall rationale was summarized based on both clinicians' ratings and medical interpretation.
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Our data and code are publicly available at https://github.com/sis
yyuan/LLM-HTI.
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