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Abstract—Traditional Chinese Medicine (TCM) herbal pre-
scription recommendation involves selecting appropriate herb
combinations from patient symptoms under symbolic constraints
derived from TCM theory. While most data-driven approaches
achieve strong predictive accuracy, they typically encode domain
knowledge only implicitly and lack explicit mechanisms to verify
and correct knowledge-inconsistent predictions, which limits their
reliability for clinical decision support. In this paper, we propose
SEGCN-AIKC, a Semantic-Enhanced Graph Convolutional Net-
work with Adaptive Inconsistency-aware Knowledge Correction,
which formulates TCM herbal recommendation as a constrained
hypothesis inference problem. Specifically, a semantic-enhanced
multi-view graph convolutional network captures heterogeneous
symptom-herb relations and constructs a syndrome-level hypoth-
esis, which is then verified and minimally corrected by AIKC
under symbolic TCM constraints. By integrating neural per-
ception with constraint-guided verification and repair, SEGCN-
AIKC bridges data-driven learning with symbolic reasoning,
yielding recommendations that are both accurate and theoret-
ically consistent. Experiments on a public TCM prescription
dataset demonstrate consistent improvements over baselines,
while ablation and case studies further validate interpretability
and clinical plausibility.

Index Terms—Traditional Chinese medicine, Herbal prescrip-
tion recommendation, Graph Convolutional Network, Neuro-
symbolic reasoning, Inconsistency-aware Correction

I. INTRODUCTION

Traditional Chinese Medicine (TCM) constitutes a struc-
tured medical reasoning paradigm grounded in formal theoret-
ical systems [1]. In clinical practice, diagnosis and treatment
are operationalized through syndrome differentiation, which
serves as a latent inference layer linking observable symp-
toms to therapeutic decisions. Herbal prescription formulation

*Corresponding author

Jiaging Shang
Jiangsu Ocean University
School of Computer Engineering
Lianyungang, China
2024220926 @jou.edu.cn

Jiangsu Ocean University
School of Foreign Languages
Lianyungang, China
liuchuanxia@jou.edu.cn

Lulu Wei
Jiangsu Ocean University
School of Computer Engineering
Lianyungang, China
i2UOllovo@163.com

Li Jia*

Jiangsu Ocean University
School of Computer Engineering
Lianyungang, China
ljia0624work @ gmail.com

Chuanxia Liu

therefore emerges as a reasoning outcome rather than a di-
rect pattern-matching process. Clinicians map heterogeneous
symptom evidence to latent pathological patterns and select
herb combinations consistent with the inferred syndromes.
However, this mapping is weakly constrained and highly
experience-dependent, leading to substantial inter-practitioner
variability even under similar clinical presentations [2]. Such
variability motivates computational approaches that can model
prescribing regularities while explicitly adhering to TCM
principles.

Formalizing this reasoning process computationally is non-
trivial. Unlike conventional recommender systems based on
flat user—item interactions, TCM prescription recommendation
is governed by multi-relational symbolic structures linking
symptoms, syndromes, and herbs [3]. Moreover, clinical pre-
scription data are often sparse, long-tailed, and weakly su-
pervised, which challenges the generalization of purely data-
driven models across diverse clinical scenarios [4]. Existing
learning-based approaches typically embed domain knowl-
edge only implicitly within model parameters, lacking explicit
mechanisms for verification, interpretation, and correction [5].
As a result, their predictions remain difficult to audit and
unreliable for safety-critical clinical decision support.

Therefore, TCM prescription recommendation requires
more than implicit black-box prediction models, but rather
an interpretable reasoning framework with explicit theoret-
ical consistency. From a prescription reasoning perspective,
symptoms can be viewed as perceptual evidence, prescrip-
tions as explanatory hypotheses, and inference as being gov-
erned by symbolic constraints derived from TCM theory.
Based on this perspective, we propose SEGCN-AIKC, a
Semantic-Enhanced Graph Convolutional Network with Adap-
tive Inconsistency-aware Knowledge Correction. The frame-



work integrates semantic-enhanced multi-view graph repre-
sentation learning with an AIKC-based verification-and-repair
mechanism that explicitly detects and corrects knowledge-
inconsistent predictions during inference.

The main contributions are: (i) We formulate TCM herbal
recommendation as a constrained neuro-symbolic reasoning
problem and introduce a verification-and-repair paradigm. (ii)
We propose an SEGCN encoder to model heterogeneous
symptom-herb relations under data sparsity. (iii) We design
an AIKC module that performs explicit consistency evaluation
and minimal-intervention refinement.

II. RELATED WORK
A. Rule-based and Data-driven Herbal Recommendation

Traditional prescription formulation in TCM follows syn-
drome differentiation and is inherently knowledge-intensive
and experience-dependent [6]. Early computer-aided systems
therefore adopted expert-system paradigms, in which syn-
drome rules and herb-compatibility knowledge were manu-
ally encoded to support decision-making [7]. Although in-
terpretable, such systems suffer from limited coverage, high
maintenance costs, and poor scalability [8].

To address these limitations, data-driven methods were in-
troduced to learn prescribing regularities from clinical records.
Network-based approaches extract co-occurrence structures to
uncover herb compatibility patterns [9], while conventional
machine-learning models learn mappings from symptoms to
prescriptions [10]. Collaborative filtering and association-rule
mining further identify frequently co-prescribed herb sets
[11]. However, these methods rely mainly on correlation-
based signals and lack explicit mechanisms to verify whether
predicted prescriptions conform to normative TCM principles.

Recent advances in deep learning have significantly im-
proved representation capacity for herbal recommendation.
Graph neural network (GNN) is widely adopted to model
relational structures among symptoms and herbs [12], includ-
ing representative models such as MGCN [13], SMRGAT
[14], and HPGCN [15], which incorporate multi-layer graphs,
attention mechanisms, and pharmacological features.

Beyond GNN, reinforcement learning and subnetwork-
based models have also been explored, such as PrescDRL
[16] and TCMPR [17]. While these end-to-end models achieve
strong predictive performance, most encode domain knowl-
edge only implicitly within model parameters [18], and are not
designed to explicitly assess or correct knowledge-inconsistent
predictions during inference.

B. Neuro-Symbolic Reasoning and Verification

To overcome the limitations of both expert systems and
purely neural models, recent studies integrate neural percep-
tion with symbolic constraints to ensure theoretical consis-
tency. In such hybrid frameworks, neural components generate
candidate hypotheses, while symbolic rules provide explicit
specifications for verification and structured correction [19],
enabling verifiability and interpretability.

In the TCM domain, existing work combines knowl-
edge graph completion with quality evaluation to perform
constraint-based consistency checking and flag contradictory
triples [20]. Representation learning has also been adopted to
construct TCM knowledge graphs for inference and decision
support [21], and this research direction has been summa-
rized in surveys covering rule-based, embedding-based, and
neural paradigms [22]. These studies suggest that symbolic
constraints offer effective mechanisms for both verifiable de-
tection and structured repair, which naturally motivates the
verification-and-repair formulation adopted in this work.

III. APPROACH
A. Problem Formulation and Overview of SEGCN-AIKC

TCM prescription recommendation aims to select a co-
herent set of herbs from observed symptoms while satisfy-
ing symbolic constraints derived from TCM theory. From a
verification-and-repair perspective, we formulate the task as a
knowledge-constrained hypothesis inference problem: a latent
syndrome-level hypothesis is first induced from symptoms
based on the learned symptom-herb relational space, and
subsequently verified (and, if necessary, repaired) to ensure
theoretical consistency.

Let S = {s1,582,...,sn} denote the set of symptom types
and H = {hy, ho, ..., hp} denote the set of herb types. Each
clinical prescription is represented as p = (S,, Hp), where
Sp € S and H, C H denote the observed symptom set and
the corresponding herb set, respectively. Given S, the goal
is to learn a mapping f : 29 — [0,1]™, which assigns a
relevance score to each herb. The predicted score vector is y =
f(Sp; 6, K), where 6 denotes learnable parameters and KC is an
external TCM knowledge base encoding symbolic constraints.
This defines a multi-label prediction task whose outputs must
be both data-supported and theoretically consistent.

Fig. 1 illustrates SEGCN-AIKC, which separates neural
representation learning from symbolic constraint enforcement
at inference time. The framework consists of three stages: neu-
ral perception, syndrome-level hypothesis construction, and
optional verification-and-repair via AIKC.

B. Unified Encoding and Multi-View Representation

We map symptoms and herbs into a unified latent space
by encoding textual descriptions with a pre-trained BERT
model and integrating semantic features with structured TCM
attributes via linear projections:

el = fim(BERT(desc(s))),
el = fum(BERT(desc(h))) + fus(an),

All entities are projected into a shared embedding space of
dimension d = 256, serving as the initial representations for
subsequent learning.

To capture heterogeneous relational structures, we construct
four complementary graphs over the unified entity set V' =
S U H: (i) a Symptom—-Herb Graph (SHG) based on co-
occurrence, (i) a Symptom—Symptom Graph (SSG), (iii) a
Herb—Herb Graph (HHG), and (iv) a Herbal Knowledge Graph

()]
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Overview of SEGCN-AIKC. The framework follows a perception—hypothesis—verification—correction pipeline: (i) SEGCN encodes heterogeneous

symptom-herb relations; (ii) representations are fused into a syndrome-level embedding; (iii) AIKC verifies and corrects predictions under TCM constraints.

(KG) derived from attribute similarity. Each graph is encoded
using a two-layer GCN with residual connections, producing
view-specific representations Z*", Z*, Zh" Zk¢ Multi-head at-
tention is then applied to integrate information across views.
Symptom representations aggregate SHG and SSG, while herb
representations aggregate SHG, HHG, and KG, yielding fused
embeddings Zg € RV*¢ and Zy € RM*4,

Finally, mean-pooled symptom and herb embeddings are
combined via outer-product fusion and nonlinear transforma-
tion to obtain a syndrome-level representation:

Vsyn = RGLU(BN(Wsyn(ZS & ZH))) 5 (2)
which serves as the latent hypothesis for subsequent
constraint-guided verification and correction.

C. AIKC via Constraint-Guided Reasoning

Although the neural perception and hypothesis construction
modules capture rich empirical regularities from data, they do
not explicitly enforce prescription-level theoretical constraints
during representation learning. Consequently, the model may
produce overconfident predictions that violate key TCM prin-
ciples. To address this limitation without affecting model
optimization, we introduce an AIKC mechanism that operates
exclusively at inference time to perform explicit verification
and targeted repair under symbolic constraints.

Since not all predictions require symbolic intervention,

AIKC is selectively activated based on three indicators derived
from the syndrome representation vgy,: complexity o, confi-

dence ~y, and uncertainty p. It is triggered when any indicator
suggests unreliable inference:
Inke =1jo > 76 V vy <7y V pu> 14, 3)
where 7,, 7,, and 7, are validation-tuned thresholds. If
Iaike = O, predictions are generated directly from viyy;
otherwise, verification and correction are applied.

From a reasoning perspective, inferring a valid prescription
from observed symptoms can be formulated as a constrained
abductive inference problem. Given a symptom set S, and
background knowledge /C, the objective is to identify a hy-
pothesis H that both explains the observations and remains
consistent with domain knowledge:

H" = argmgxP(Sp | H,K) P(H | K). @)

Direct symbolic search over the combinatorial herb space is

intractable; therefore, AIKC performs inference in a continu-
ous latent space and treats vy, as an initial hypothesis.

To explore alternative explanations while maintaining ef-
ficiency, AIKC generates a small set of pseudo-hypotheses
through stochastic projection. Specifically, the syndrome rep-
resentation is first mapped to a continuous latent space,
from which multiple candidate hypotheses are produced using
lightweight projection functions with controlled perturbations:

Pi = G((im1) mod 341 (Vayn) + €6, € ~N(0,071),  (5)

where {G}} denote parameter-sharing projection operators

with different stochastic behaviors, and ¢; introduces con-
trolled noise to encourage hypothesis diversity. In practice,
we generate L = 10 pseudo-hypotheses.



Domain knowledge is represented by a dual-layer prototype
memory that balances theoretical stability and data adap-
tivity. The expert layer Kexpen € RP*? encodes canonical
TCM patterns curated from theory, while the adaptive layer
Kogaptive € RF*? is learned from data to capture implicit
regufarities beyond expert specification. Given a query q =
WyVeyn, knowledge retrieval is performed via temperature-
scaled attention and dynamically fused:

>

t€ {expert,adaptive }

KT
kfuscd = ,Bt . softmax(qT ¢ > Kt7 (6)
k

where [Bexpert; Sadaptive] = softmax(Whaq) adaptively balance
expert-curated and data-driven knowledge. The adaptive layer
is trained jointly with neural perception modules and remains
fixed during inference-time correction.

Symbolic TCM principles are instantiated as a constraint
set R. For a candidate prescription H; induced by pseudo-
hypothesis p;, each constraint produces a soft violation score
¢m(H;) € [0,1]. The aggregated violation vector ¢(H;)
provides a differentiable measure of theoretical inconsistency.
Each pseudo-hypothesis is then evaluated using a lightweight
consistency estimator:

ci = U(MLP([p“ kfused; ¢(H1)])) ’ (7)

yielding a soft consistency score ¢; € [0,1].

Following a minimal-intervention principle, pseudo-
hypotheses with high consistency are preserved, while
low-consistency hypotheses are selectively adjusted in latent
space. For inconsistent candidates, a correction vector Ap; is
generated and applied with an adaptive weight:

wi=o(y(1-a)—1)), (8)

where 7 denotes the correction threshold and ~ controls
the sharpness of correction activation. This design ensures
that only conflicted components are modified while preserving

semantically coherent structure.

The corrected pseudo-hypotheses are then aggregated with
the original syndrome representation through dynamic weight
fusion:

p; = pi +wi - Ap;,

L
ngn:a’vsyn+ﬁ'zwi'p£7 )
=1
where fusion weights [«, 8] are computed adaptively based
on the average consistency score and the query representation,
ensuring a smooth trade-off between original perception and
corrected reasoning.

In the final stage, AIKC supports iterative refinement
through an abductive feedback loop, where the corrected
hypothesis is re-submitted for verification over a small number
of iterations. The process terminates early when either the
average consistency score exceeds a predefined threshold or
the maximum number of iterations is reached, thereby improv-
ing theoretical compliance while maintaining computational
efficiency.

D. Prescription Prediction and Model Learning

Given the (possibly corrected) syndrome representation
v;yn, herb relevance scores are computed by matching it
against the herb embedding matrix:

y = 0o(vinZi), (10)

and the Top-K herbs are returned as recommendations.

Model parameters are trained using the binary cross-entropy
loss with ground-truth multi-hot labels. During training, pre-
dictions are computed from the uncorrected representation
Vs, While at inference time, vy, is optionally refined by
AIKC to obtain v/

syn*
1V. EXPERIMENTS

A. Experimental Settings

We evaluate SEGCN-AIKC on the public LMA dataset [23],
which contains 33,765 prescriptions with 390 symptom types
and 811 herb types. The data are randomly split into training,
validation, and test sets with a ratio of 6:2:2. The validation set
is used for hyperparameter tuning, and all results are reported
on the test set. The model is implemented in PyTorch 2.1 and
trained with Adam for 200 epochs.

Following prior work, we adopt Precision@K, Recall@K,
and F1@K with K € {5,10,20} to evaluate top-K rec-
ommendation performance in this multi-label setting. Pre-
cision@K measures the proportion of correct herbs among
the top-K predictions, Recall@K measures the coverage of
ground-truth herbs, and F1@K provides their harmonic mean.

B. Overall Performance Comparison

Table I reports the overall performance on the test set.
SEGCN-AIKC consistently achieves the best results across all
metrics and values of K, indicating improved recommendation
accuracy and stable generalization.

Compared with the strongest baseline PresRecST, SEGCN-
AIKC improves F1@5 from 0.2352 to 0.2557, F1@10 from
0.2575 to 0.2862, and F1@20 from 0.2365 to 0.2661. Similar
gains are observed for Precision and Recall, showing a con-
sistent improvement in the precision—recall trade-off. More-
over, SEGCN-AIKC maintains the highest F1 scores across
K = b5,10,20, suggesting that the verification-and-repair
mechanism provides robust and generalizable corrections.

C. Ablation Analysis

The ablation results are reported in Table II, where each
variant removes one or more components while keeping all
other settings unchanged.

(i) Removing the multi-view representation module leads to
clear performance degradation across all metrics. For example,
Recall@10 drops from 0.3436 to 0.3285 and F1 @10 decreases
from 0.2862 to 0.2817, indicating the importance of integrating
heterogeneous relational views. (ii) Disabling the AIKC mod-
ule causes consistent declines, especially in recall, suggest-
ing that AIKC effectively refines candidate prescriptions by
removing knowledge-inconsistent hypotheses. (iii) Removing
the BERT encoder results in a moderate performance drop,
showing that textual semantics provide useful but auxiliary
contextual signals. (iv) Joint ablations yield larger perfor-
mance losses than individual removals, indicating that the
three components capture complementary and non-redundant
information, and their combination is necessary for optimal
performance.



TABLE I

PERFORMANCE COMPARISON ON THE LMA DATASET.

Precision Recall F1-Score
Model
P@5 P@10 P@20 R@5 R@10 R@20 Fl@5 Fl@10 F1@20
LightGCN [24] 0.2121 0.1601 0.1156  0.1450  0.2157 0.3080  0.1723  0.1838 0.1681
SMGCN [25] 0.2472  0.1938  0.1419  0.1704  0.2644  0.3859  0.2017  0.2237 0.2075
PTM [23] 02526  0.2062  0.1523  0.1738  0.2818  0.4152  0.2059  0.2382 0.2229
TCMPR [17] 02688  0.2124  0.1579  0.1888  0.2989  0.4374  0.2218  0.2484 0.2320
KDHR [26] 02702  0.2108  0.1548  0.1960  0.2982  0.4311 0.2271 0.2470 0.2278
SMRGAT [14] 0.2819  0.2208  0.1611 0.2000  0.3058  0.4424  0.2324  0.2541 0.2344
PresRecST [27] 02775  0.2174  0.1594  0.2018  0.3086  0.4449  0.2352  0.2575 0.2365
SEGCN-AIKC 0.3150  0.2502  0.1835  0.2237  0.3436  0.4841  0.2557  (0.2862 0.2661
TABLE II
ABLATION RESULTS ON THE LM A DATASET.
Model Precision Recall F1-Score
P@5 P@10 P@20 R@5 R@10 R@20 Fl@5 Fl@l0 Fl@20
— Multi-View 0.3118  0.2466  0.1796  0.2112  0.3285 04739  0.2518 0.2817 0.2604
— AIKC 0.3134  0.2479  0.1818  0.2119  0.3300 0.4789  0.2529 0.2831 0.2635
— BERT 0.3139 0.2493  0.1839 0.2126  0.3328 0.4829  0.2533 0.2851 0.2657
— BERT & AIKC 0.3126  0.2481 0.1824  0.2123 03314  0.4809  0.2528 0.2837 0.2645
— Multi-View & AIKC ~ 0.3102  0.2472  0.1800  0.2102  0.3291 0.4748  0.2506 0.2823 0.2610
— Multi-View & BERT ~ 0.3117 02467  0.1767  0.2122  0.3301 0.4682  0.2525 0.2824 0.2566
SEGCN-AIKC (Full) 0.3150  0.2502  0.1835  0.2237  0.3436  0.4841  0.2557 0.2862 0.2661
TABLE III

CASE STUDIES OF AIKC. BOLD HERBS MATCH THE GROUND TRUTH, AND UNDERLINED HERBS ARE CORRECTED TO SATISFY CONSTRAINTS UNDER A
MINIMAL-INTERVENTION PRINCIPLE.

Case Symptom  Ground Truth Herbs SEGCN Output SEGCN-AIKC Output
Case |  Headache Licorice, Cimicifuga heracleifolia, Paconia lacti-  Licorice, Gypsum, Ephedra sinica, Licorice, Gypsum, Ephedra sinica, Paeonia
flora, Gypsum, Ephedra sinica Scutellaria baicalensis, Ligusticum chuanxiong, lactiflora, Cimicifuga heracleifolia, Angelica
Paeonia lactiflora sinensis
Case 2 Vomiting  Atractylodes macrocephala, Fresh ginger, Licorice, Ginseng, Atractylodes macrocephala, Licorice, Ginseng, Atractylodes macrocephala,

Licorice, Dried ginger, Clove, Agastache, Poria
cocos, Ginseng, Pinellia, Magnolia officinalis

Fresh ginger, Coptis chinensis, Amomum villo-
sum, Poria cocos, Magnolia officinalis, Pinellia

Fresh ginger, Clove, Aucklandia lappa decne,
Poria cocos, Magnolia officinalis, Pinellia, Cit-
rus reticulata

- Fl@s 0.28
- Fl@io

—h— Fl@20

- Fl@s
- Fl@10

0.26

F1 Score
o
o
R

F1 Score

0.22
0.05
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Activation Threshold

0.28 le-3

Learning Rate

threshold 7, the number of pseudo elements, the embedding
dimension, and the learning rate. Figure 2 reports F1@5,
F1@10, and F1@20 under different settings.

As shown in Figure 2(a), performance follows a unimodal
trend with a peak at 7 = 0.12. Too small values lead to
excessive correction, while too large values suppress verifica-
tion, confirming the effectiveness of the minimal-intervention

026 e o e design. Figure 2(b) indicates that a learning rate of 5 x 10~4
—— F1@20 —A— Fl@20

F1 Score
o
i
R

F1 Score

32 64 128

Embedding Dimension

256 5 10 15
Pseudo Elements

Fig. 2. Hyperparameter sensitivity analysis of SEGCN-AIKC.

D. Hyperparameter Sensitivity

We analyze the sensitivity of SEGCN-AIKC to key hyper-
parameters that affect the verification-and-repair mechanism
and representation capacity, including the AIKC activation

yields the most stable performance across all metrics. Smaller
values slow convergence, whereas larger values cause instabil-
ity. Figure 2(c) shows that increasing the embedding dimen-
sion from 32 to 64 consistently improves performance, while
larger dimensions provide only marginal gains, suggesting that
64 offers a good trade-off between capacity and efficiency.
Figure 2(d) demonstrates that performance improves with the
number of pseudo elements up to 10 and then saturates,
indicating that a moderate number of candidates is sufficient
for effective correction.

Overall, SEGCN-AIKC exhibits stable performance across
a wide range of hyperparameter settings, suggesting that the
proposed framework is robust.



E. Case Study and Reasoning Analysis

To illustrate the interpretability of the proposed verification-
and-repair mechanism, Table IIl present two representative
cases showing how AIKC detects knowledge-inconsistent pre-
dictions and performs targeted corrections during inference.

Case 1 (Headache). The base SEGCN predicts a prescrip-
tion containing the bitter-cold herb Scutellaria baicalensis,
which violates the warm-cold balance of the inferred syn-
drome. AIKC identifies the violated constraint and performs a
localized correction on the conflicted herb, replacing it with a
semantically compatible alternative, Cimicifuga heracleifolia.

Case 2 (Vomiting). The preliminary output includes the
bitter-cold herb Coptis chinensis, which contradicts the in-
ferred syndrome’s warming requirement. AIKC detects the
inconsistency and replaces it with Aucklandia lappa Decne,
restoring theoretical coherence.

These cases show that AIKC explicitly verifies candidate
prescriptions under symbolic constraints and performs min-
imal, localized corrections, providing auditable and theory-
consistent recommendations beyond black-box prediction.

V. CONCLUSION

In this paper, we propose SEGCN-AIKC, which integrates
multi-view graph learning with knowledge correction to couple
neural perception with symbolic constraint-based verification.
The model achieves consistent improvements over baselines
while ensuring theoretical consistency and interpretability, as
supported by ablation and case analyses.

Despite these results, limitations remain. Evaluation is cur-
rently restricted to a single dataset, and future work will
extend to more diverse clinical data. In addition, the lack
of feedback from AIKC to the encoder may limit correction-
aware representation learning.
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