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Abstract

Background. Syndrome differentiation is the cornerstone of Traditional Chi-
nese Medicine (TCM). The development of robust artificial intelligence aided
diagnosis (AIAD) syndrome differentiation method is therefore a pivotal direc-
tion for TCM modernization. Contemporary TCM theory identifies syndrome
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elements as fundamental components essential for accurate syndrome differenti-
ation. However, existing computational methods have not fully exploited their
potential through joint learning approaches. This study proposes a novel AIAD
framework that simultaneously learns syndrome element diagnosis and syndrome
differentiation. The framework aims to enhance diagnostic accuracy and provide
empirical validation of the theoretical role of syndrome elements within the TCM
diagnostic process.
Methods. We developed a novel AIAD framework trained and tested on 6,226
electronic health records (EHRs) and further evaluated on an independent
dataset of 1,057 EHRs derived from clinical guidelines. A multi-task learning
approach was utilized to simultaneously model syndrome element diagnosis and
syndrome differentiation. We proposed and compared two models: AIAD-A1,
which considers syndrome elements as intermediate variables, and AIAD-A2,
which treats them as mediators. Model performance was assessed using top-K
accuracy and NDCG@K metrics.
Results. The AIAD-A2 model, which treats syndrome elements as mediators,
significantly outperformed both the AIAD-A1 model and baseline models across
multiple evaluation metrics. AIAD-A2 improved top-K accuracy by up to 6.31%
and demonstrated remarkable enhancements in handling long-tail data, improv-
ing top-15 accuracy by 21.34% within the tail subgroup. Additionally, it exhibited
superior generalizability, with the smallest performance decline (7.77% in top-
15 accuracy) on an independent test dataset facing a different data distribution,
compared to drops of 22.7% for the baseline and 12.44% for AIAD-A1. More-
over, model visualization confirmed AIAD-A2’s capability to focus on the most
clinically relevant symptoms.
Conclusions. Our findings reveal the role of syndrome elements as mediators
in TCM syndrome differentiation. Accurate diagnosis necessitates the integrated
consideration of both syndrome elements and the original symptom descrip-
tions. The proposed AIAD-A2 framework offers an effective and generalizable
approach for AI-powered TCM diagnosis, successfully addressing challenges such
as data imbalance and distribution shifts. This work contributes to the modern-
ization of TCM by delivering a robust AI method and deepening the theoretical
understanding of the diagnostic process.

Keywords: Syndrome Differentiation, Syndrome Element, Multi-Task Learning,
Artificial Intelligence, TCM Diagnosis

1 Introduction1

Traditional Chinese Medicine (TCM), as well as its variants, is a widely adopted treat-2

ment regime in Asian countries [1] and has shown its efficacy in a wide range of diseases3

[2–5]. However, the understanding, education, and application of TCM are still limited4

[6], due to the following two reasons. First, TCM bases its philosophy on the holistic5
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and dialectical view and the theory of Yin-Yang and five elements [7, 8], which is sum-6

marized from thousands of years of clinical experience with the goal of maintaining7

the balance of the human body as a whole [9]. This conventional and abstract TCM8

theory is hardly understandable by modern science. Second, the diagnostic and treat-9

ment practice of TCM is largely subjective and experience-based [10, 11], which makes10

it difficult to theorize, generalize, and inherit the practice. Therefore, it is essential11

to systematically understand the logic of pathogenesis, diagnosis, and the inherent12

connections within TCM, which represents the modernization of TCM theory.13

There are mainly two routes for modernizing TCM theory. The first route focuses14

on uncovering the biological foundations of TCM diagnosis and treatment, and has15

achieved significant success in identifying TCM’s pharmacological, cellular, molecular,16

and genetic bases [12–14]. The other route lies in the modernization of the diag-17

nosis and therapeutic methods of TCM. Existing studies have developed computer18

aided diagnosis (CAD) methods that provides automated, standardized, and objec-19

tive diagnosis and therapeutic recommendations [15, 16]. These CAD methods utilize20

machine learning methods to quantitatively analyze the relationships between symp-21

toms and TCM diagnosis and treatment. The learned relationships not only objectify22

the TCM diagnosis and treatment process, but also reveal the underlying patterns and23

mechanisms. Consequently, TCM theory can be refined from an interdisciplinary per-24

spective combining conventional TCM theory and modern data science. An emerging25

and promising direction in this route is to develop more advanced artificial intelli-26

gence (AI) aided diagnosis (AIAD) methods. AI methods are appealing for analyzing27

massive unstructured data, such as text, and for handling complex model structures,28

such as the joint learning of multiple tasks. These complexities are highly relevant in29

modeling the TCM diagnosis process. In particular, transforming the subjective and30

empirical practice of syndrome differentiation into an objective and intelligent process31

is a critical step in this modernization route.32
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Syndrome differentiation is one of the fundamental concepts in the practice of33

TCM that consists of a series of diagnostic procedures [10]. The TCM syndrome can34

be viewed as the summary of the symptoms and signs of a patient at a specific stage35

during the course of an illness [17]. Syndrome differentiation is thus to determine the36

patient’s syndrome based on the symptoms gathered from the four diagnostic meth-37

ods: inspection, auscultation, inquiry, and palpation [18]. Syndrome differentiation38

can be used for further stratification of the patients’ conditions with specific disease,39

which thus could guide the following personalized treatments. Therefore, an accu-40

rate syndrome differentiation is essential for TCM therapy [19]. An illustration of the41

syndrome differentiation process is depicted in Figure 1a.42

Recently, several studies have attempted to develop AIAD methods for syndrome43

differentiation [20–22]. However, these methods have important limitations. First, the44

existing AIAD methods heavily rely on the structured and manually selected numeric45

indicators derived from symptoms as input. However, the original data containing full46

information of symptoms are text collected from the four diagnostic methods. Second,47

these methods only focus on a few syndromes (≈ 10) related to a specific western48

medical disease. TCM is a general medicine that involves multitudinous syndromes49

(in the hundreds) and thus highly complex syndrome differentiation, which has not50

been systematically examined before. Third, previous studies simply link symptoms51

to syndromes and ignored the detailed analyzing procedure in the diagnosis process,52

which miss the valuable opportunity to closely mimic the TCM diagnostic practice53

and reveal the underlying patterns and mechanisms.54

To address these limitations and effectively model the complex mapping between55

massive symptoms and multitudinous syndromes, it is essential to revisit the under-56

lying diagnostic logic of TCM. This brings us to the theory of syndrome elements.57

Originating from the work of Zhu [23] , this theory aims at demystifying syndrome58

differentiation by decomposing a complex syndrome into basic elements that describe59
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Fig. 1: Graphical illustration of the TCM diagnosis process. a) Syndrome
differentiation diagnostic process matches symptoms and syndromes directly. b) Syn-
drome differentiation diagnostic process incorporating syndrome elements. c) Our
proposed TCM AI-aided diagnosis framework.

the location, essence, or pathogenesis of the syndrome. Since the resulting syndrome60

elements are much fewer in number than the syndromes , they provide a more micro61

and fundamental viewpoint that significantly facilitates the diagnostic process. In clin-62

ical practice, physicians typically infer syndrome elements from symptoms first and63
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then summarize them into an appropriate syndrome (Figure 1b). Inspired by this the-64

oretical framework, we develop a novel AIAD framework that explicitly incorporates65

syndrome elements into the syndrome differentiation process. A recent perspective66

article also highlights the potential of introducing syndrome elements into AIAD TCM67

diagnosis methods [24]. They conceptually proposed (without implementing and test-68

ing) a TCM diagnostic framework, which involves first identifying syndrome elements69

from standardized symptoms and then performing syndrome differentiation based on70

these syndrome elements. This conceptual framework can be viewed as a motivation71

for our current research.72

To date, no previous study has considered the joint learning of syndrome element73

diagnosis and syndrome differentiation. This may be due to the ambiguity and chal-74

lenge in how syndrome elements work in syndrome differentiation and the difficulty75

of jointly handling these two tasks in one model. Although the conventional theory76

of syndrome elements assumes that a syndrome can be directly determined by the77

diagnosed syndrome elements, the clinical practice of syndrome differentiation is not78

as simple. In TCM clinical practice, a physician may first diagnose the corresponding79

syndrome elements from the symptoms and then conclude a syndrome solely based80

on the diagnosed elements (i.e., the syndrome elements are regarded as the intermedi-81

ate variable between symptoms and the syndrome). Another possibility is that after82

diagnosing the corresponding syndrome elements, a physician may retain the related83

information in symptoms that cannot be summarized by syndrome elements. This84

information, along with the syndrome elements, are considered together to conclude85

an appropriate syndrome (i.e., the syndrome elements are regarded as the media-86

tor variable between symptoms and the syndrome, which determines the syndrome87

together with the symptoms). These two possibilities of diagnosis procedure demon-88

strate the complexity of the decision-making process behind TCM syndrome element89

diagnosis and syndrome differentiation. In this study, to model these two possible90
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analyzing procedures, we propose two alternatives concerning the role of syndrome91

elements in syndrome differentiation, namely the intermediate variable alternative and92

the mediator alternative.93

To implement these two alternatives, we need to jointly analyze two correlated94

tasks, syndrome element diagnosis and syndrome differentiation. Therefore, we uti-95

lize the cutting-edge MTL framework in deep learning. The MTL framework jointly96

analyzes several correlated tasks simultaneously with the aim of cross-leveraging use-97

ful information contained in these tasks to help build an improved learner for each98

task [25, 26]. The joint modeling structure of MTL can be flexibly set by users to99

align with the real situations. In our scenario, we implement the two alternatives100

by jointly modeling syndrome element diagnosis and syndrome differentiation under101

two MTL structures. The utilization of MTL framework potentially promotes the102

diagnostic accuracy of both tasks and helps explore the mechanisms of the theory103

of syndrome elements. Another significant advantage associated with the multi-task104

learning of syndrome element diagnosis and syndrome differentiation is that the true105

labels of syndrome elements (usually unknown in real applications) are only needed in106

the training stage and are not required in the application of the trained model. Our107

trained AIAD method takes original text of symptoms as input and determine the108

syndrome elements and the syndrome automatically. No extra information, including109

the manually extracted numeric indicators from symptoms and the true labels of syn-110

drome elements, is required, which provides a broad prospect for our proposed AIAD111

method. The illustration of our AIAD method is depicted in Figure 1c.112

This paper makes both methodological and theoretical contributions to the mod-113

ernization of TCM diagnosis theory. Methodologically, we propose a novel AIAD TCM114

diagnosis method. To our knowledge, this is the first study that jointly learns syn-115

drome element diagnosis and syndrome differentiation. Extensive experiments confirm116
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the superiority of our AIAD method: it outperforms baselines in both complex multi-117

syndrome differentiation and targeted subset differentiation, mitigates popularity bias118

from imbalanced samples, and exhibits strong generalizability under dataset distribu-119

tion shifts. Additionally, our visualization method enhances model interpretability by120

revealing the underlying TCM diagnostic logic. Theoretically, we make three key con-121

tributions: (1) Demonstrating AIAD’s reliability in handling complex multitudinous122

syndrome differentiation; (2) Proposing and providing the first empirical verification123

using field data that syndrome elements act as mediators (not mere intermediate124

variables) in syndrome differentiation, which supplements the theories of syndrome125

elements and syndrome differentiation; (3) Highlighting valuable information in raw126

symptom descriptions that aids the selection and combination of syndrome elements,127

providing a theoretical interpretation for the mediating role of syndrome elements in128

syndrome differentiation.129

2 Methods130

2.1 Data collection and preparation131

The objective of this study is to develop an AIAD method for syndrome differentia-132

tion that incorporates syndrome elements. We trained our proposed method on 6,226133

electronic health records (EHRs) from the clinical medical record database supported134

by the National Science and Technology Support Program of China (NSTSPC). Addi-135

tionally, we used another 1,057 EHRs extracted from TCM clinical guidelines issued136

by the China Association of Chinese Medicine (CACM) as an independent test dataset137

(ITD). The collection and preparation of these two datasets are described as follows.138

2.1.1 NSTSPC dataset139

Data Source. We utilized the dataset constructed under NSTSPC (Project No.140

2007BA I10B01), a national-level program collecting EHRs from 210 senior TCM141
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physicians across 75 hospitals. Widely acknowledged as a gold standard in the litera-142

ture [27, 28], this dataset aims to systematize expert clinical experience of senior TCM143

physicians by computationally analyzing EHRs to decode the underlying dialectical144

reasoning and therapeutic rationales. This facilitates the standardization of TCM diag-145

nosis, enhancing its reproducibility, learnability, and generalizability. After rigorous146

quality control (see Appendix A.1 in the supplementary material for detailed stan-147

dardization and inclusion/exclusion criteria), the final cohort for this study included148

6,226 EHRs (2,589 males, 3,637 females; mean age: 44±19 years) covering 161 distinct149

syndromes (see Appendix B for the full list of syndrome names included in this study).150

Dual-Level Supervision. A critical distinction of the NSTSPC dataset, com-151

pared to conventional medical datasets that only map symptoms to final diagnoses,152

is the inclusion of textual Syndrome Differentiation Analysis reports (see Appendix153

Figure A1b in the supplementary material). These reports record the physicians’154

intermediate reasoning process, from which we extracted Syndrome Elements. Conse-155

quently, the dataset provides dual-level supervision: (1) Syndrome Elements (interme-156

diate reasoning labels) and (2) Syndrome Names (final diagnostic labels). This rich157

annotation structure enables our model to explicitly learn the mapping from symp-158

toms to syndrome elements and finally to syndromes, rather than treating diagnosis159

as a black-box classification task. A detailed description of the syndrome element160

extraction procedure is provided in Appendix A.1, and the complete list of syndrome161

elements included in this study is tabulated in Appendix B.162

Data Imbalance and Stratification. The dataset exhibits a significant long-163

tail distribution [29], where a few common syndromes dominate while rare conditions164

(tail classes) are prevalent. To systematically evaluate model performance across dif-165

ferent frequencies, we stratified the syndromes into three subgroups, namely the Head,166

Middle, and Tail subgroup, based on their sample prevalence (see Figure 2a for the167

sample distribution). Specifically, the dataset was partitioned such that each subgroup168
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contains approximately one-third of the total EHRs, corresponding to 13, 31, and 117169

distinct syndromes, respectively. This stratification serves as a crucial benchmark and170

will be discussed in more detail in Section 3.2.171

Clinical Coverage. To validate the clinical representativeness of the dataset, we172

mapped the diagnostic records within the EHRs to the ICD-11 classification system1
173

using a semantic mapping strategy (detailed in Appendix A.1 of the supplementary174

material). The dataset encompasses a wide spectrum of physiological systems, includ-175

ing the digestive, circulatory, and nervous systems. Subsequently, we constructed a176

Sankey diagram to visualize the associations between ICD-11 categories, TCM disease177

entities, and syndrome differentiation results (Appendix Figure A2 in the supplemen-178

tary material). The plot reveals complex interconnections across these three levels,179

validating the TCM principle of “one syndrome, multiple diseases”. These characteris-180

tics ensure the extensive diagnostic coverage of the NSTSPC dataset in terms of both181

physiological and TCM pathologies.182

2.1.2 ITD dataset183

To validate the performance of our proposed AIAD method, we collected ITD, an184

external validation dataset. Acknowledging that it is crucial to assess whether study185

results are generalizable to new patients [30], we specifically utilized this ITD to verify186

our model’s robustness on unseen data. This property is vital for safe clinical adoption,187

as models failing to generalize may introduce pernicious bias or pose safety risks when188

deployed in heterogeneous real-world settings [31, 32]. Unlike the NSTSPC dataset189

derived from raw clinical records, the ITD consists of 1,057 canonical cases extracted190

from 11 clinical guidelines issued by CACM. These guidelines cover diverse medical191

specialties (e.g., gynecology, pediatrics, see Appendix A.2 in the supplementary mate-192

rial for details) and provide expert-reviewed, standardized symptom descriptions for193

the 161 target syndromes.194

1https://icd.who.int/browse/2025-01/mms/en
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Fig. 2: Data statistics. a) Data distribution of NSTSPC dataset, with the head,
middle and tail subgroups displayed in different colors. The head (middle, and tail)
subgroup containing the first (second, and third) 1/3 of all EHRs corresponds to 13
(31, and 117) different syndromes. b) The proportions of the three subgroups in the
NSTSPC and the ITD datasets.

Crucially, the ITD imposes a significant challenge due to a severe distribution shift195

relative to the training data. We also partitioned the ITD into the head, middle, and196

tail subgroups, according to the same syndrome classifications for NSTSPC. While197

the NSTSPC dataset was stratified into equal subgroups (33% each for Head/Mid-198

dle/Tail subgroups), the ITD exhibits a skew towards the Tail subgroup where the199

Head, Middle, and Tail subgroups account for 15.9%, 36.0%, and 48.1% of the test200

data, respectively (see Figure 2b). Given this significant distribution shift between the201

two datasets, the ITD functions as a rigorous external benchmark for validating the202

model’s ability to handle long-tail distributions and generalize to unseen heterogeneous203

settings.204
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2.2 Baseline syndrome differentiation model205

Our baseline model implements the direct diagnostic procedure depicted in Figure 1a,206

serving as a performance benchmark for the comparison with our proposed methods207

in later sections. In this model, syndrome differentiation is modeled as a multi-class208

classification task where the input is the unstructured symptom description and the209

output is the probability distribution over all possible syndromes.210

The model architecture comprises a sequential pipeline of feature extraction and211

classification. First, we utilize the Bidirectional Encoder Representations from Trans-212

formers (BERT) [33] to extract deep semantic features from the unstructured text.213

For the i-th EHR, the BERT model transforms the raw symptom description into a214

high-dimensional real-valued vector xPO
i ∈ R

768 as:215

xPO
i = BERT (symptom descriptioni). (1)

Subsequently, a classification head, consisting of a linear layer and a Softmax acti-216

vation function, maps this feature vector xPO
i to the probability distribution over the217

Ns syndromes (where Ns = 161). The estimated probability ŷij that the i-th EHR218

belongs to the j-th syndrome is calculated as:219

ŷij = Softmax(LN(xPO
i ))j , (2)

where LN(·) represents the linear layer. The model is optimized by minimizing the220

cross-entropy loss function Ls against the ground truth labels yij as:221

Ls = −
N∑

i=1

Ns∑

j=1

yij log ŷij . (3)
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The structure of the baseline model is depicted in Figure 3c and technical details222

regarding the BERT architecture is provided in Appendix C in the supplementary223

material.224

2.3 Incorporation of syndrome element diagnosis225

To mimic the reasoning process of expert TCM physicians, we propose the AIAD226

framework, which explicitly incorporates syndrome element diagnosis into the syn-227

drome differentiation process. We treat syndrome element diagnosis as a multi-label228

classification task, as a patient may manifest multiple syndrome elements simultane-229

ously.230

Regardless of the specific role syndrome elements play, whether as intermediate231

variables or mediators, we first estimated the probabilities of syndrome elements using232

the same feature vector xPO
i extracted by BERT. The probability ŷeik that the i-th233

EHR contains the k-th syndrome element is computed as:234

ŷeik = σ(xe
i )k, (4)

where xe
i = LN(xPO

i ) is the logit of the syndrome elements, σ(·) is the sigmoid function235

and LN(·) is the linear layer that projects the features to the syndrome element space236

(Ne = 51). The corresponding loss Le is defined as:237

Le = −
N∑

i=1

Ne∑

k=1

[yeik log ŷ
e
ik + (1− yeik) log(1− ŷeik)] . (5)

However, a critical question remains regarding how these diagnosed syndrome ele-238

ments contribute to the final syndrome differentiation. To address this, we proposed239

and implemented two alternative hypotheses regarding the role of syndrome elements.240
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2.3.1 The intermediate variable alternative (AIAD-A1)241

The intermediate variable alternative (A1) aligns with the conventional hierarchical242

view of the theory of syndrome elements. It posits that syndrome elements function243

as complete intermediaries that summarize all necessary information from symptoms.244

Under this assumption, the diagnostic pathway is Symptom → Syndrome Element →245

Syndrome (Figure 3a). This implies that once the syndrome elements are identified, the246

original symptom descriptions provide no additional information for the final syndrome247

differentiation.248

Based on this concept, we designed the AIAD-A1 model structure as shown in249

Figure 3d. In this architecture, the final syndrome differentiation depends solely on250

the predicted syndrome elements. Specifically, the estimated probability distribution251

over syndromes using AIAD-A1 is given by:252

ŷij = Softmax(LN(xe
i ))j , (6)

with xe
i defined in Equation (4). The model was trained using an MTL objective that253

minimizes the joint sum of both losses:254

LMTL = Ls + Le, (7)

where Ls and Le are defined in Equation (3) and Equation (5), respectively.255

2.3.2 The mediator alternative (AIAD-A2)256

The mediator alternative (A2) proposes a more complex and realistic decision-making257

process. While syndrome elements capture the pathological essence, we argue that they258

are structured summaries of the patient’s condition. The original symptom descrip-259

tions contain fine-grained details that may not be fully encapsulated by the syndrome260
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elements and are crucial for differentiating syndromes. Therefore, we posit that syn-261

drome elements act as mediators, which means the final diagnosis is jointly determined262

by both the syndrome elements and the original symptoms (Figure 3b).263

To model this dual-pathway logic (Symptom → Syndrome and Symptom → Syn-264

drome Element → Syndrome), we designed the AIAD-A2 model as shown in Figure 3e.265

Unlike AIAD-A1, AIAD-A2 utilizes a feature concatenation strategy. We concatenated266

the predicted syndrome element logit vector xe
i with the original BERT extracted267

feature vector xPO
i . This combined vector was then used to predict the probability268

distribution over syndromes as:269

ŷij = Softmax(LN([xe
i ,x

PO
i ]))j . (8)

This architecture allows the model to leverage the high-level semantic guidance270

provided by syndrome elements while retaining access to the rich, raw information271

embedded in the symptom text. The model was optimized using the same MTL loss272

function defined in Equation (7).273

2.4 Evaluation metrics and experimental setup274

We evaluated the performance of the Baseline, AIAD-A1, and AIAD-A2 methods,275

using two commonly adopted metrics, the Top-K accuracy [34, 35] and the NDCG@K276

(normalized discounted cumulative gain at K) [36, 37]. Higher values for both metrics277

indicate superior model performance. We conducted a 5-fold cross-validation to assess278

our proposed models. Additionally, in each fold, the trained models were evaluated on279

the ITD. Detailed descriptions of the evaluation metrics and experimental setup are280

provided in Appendix D in the supplementary material.281
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3 Results282

In this section, we validate the effectiveness of our proposed method through five exper-283

iments. In Section 3.1, we compare the performance of the baseline, AIAD-A1, and284

AIAD-A2 on the complete NSTSPC dataset. In Section 3.2, we examine the effective-285

ness of the baseline, AIAD-A1, and AIAD-A2 in the head, middle, and tail subgroups286

of the NSTSPC dataset, respectively, to test the model’s performance across differ-287

ent subgroups. In Section 3.3, we explore the intrinsic diagnostic logic of the models288

through the developed visualization tool. Specifically, we generate saliency maps to289

identify the most important words in the symptom descriptions that contribute to290

the final syndrome differentiation results, thereby helping us understand the diag-291

nostic logic learned by the developed AIAD method. In Section 3.4, we compare the292

performance of the baseline, AIAD-A1, and AIAD-A2 on the ITD dataset to ver-293

ify the generalizability of our proposed models. Finally, in Section 3.5, we conduct294

extensive supplementary experiments to validate the framework’s adaptability and295

robustness. Given our large label space of 161 syndromes, we first evaluate perfor-296

mance on truncated subsets to simulate specialized clinical settings. Then we verify297

technical robustness through sensitivity analyses across diverse NLP backbones, Large298

Language Models (LLMs), and loss function hyperparameters.299

3.1 Syndrome differentiation performance300

As summarized in Figure 4, the mediator alternative (AIAD-A2) demonstrated301

substantial improvements over the baseline. Specifically, AIAD-A2 increased Top-302

K accuracy by 3.60% to 6.31% across different K values, peaking at K=10 (rising303

from 65.19% to 71.50%). Similarly, NDCG@K saw consistent gains, with a maximum304

increase of 0.0505 at K=10. AIAD-A2 significantly outperformed the baseline across305
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all metrics (p < 0.005, see Appendix Table E3 in the supplementary material), val-306

idating the effectiveness of incorporating syndrome element diagnosis in syndrome307

differentiation.308

In contrast, the AIAD-A1 method yielded only marginal and inconsistent improve-309

ments. Gains were minimal (e.g., merely 0.99% for Top-10 accuracy) and lacked broad310

statistical significance (p > 0.05 for most metrics), with Top-1 accuracy even exhibit-311

ing a slight decline. These results indicate that the inclusion of syndrome elements does312

not automatically guarantee performance gains, rather, their effectiveness is strictly313

contingent on the appropriateness of the model architecture. Direct paired comparisons314

reinforce this conclusion that AIAD-A2 significantly outperformed AIAD-A1 across315

all metrics (p < 0.005, Appendix Table E3 in the supplementary material), confirming316

the superiority of the mediator alternative over the intermediate variable alternative.317

It is worth noting that despite the challenge of differentiating 161 syndromes,318

our model achieved a Top-15 accuracy of approximately 80%. This performance is319

competitive with established symptom checkers and sufficient to effectively narrow320

the diagnostic search space for clinical decision support (see Appendix D.3 in the321

supplementary material for detailed benchmarking).322

To further verify the mediating role of syndrome elements, we conducted a causal323

mediation analysis [38, 39], revealing that the pathway Symptom → Syndrome serves324

as a robust foundational baseline while the pathway Symptom→Syndrome Element →325

Syndrome acts as a critical semantic booster. These findings empirically substantiate326

that syndrome elements function as significant causal mediators in the process of327

syndrome differentiation. Detailed analysis and experimental setups are provided in328

Appendix F in the supplementary material.329
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Fig. 4: Model performance of the baseline, AIAD-A1 and AIAD-A2. a)
Model performance in terms of Top-K accuracy for K = 1, 3, 5, 10, 15 and b) Model
performance in terms of NDCG@K for K = 3, 5, 10, 15.

3.2 Performance evaluation under long-tail distribution330

To investigate the rationale behind AIAD-A2’s superiority, we evaluated model per-331

formance across the head, middle, and tail subgroups of the NSTSPC dataset with332

results summarized in Table 1.333

As discussed in Section 2.1.1, our NSTSPC dataset exhibits a long-tail distribution,334

which is a common scenario in practice. This phenomenon often leads to popularity335
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bias [40], where models excessively focus on classes with large sample sizes (head) while336

neglecting rare ones (tail), causing considerable performance degradation. Indeed, we337

observed dramatic performance declines in the analysis of tail subgroups for both the338

baseline and AIAD-A1 models. For instance, the Top-15 accuracy of the baseline plum-339

meted from 91.39% in the head subgroup to 41.05% in the tail subgroup, confirming340

their vulnerability to the bias.341

In contrast, AIAD-A2 demonstrates remarkable robustness. While showing slightly342

inferior performance in the head subgroup (a marginal decrease of ≈ 2% across met-343

rics), AIAD-A2 achieved consistent performance gains in the middle subgroup and344

substantial improvements in the tail subgroup. Notably, AIAD-A2 improved the Top-345

15 accuracy in the tail subgroup by 21.34% (from 41.05% to 62.39%) compared to the346

baseline. These results verify that AIAD-A2 effectively mitigates popularity bias, via347

its inherent mediator architecture, by wisely allocating attention to all classes rather348

than fitting only the majority.349

This behavior aligns well with clinical reality. A TCM physician does not diagnose350

a syndrome simply based on its prevalence. Instead, as captured by the AIAD-A2351

model, the diagnosis is reached by comprehensively considering unique symptoms and352

syndrome elements. This capability suggests that the mediator based framework better353

learns the intrinsic decision-making process of TCM diagnosis.354

3.3 Unveiling diagnostic logic through visualization355

To explore the intrinsic diagnostic logic of AIAD-A2, we utilized gradient based356

saliency maps to visualize the model’s attention distribution assigned to each word (see357

Appendix G in the supplementary material for the technical formulation). Figure 5358

displays a representative case presenting with symptoms such as “white spots” and359

“tongue body red with stasis spots”.360
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Table 1: Top-K accuracy(%) of baseline, AIAD-A1 and AIAD-A2 on the head, middle
and tail subgroups.

Metric Model Head subgroup Middle subgroup Tail subgroup

Acc. Imp. Acc. Imp. Acc. Imp.

Top-1
Baseline 51.07 23.82 1.68
AIAD-A1 50.58 -0.49 23.66 -0.16 2.15 0.47
AIAD-A2 49.06 -2.01 31.68 7.86 6.76 5.08

Top-3
Baseline 68.79 51.73 7.45
AIAD-A1 69.17 0.38 52.97 1.24 6.50 -0.95
AIAD-A2 67.08 -1.71 59.13 7.4 18.97 11.52

Top-5
Baseline 76.69 64.31 14.76
AIAD-A1 77.40 0.71 67.31 3 13.47 -1.29
AIAD-A2 75.17 -1.52 69.16 4.85 30.05 15.29

Top-10
Baseline 86.97 79.69 28.24
AIAD-A1 87.74 0.77 81.71 2.02 28.44 0.2
AIAD-A2 84.31 -2.66 80.61 0.92 49.25 21.01

Top-15
Baseline 91.39 86.94 41.05
AIAD-A1 91.45 0.06 86.97 0.03 42.28 1.23
AIAD-A2 89.35 -2.04 85.70 -1.24 62.39 21.34

Note: “Acc.” denotes accuracy (%), “Imp.” denotes improvement over baseline (percentage points).

Regarding symptom attention, both the baseline and AIAD-A1 were susceptible361

to interference from non-specific symptoms like “white spots” or “sweating”, resulting362

in a misclassification of liver-kidney insufficiency. In contrast, AIAD-A2 successfully363

filtered out this noise and concentrated heavily on “stasis spots”, the pivotal indicator364

for blood stasis. This demonstrates the superior capability of AIAD-A2 in captur-365

ing clinically determinative features. Furthermore, this visualization serves as a vital366

human-in-the-loop mechanism for clinical application. By exposing the model’s focus,367

physicians can verify whether predictions rely on clinically relevant symptoms (e.g.,368

“stasis spots”) or irrelevant noise, thereby preventing blind acceptance of black-box369

errors.370

Regarding syndrome element reasoning, we further examined the probability371

shifts depicted in Figure 5d. While the patient exhibited signs of both liver-kidney372

insufficiency and qi stagnation and blood stasis (see Appendix Figure A1 in the supple-373

mentary material for details), the latter constitutes the principal pathology requiring374

priority treatment. AIAD-A1 failed to distinguish this diagnostic hierarchy, assigning375
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high confidence to liver (1.00) and kidney (0.64) but lower confidence to qi stagnation376

(0.52). Crucially, AIAD-A2 rectified this bias. By leveraging the mediator structure,377

it significantly boosted the probabilities of the dominant pathogenic elements, specif-378

ically blood stasis (0.63 → 0.95) and qi stagnation (0.52 → 0.69), while suppressing379

secondary elements like kidney (0.64 → 0.27). This explicit probability distribution380

serves as a vital mechanism for logical verification. It allows physicians to validate that381

the predicted syndrome is supported by consistent pathogenic elements rather than382

contradictory noise. This alignment with the dialectical perspective of “distinguishing383

the primary from the secondary” confirms that AIAD-A2 is different from conven-384

tional black-box models. Instead, it provides a clinically interpretable rationale that385

mirrors a physician’s own dialectical reasoning, thereby facilitating trust and enabling386

safer clinical adoption.387

3.4 Generalizability evaluation on ITD388

Generalizability is a critical prerequisite for the safe deployment of medical AI sys-389

tems. It reflects a model’s ability to learn the intrinsic, invariant relationships between390

clinical features and diagnoses, rather than merely memorizing the specific distri-391

bution or noise patterns of the training data. When facing a distribution shift, a392

model lacking generalizability often suffers from performance collapse as it relies393

heavily on the bias of the source domain as prior knowledge. In contrast, a highly394

generalizable model can overcome these superficial statistical correlations, maintain-395

ing robustness by leveraging the underlying diagnostic logic to guide classification in396

unseen environments.397

In this context, our test on the ITD dataset serves as an external validation.398

It is noteworthy that the ITD represents a canonical domain derived from guide-399

lines, which differs intrinsically from the raw, noisy EHRs in the training set. While400

guidelines offer standardized symptom descriptions, this domain shift poses a distinct401
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      Liver-Kidney Insufficiency Syndrome×
White spots, impatience, depressed, chest oppression, sleep bad, spontaneous sweating,

tongue body red, with stasis spots, margin with teeth-mark, tongue coating thin white, 

pulse string-like and fine

a Wrong classification made by baseline

      Liver-Kidney Insufficiency Syndrome×
White spots, impatience, depressed, chest oppression, sleep bad, spontaneous sweating,

tongue body red, with stasis spots, margin with teeth-mark, tongue coating thin white, 

pulse string-like and fine

b Wrong classification made by AIAD-A1

    Qi Stagnation and Blood Stasis Syndrome
White spots, impatience, depressed, chest oppression, sleep bad, spontaneous sweating,

tongue body red, with stasis spots, margin with teeth-mark, tongue coating thin white, 

pulse string-like and fine

c Correct classification made by AIAD-A2
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d Top-5 Syndrome Elements classified by AIAD-A1(Left) and AIAD-A2(Right)
In ground truth Not in ground truth

Fig. 5: Saliency maps of the classification results of a representative sample.
a) Wrong classification made by baseline, b) Wrong classification made by AIAD-A1,
and c) Correct classification made by AIAD-A2. d) Top-5 syndrome elements with
the highest probabilities made by AIAD-A1 and AIAD-A2.

challenge of bridging the gap between noisy clinical reality and standardized theo-402

retical knowledge. A model that merely memorizes specific phrasings or noise in the403

training EHRs would struggle to adapt to the generalized descriptions in the ITD.404
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Table 2: Performance comparison between the baseline, AIAD-A1 and AIAD-A2
methods in terms of top-K accuracy (%).

Model Top 1 Top 3 Top 5 Top 10 Top 15

Baseline 25.73 42.89 52.15 65.19 73.30
Baseline (ITD) 9.14 20.81 29.54 41.36 50.60

AIAD-A1 25.65 43.09 52.95 66.18 73.76
AIAD-A1 (ITD) 13.02 28.53 37.65 52.09 61.32

AIAD-A2 29.32 48.57 58.29 71.50 79.24
AIAD-A2 (ITD) 16.35 32.70 44.56 62.06 71.47

Note: ‘(ITD)’ indicates that the model was tested on the ITD dataset.

Therefore, strong generalization to the ITD would indicate that a model has success-405

fully captured the fundamental diagnostic logic shared between clinical practice and406

theoretical guidelines, rather than overfitting to specific noise.407

The performance stability across this domain shift is summarized in Table 2. The408

baseline model exhibited a significant collapse, with Top-15 accuracy dropping by409

22.7% (from 73.30% to 50.60%). AIAD-A1 showed moderate stability with a 12.44%410

drop. In contrast, AIAD-A2 demonstrated remarkable resilience, suffering only a minor411

7.77% decrease (from 79.24% to 71.47%). This superior stability suggested that by412

incorporating syndrome elements as mediators, AIAD-A2 effectively bridged the gap413

between clinical reality and theoretical standards.414

Further subgroup analysis (Table 3) reinforced this conclusion. While AIAD-A1415

showed balanced improvements, AIAD-A2 exhibited a distinct advantage in the tail416

subgroup, achieving a 33.38% improvement over the baseline. This confirms that417

AIAD-A2’s robust capacity to mitigate popularity bias and handle rare syndromes418

effectively enables it to maintain superior generalizability, even under significant419

distribution shifts.420

3.5 Robustness evaluation and sensitivity analysis421

To further validate the clinical applicability and technical robustness of the AIAD-422

A2 framework, we conducted extensive supplementary experiments. First, to simulate423

specialized clinical settings (e.g., specific departments) where the diagnostic scope is424
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Table 3: Top-K accuracy (%) of the baseline, AIAD-A1 and AIAD-A2 methods on
the head, middle and tail subgroups of the ITD dataset.

Metric Model Head subgroup Middle subgroup Tail subgroup

Acc. Imp. Acc. Imp. Acc. Imp.

Top-1
Baseline 36.67 9.08 0.08
AIAD-A1 42.02 5.35 17.06 7.98 0.39 0.31
AIAD-A2 38.93 2.26 26.04 16.96 1.61 1.53

Top-3
Baseline 57.26 31.02 1.10
AIAD-A1 69.17 11.91 43.99 12.97 3.50 2.40
AIAD-A2 64.29 7.03 52.07 21.05 7.72 6.62

Top-5
Baseline 66.55 47.77 3.62
AIAD-A1 79.05 12.50 60.73 12.96 6.65 3.03
AIAD-A2 74.88 8.33 70.18 22.41 15.31 11.69

Top-10
Baseline 78.21 66.77 10.12
AIAD-A1 87.38 9.17 82.36 15.59 17.72 7.60
AIAD-A2 84.29 6.08 86.25 19.48 36.57 26.45

Top-15
Baseline 82.98 80.21 17.68
AIAD-A1 90.36 7.38 90.55 10.34 29.80 12.12
AIAD-A2 87.74 4.76 91.50 11.29 51.06 33.38

Note: “Acc.” denotes accuracy (%), “Imp.” denotes improvement over baseline (percentage points).

naturally limited, we evaluated the models on truncated subsets comprising the Top-425

20 and Top-40 most prevalent syndromes in the training set. AIAD-A2 demonstrated426

superior adaptability in these focused tasks, achieving Top-5 accuracies of 84.38% and427

87.66% on the NSTSPC and ITD datasets, respectively (see Appendix H.1 in the428

supplementary material). Second, we performed comprehensive sensitivity analyses429

to assess model robustness. These included benchmarking against diverse state-of-430

the-art TCM diagnostic methods and NLP backbones, comparing against LLMs431

(GPT-4o, Qwen2.5-72B) in a zero-shot setting, and verifying stability with respect432

to the loss function hyperparameter. The results consistently confirmed that AIAD-433

A2 achieved state-of-the-art performance and that its performance gains were robust434

across architectural variations and hyperparameter settings (see Appendix H.2 in the435

supplementary material).436

4 Discussion437

In this study, we developed the AIAD framework to address the challenge of intelli-438

gent syndrome differentiation in TCM. Unlike conventional “black-box” models, our439
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approach explicitly integrates syndrome elements into the diagnostic reasoning pro-440

cess. Through extensive evaluations, we empirically demonstrated that the mediator441

alternative (AIAD-A2) consistently outperforms both the baseline and the intermedi-442

ate variable alternative (AIAD-A1). A pivotal theoretical finding is the validation of443

the mediator alternative: while syndrome elements function as structured summaries444

capturing the core pathology, they fail to capture the subtle nuances present in the445

raw symptom descriptions. Consequently, the superior performance of AIAD-A2 con-446

firms that accurate diagnosis necessitates the joint modeling of structured syndrome447

elements and the fine-grained semantic details inherent in raw symptom descriptions.448

Our work advances existing TCM diagnostic research in terms of scale, methodol-449

ogy, and capability to address critical clinical challenges. Prior studies [20–22] typically450

relied on manually extracted features and focused on a limited scope of syndromes451

(often fewer than 10). Such approaches usually overlook the popularity bias inherent452

in real-world data and lack transparency. In contrast, our framework leverages deep453

learning to process unstructured clinical text directly and successfully scales to 161454

syndromes. Crucially, AIAD-A2 effectively tackles the long-tail distribution problem.455

While baseline models struggled on rare conditions, our approach achieved a substan-456

tial 21.34% accuracy improvement in the tail subgroup, demonstrating remarkable457

robustness against class imbalance. Furthermore, we bridge the gap between “black-458

box” AI and clinical trust through visualization. By generating saliency maps that459

highlight key symptoms, our method reveals the underlying diagnostic logic, offering460

interpretability that is absent in many deep learning models. Moreover, we validated461

the model on truncated subsets (Top-20/40 prevalent syndromes), proving superior462

adaptability even in the focused settings adopted by traditional methods. Additionally,463

by benchmarking against the state-of-the-art LLMs (GPT-4o, Qwen2.5), we demon-464

strated that general-purpose LLMs still fall behind our domain-specialized framework,465

validating the necessity of our dedicated training approach.466
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From a clinical perspective, the framework exhibits robust generalizability in the467

presence of domain shifts. Notably, our validation on the ITD provides critical evidence468

of this capability. The ITD represents a canonical domain derived from guidelines,469

differing significantly from the noisy, empirical EHRs used for training. While the470

baseline model struggled with this shift (suffering a 22.7% drop in accuracy), AIAD-A2471

demonstrated remarkable stability (declining by only 7.77%). This resilience suggests472

that incorporating syndrome elements helps the model capture the intrinsic diagnostic473

logic shared between clinical practice and theoretical standards, rather than merely474

overfitting to the writing styles or noise of specific hospitals or physicians.475

Based on these findings, we propose specific recommendations for the clinical476

application of AI-TCM systems. First, regarding clinical workflow, given the model’s477

high Top-K accuracy, we recommend deploying AIAD-A2 to rapidly narrow down the478

search space from hundreds of syndromes to a focused candidate list, assisting junior479

physicians in avoiding omissions. Second, regarding medical education, the model’s480

interpretability features (e.g. saliency maps) can serve as pedagogical aids, visualiz-481

ing key symptoms to teach diagnostic reasoning. Finally, for future AI development,482

we strongly advocate for the mediator based architecture, as our results prove that483

preserving raw symptom semantics alongside structured knowledge is essential for484

robustness.485

Our study has several limitations that highlight future research directions. First,486

although the ITD dataset confirms alignment with guidelines, our current evalua-487

tion may not fully equate to validation on unseen real-world EHRs. Future work488

should involve prospective validation on larger, multi-center independent cohorts to489

verify the model’s robustness against the noise and variability of real-world clinical490

settings. Second, our framework currently relies solely on textual descriptions. Since491

TCM diagnosis inherently integrates visual (tongue diagnosis) and tactile (palpation)492

signals, relying on text alone presents as a bottleneck. Future applications should493
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aim to integrate multimodal deep learning (e.g., incorporating tongue images and494

pulse waveforms) to achieve a more holistic modeling of patient conditions. Finally,495

from a theoretical perspective, our model is grounded in syndrome elements derived496

from expert consensus. While this provides a standardized foundation, the theory of497

TCM is dynamic and evolving. Future research could leverage data-driven approaches498

to discover latent, previously unidentified syndrome elements from massive EHRs,499

thereby not only automating diagnosis but also actively expanding and enriching the500

theoretical system of TCM.501

5 Conclusion502

In this study, we propose a novel AI-based TCM diagnostic method that integrates503

syndrome elements into the TCM syndrome differentiation process. Our findings504

demonstrate both the feasibility of achieving objective TCM diagnoses with AI assis-505

tance and the crucial role of syndrome elements in this diagnostic framework. Our506

study enriches TCM diagnostic theory by treating syndrome elements as mediators.507

We show that, with a carefully selected taxonomy, such as the syndrome elements used508

in our study, the previously enigmatic TCM diagnosis can be partially demystified.509

This paves the way for future studies aimed at modernizing TCM diagnostic theory.510
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Appendix A Dataset Description661

A.1 NSTSPC Dataset662

A.1.1 Data collection.663

In the present study, we used the TCM EHRs from a clinical medical record database664

of senior TCM physicians supported by the NSTSPC, No. 2007BAI10B01. The NST-665

SPC database was constructed under a national project that extensively collects666

clinical and diagnosis information from senior TCM physicians in different hospitals667

and forms a database of representative EHRs for further research. One objective of668

constructing such a database is to summarize the academic insights and clinical expe-669

rience from these TCM physicians by analyzing the EHRs of patients that treated670

by these TCM physicians using modern information technologies. In this process,671

we can study their dialectical thinking characteristics, explore the rationales behind672

their therapeutic effects, and summarize the theoretical basis for TCM diagnosis.673

This can improve the reproducibility, learnability and generalizability of TCM diag-674

nosis. The NSTSPC database includes 210 senior TCM physicians from 75 hospitals675

around China, inlcuding Beijing, Tianjin, Hebei, Shanxi, Nei Menggu, Liaoning, Jilin,676

Heilongjiang, Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi, Shandong, Henan,677

Hubei, Hunan, Guangdong, Guangxi, Hainan, Sichuang, Chongqing, Guizhou, Yun-678

nan, Xizang, Shaanxi, Gansu, Qinghai and Xinjiang. More than 40,000 EHRs were679

collected in the database. These EHRs are representative cases handled by these TCM680

physicians and have been regarded as a gold standard in the literature [41–45]. A681

graphical illustration for the data collection process is given in Figure A1a.682

Each EHR in the NSTSPC database represents the health record of a patient,683

which contains the symptom description (corresponds to the information collected684

from the Four Diagnostic Methods in Figure 1 in the main paper), syndrome name685
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(corresponds to the Syndrome Differentiation in Figure 1 in the main paper), and syn-686

drome differentiation analysis report (corresponds to the Diagnosis Making Process of687

TCM in Figure 1 in the main paper) of this patient. Figure A1b provides an example688

of EHR. Note that the symptom description and the syndrome differentiation analysis689

report are in unstructured text format. The symptom description (the second panel in690

Figure A1b) records the information of symptoms collected from the four diagnostic691

methods. The TCM physician performs syndrome differentiation based on the infor-692

mation in this description. The syndrome name (the first panel in Figure A1b) is the693

diagnosis result given by the TCM physician. The syndrome differentiation analysis694

report (the third panel in Figure A1b) records the detailed analyzing procedure of how695

the physician diagnoses a syndrome based on the symptom description. This report is696

thus valuable because it contains detailed description and reflection of the TCM diag-697

nosis procedure, from which the true labels (ground truth) of syndrome elements can698

be manually extracted. This is one particular advantage of the NSTSPC database and699

the foundation for our study. Therefore, EHRs with full records of syndrome name,700

symptom description, and syndrome differentiation analysis report are included in our701

study. The detailed inclusion and exclusion criteria are discussed below.702

A.1.2 Inclusion and exclusion criteria.703

First, we excluded EHRs with missing values in symptom description, syndrome name,704

or syndrome differentiation analysis report. This is because we take each patient’s705

symptom description as the input and the syndrome name as the outcome, and rely706

on the syndrome differentiation analysis report to extract true labels of syndrome ele-707

ments. Second, to ensure the consistency of the syndrome names among EHRs, we708

further standardized the syndrome names according to the standard of Clinic Ter-709

minology of Traditional Chinese Medical Diagnosis and Treatment Diseases (GB/T710

16751.2-2021) and discard the EHRs with non-standardizable syndrome names. Third,711

to keep a minimal number of training and testing samples for each syndrome, we have712
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to discard the syndromes with less than 10 records. As a result, a total of 6,226 sam-713

ples (EHRs) are included in this study (2589 males, 3637 females; mean age: 44±19714

years), involving 161 different syndromes. A graphical illustration for the data collec-715

tion process is given in Figure A1a. A full list of the syndrome names included in this716

study is provided in Appendix B.717

A.1.3 Syndrome element extraction.718

The primary preprocessing step in this study is to extract true labels of syndrome719

elements from the syndrome differentiation analysis report. We followed a procedure720

similar to that described in [46]. Specifically, 51 potential syndrome elements were721

determined by five senior TCM physicians (see Appendix B for the full list of syndrome722

elements). For each syndrome element, a set of keywords was determined. Subse-723

quently, for each EHR, an automated text search method was employed to search for724

these keywords in the syndrome differentiation analysis report. When a specific key-725

word is found, the corresponding syndrome element is considered present in that EHR.726

We further verified the obtained syndrome elements manually to ensure accuracy. As a727

result, each EHR may be associated with 0 to 16 different syndrome elements (see the728

third panel in Figure A1b for an example). This showcases the complex relationship729

between syndrome elements and syndromes.730

A.1.4 Diagnostic Coverage731

To further evaluate the diagnostic coverage of the NSTSPC dataset, we systematically732

examined both the Western Medicine (WM) diagnostic records and TCM disease enti-733

ties for each EHR in the dataset. Given that the original WM diagnoses were recorded734

as unstructured free text, we implemented a keyword based semantic mapping strat-735

egy to categorize these records into standard ICD-11 chapters (e.g., mapping terms736

such as ‘stomach’ to Chapter 13 Diseases of the digestive system). To intuitively visu-737

alize the hierarchical cross-domain relationships, we constructed a three-layer Sankey738
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Example Health Record

From the four diagnostic methods, this record conforms to qi stagnation and blood stasis type of leukoderma’s characteristic. The patient is usually 

silent and unhappy, qi activity stagnate, qi is blood’s governor, qi movement blocked, then blood movement blocked leads to stasis, then tongue has 

stasis spot. qi movement stagnate long then transform into heat, then impatient and irritable, fear hot with hidrosis, thirsty like cold drink, heat harass 

heart spirit leads to insomnia and dreaminess. Pulse string-like is liver qi depression’s sign, tongue body red with stasis spots indicates blood stasis with 

heat, and the patient has liver-kidney insufficiency as internal cause, and the root cause of this disease. Thus this case takes qi stagnation and blood 

stasis as main syndrome, with liver-kidney insufficiency, stagnant qi transforming into heat coexist.

 从      四    诊    来 看， 该 病 例   符 合    气   滞         血   瘀   型 的   白癜风      特   点  。  患 者   平 素

沉 默    寡  欢，气   机   郁 滞，气为 血  之  帅  ，气   机     不 畅 ，则  血     运     不 畅  而  成 瘀， 故   舌   有

 瘀   斑，   气        郁    久  则      化      热，故有 急 躁      易 怒、怕  热     汗  多、 渴   喜  凉  饮，热邪  扰

   心       则  失  眠      多  梦。 脉 象   弦    为 肝 气  郁 结  之证，  舌   质  红，有  瘀  点   提 示   血   瘀  有

热，同 时 患 者 还有 肝  肾    不    足  之   内    因，  为 本 病 发 病 之 本。      故  本  案  以  气   滞         血

 瘀  为 主     证  ，兼有 肝   肾   不    足，  气  郁       化        热 之 证。 

Syndrome differentiation analysis:

Syndrome name:
气滞血瘀证 Qi stagnation and blood stasis

Symptom description:
White spots, impatience, depressed, chest oppression, sleep bad, spontaneous sweating, tongue body red, with stasis spots, margin with teeth-mark, 

tongue coating thin white, pulse string-like and fine
  白   斑， 急  躁 ， 抑  郁， 胸     闷 ，  寐   差，    自       汗  ，  舌   质  红， 有   瘀  点，   边   有  齿   痕，

  舌    苔   薄  白，脉象    弦       细

Keywords for syndrome elements extraction

}

Hospital EHR

Database

With missing 
values

Query

No

Discard

# of records
≥ 10 

Y
es

NSTSPC 
Dataset
N=6,226

Discard

NSTSPC Project Inclusion and exclusion process

For each record

Yes

For each syndrome

N
o

气滞 Qi stagnation 血瘀 Blood stasis 肝 Liver 肾Kidney 火 Fire 心神 Heart spirit

a.

b.

Fig. A1: Data collection process. a) Demonstration of the collection, as well as the
inclusion and exclusion criteria of our NSTSPC dataset. b) An example of health
record of the NSTSPC dataset. The keywords in the syndrome differentiation analysis
report used in the syndrome element extraction are emphasized using different colors.

diagram (Figure A2), in which the most prevalent TCM disease entities are labeled739

individually while the long-tail distribution of less frequent diseases is aggregated into740

an “Other TCM Diseases” category. In the Sankey diagram, a continuous flow con-741

necting the Western Medicine diagnosis in the left layer, the TCM disease entity in742

the middle layer, and the TCM syndrome differentiation in the right layer signifies743

that a patient was simultaneously diagnosed with these three conditions within the744
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same EHR. As illustrated in Figure A2, the dataset demonstrates extensive diagnos-745

tic coverage, spanning a wide spectrum of major physiological systems including the746

digestive, circulatory, respiratory, endocrine, and nervous systems. The flow visual-747

ization explicitly validates the TCM principle of “One Syndrome, Multiple Diseases”,748

revealing that specific syndromes are associated with diverse Western pathological749

sources and TCM disease entities. Moreover, the substantial patient flow through the750

“Other TCM Diseases” category highlights that the training data encompasses a sig-751

nificant long-tail distribution of rare clinical conditions, indicating that the proposed752

model possesses strong generalizability across complex, heterogeneous real-world set-753

tings. Collectively, these analyses empirically validate the comprehensive diagnostic754

coverage of the NSTSPC dataset, confirming that it captures a sufficiently broad range755

of clinical patterns to support robust syndrome differentiation.756

A.2 Independent test dataset757

All the EHRs in the ITD are extracted from TCM clinical guidelines issued by758

CACM including Clinical Guidelines for Diagnosis and Treatment of Internal Dis-759

eases in TCM, Guidelines for Diagnosis and Treatment of Common Internal Diseases760

In Chinese Medicine, Guidelines for Diagnosis and Treatment of Common Diseases761

of Surgery In Traditional Chinese Medicine, Guidelines for Diagnosis and Treatment762

of Common Diseases of Gynecology In Traditional Chinese Medicine, Guidelines for763

Diagnosis and Treatment of Common Diseases of Pediatrics In Traditional Chinese764

Medicine, Guidelines for Diagnosis and Treatment of Common Diseases of Ortho-765

pedics and Traumatology In Traditional Chinese Medicine, Guidelines for Diagnosis766

and Treatment of Common Diseases of Spinal Orthopedics In Traditional Chinese767

Medicine, Guidelines for Diagnosis and Treatment of Common Diseases of Ophthal-768

mology In Traditional Chinese Medicine, Guidelines for Diagnosis and Treatment of769

Common Diseases of Otolaryngology In Traditional Chinese Medicine, Guidelines for770
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Fig. A2: Diagnostic coverage and pattern flow visualization with a three-layer Sankey
diagram illustrating the hierarchical diagnostic distribution. Left: Patients categorized
by ICD-11 System (Blue) based on semantic mapping of western medicine diagnoses.
Middle: TCM disease entities, with the most prevalent diseases labeled individually
(Orange) and the long-tail distribution aggregated into “Other TCM Diseases” (Gray).
Right: The distribution of TCM Syndromes (Green). The diagram demonstrates the
extensive coverage across multiple body systems and the complex mapping patterns
between Western diagnoses and TCM syndromes.

Diagnosis and Treatment of Common Diseases of Dermatology In Traditional Chi-771

nese Medicine and Guidelines for Diagnosis and Treatment of Common Diseases of772

Coloproctology In Traditional Chinese Medicine. Specifically, these guidelines list typ-773

ical syndromes and provide one example of common symptoms for each syndrome,774

which can be regarded as the symptom descriptions. Therefore, we can treat the775

syndrome name and the corresponding symptom description as a single EHR. The776

symptom descriptions are thoroughly reviewed by experts to ensure that they are777

typical, standardized, and accurate, resulting in a high-quality dataset for the valida-778

tion purpose. Note that the clinical guidelines do not include syndrome differentiation779
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analysis reports. We cannot extract true labels of syndrome elements from the ITD.780

Therefore, the ITD can only be used as an independent testing dataset.781

A total of 1,057 EHRs, corresponding to the 161 syndromes in NSTSPC dataset,782

were collected in ITD. Each EHR contains a symptom description as model input and783

syndrome name as the diagnosis result. The syndrome names were also standardized784

according to the standard GB/T 16751.2-2021.785

We highlight that the guidelines provide only a few typical records for each syn-786

drome. Consequently, the distribution of the ITD is significantly different from that787

of the NSTSPC dataset, posing a great challenge to the generalizability of our AIAD788

method trained on the NSTSPC dataset. To illustrate this, we also partitioned the789

ITD into the head, middle, and tail subgroups, according to the syndromes in each790

subgroup of the NSTSPC dataset. If share a similar distribution, each subgroup for791

ITD should approximately account for 1/3 of all the EHRs in ITD. However, the792

pie chart in Figure 2b shows that the proportions of the three subgroups in ITD are793

15.9%, 36.0%, and 48.1%, respectively. This indicates the significant distributional794

differences between the two datasets. If our AIAD method, trained on the NSTSPC795

dataset, also performs well on the ITD, we may conclude that the method exhibits796

good generalizability and can be applied in practice.797

Appendix B Lists of syndromes and syndrome798

elements799

Table B1: List of the included 161 syndrome names in Chinese and English. The
English translations are collected from GB/T 16751.2-2021.

ID Syndrome Name (ZH) Syndrome Name (EN)

1 气滞血瘀证 Qi Stagnation and Blood Stasis

2 肝郁脾虚证 Liver Depression and Spleen Deficiency

3 气阴两虚证 Qi and Yin Deficiency

Continued on next page
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Table B1 – Continued from previous page

ID Syndrome Name (ZH) Syndrome Name (EN)

4 湿热下注证 Dampness and Heat Pouring Downwards

5 肝肾不足证 Liver and Kidney Insufficiency

6 肝肾阴虚阳亢证 Yin Deficiency and Yang Hyperactivity in Liver and Kidney

7 气虚血瘀证 Qi Deficiency with Blood Stasis

8 湿热内蕴证 Internal Accumulation of Dampness and Heat

9 肝肾阴虚证 Yin Deficiency in Liver and Kidney

10 肾虚证 Kidney Deficiency

11 肾虚血瘀证 Blood Stasis due to Kidney Deficiency

12 气血亏虚证 Qi and Blood Depletion

13 脾肾两虚证 Dual Deficiency of Spleen and Kidney

14 肝郁气滞证 Qi Stagnation due to Liver Depression

15 脾肾亏虚证 Spleen and Kidney Insufficiency

16 脾虚湿困证 Spleen Deficiency with Dampness Encumbrance

17 脾肾阳虚证 Yang Deficiency in Spleen and Kidney

18 痰热壅肺证 Phlegm and Heat Congesting in the Lung

19 肝阳上亢证 Liver Yang Hyperactivity

20 脾胃虚证 Spleen and Stomach Deficiency

21 热毒炽盛证 Intense Exuberant Heat Toxin

22 肝胆湿热证 Dampness and Heat in the Liver and Gallbladder

23 肾阴虚证 Kidney Yin Deficiency

24 肝郁肾虚证 Liver Depression and Kidney Deficiency

25 阴虚火旺证 Yin Deficiency with Effulgent Fire

26 肝胃不和证 Disharmony of Liver and Stomach

27 肝气郁结证 Liver Qi Depression

28 湿热瘀阻证 Dampness and Heat Stagnation and Obstruction

29 心脾两虚证 Dual Deficiency of the Heart and Spleen

30 阴虚热盛证 Yin Deficiency with Exuberant Heat

31 湿热蕴结证 Dampness and Heat Accumulation and Binding

Continued on next page
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Table B1 – Continued from previous page

ID Syndrome Name (ZH) Syndrome Name (EN)

32 瘀血阻络证 Stasis Obstructing Collaterals

33 寒邪犯肺证 Pathogenic Cold Invading the Lung

34 肝气犯胃证 Liver Qi Invading the Stomach

35 湿热中阻证 Dampness and Heat Obstructing the Middle

36 痰瘀互结证 Phlegm and Stasis Obstructing the Internal

37 气血两虚证 Dual Deficiency of Qi and Blood

38 肝胃郁热证 Stagnant Heat in the Liver and Stomach

39 胃阴虚证 Stomach Yin Deficiency

40 肝肾亏虚证 Liver and Kidney Depletion

41 风热犯肺证 Wind and Heat Invading the Lung

42 肝郁化火证 Stagnated Liver Qi Transforming Into Fire

43 脾胃阳虚证 Yang Deficiency in Spleen and Stomach

44 热邪壅肺证 Pathogenic Heat Obstructing the Lung

45 肾气虚证 Kidney Qi Deficiency

46 中气不足证 Middle Qi Insufficiency

47 脾虚证 Spleen Deficiency

48 痰热搏结证 Combat and Binding of Phlegm and Heat

49 寒湿阻络证 Cold and Dampness Obstructing Collaterals

50 痰热闭肺证 Phlegm and Heat Blocking the Lung

51 脾胃湿热证 Dampness and Heat in the Spleen and Stomach

52 阴虚阳亢证 Yin Deficiency and Yang Hyperactivity

53 血热妄行证 Frenetic Movement of Blood due to Heat

54 肺脾气虚证 Lung and Spleen Qi Deficiency

55 痰热阻肺证 Phlegm and Heat Obstructing the Lung

56 肾阴阳两虚证 Dual Deficiency of Kidney Yin and Yang

57 血瘀证 Blood Stasis

58 经气不利证 Inhibited Flow of Meridian Qi

59 肺肾两虚证 Dual Deficiency of the Lung and Kidney

Continued on next page
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Table B1 – Continued from previous page

ID Syndrome Name (ZH) Syndrome Name (EN)

60 风寒湿痹阻证 Wind and Cold and Dampness Impediment

61 血虚风燥证 Wind Dryness due to Blood Deficiency

62 气虚证 Qi Deficiency

63 肝脾不调证 Liver and Spleen Disharmony

64 脾虚气滞证 Qi Stagnation due to Spleen Deficiency

65 血热风燥证 Blood Heat with Wind Dryness

66 肾精亏虚证 Kidney Essence Depletion

67 肾阳虚证 Kidney Yang Deficiency

68 气阴亏虚证 Qi and Yin Depletion

69 肝郁血虚证 Blood Deficiency due to Liver Depression

70 风热证 Wind and Heat

71 肝热血瘀证 Blood Stasis due to Liver Heat

72 阴虚血热证 Yin Deficiency and Blood Heat

73 湿热阻痹证 Dampness and Heat Obstruction and Impediment

74 肝郁血瘀证 Blood Stasis due to Liver Depression

75 血热证 Blood Heat

76 寒凝血瘀证 Cold Congealing and Blood Stasis

77 风热外袭证 Wind and Heat Attacking the External

78 肾气不足证 Kidney Qi Deficiency

79 痰湿蕴肺证 Phlegm and Dampness Accumulating in the Lung

80 肺经风热证 Wind and Heat in the Lung Meridian

81 风寒阻络证 Wind and Cold Obstructing Collaterals

82 寒热错杂证 Cold and Heat Complex

83 脾虚痰湿证 Phlegm Dampness due to Spleen Deficiency

84 脾气虚证 Spleen Qi Deficiency

85 痰湿内蕴证 Phlegm and Dampness Retain in the Internal

86 痰湿中阻证 Phlegm and Dampness Obstructing the Middle

87 湿热瘀滞证 Dampness and Heat Stagnation

Continued on next page
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Table B1 – Continued from previous page

ID Syndrome Name (ZH) Syndrome Name (EN)

88 冲任瘀阻证 Thoroughfare Vessel and Conception Vessel Obstruction

89 心肾不交证 Heart and Kidney Failure in Interaction

90 火毒证 Fire Toxin

91 寒湿痹阻证 Cold and Dampness Impeding and Obstruction

92 心阴不足证 Heart Yin Insufficiency

93 痰气证 Phlegm and Qi

94 肝旺脾虚证 Liver Effulgence and Spleen Deficiency

95 痰热蕴结证 Accumulation and Binding of Phlegm and Heat

96 痰浊中阻证 Middle Obstruction of Turbid Phlegm

97 阴虚血瘀证 Yin Deficiency and Blood Stasis

98 瘀闭血脉证 Stasis Blocking the Blood Vessels

99 肺阴虚证 Lung Yin Deficiency

100 脾虚湿热证 Spleen Deficiency with Dampness and Heat

101 风湿痹阻证 Wind and Dampness Impediment and Obstruction

102 瘀血痹阻证 Impediment and Obstruction due to Blood Stasis

103 血热壅滞证 Blood Heat Congestion and Stagnation

104 气血瘀滞证 Qi and Blood Stasis and Stagnation

105 肝郁痰凝证 Phlegm Congealing due to Liver Depression

106 血热瘀滞证 Blood Stasis and Stagnation due to Heat

107 风热感冒证 Common Cold due to Wind and Heat

108 痰瘀阻络证 Phlegm and Stasis Obstructing the Collaterals

109 肝风内动证 Liver Wind Stirring Inside

110 脾肺气虚证 Qi Deficiency in Spleen and Lung

111 脾肾气虚证 Qi Deficiency in Spleen and Kidney

112 火毒入络证 Fire Toxin Entering Collaterals

113 风水相搏证 Wind and Edema Combat

114 风湿热痹证 Wind-Dampness with Heat Impediment

115 风痰阻络证 Wind and Phlegm Blocking Collaterals

Continued on next page
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Table B1 – Continued from previous page

ID Syndrome Name (ZH) Syndrome Name (EN)

116 气滞痰阻证 Qi Stagnation with Phlegm Obstruction

117 风邪犯肺证 Pathogenic Wind Invading the Lung

118 肝火上炎证 Liver Fire Flaming Up

119 热证 Heat

120 风寒痹阻证 Wind and Cold Impediment and Obstruction

121 风阳上越证 Wind Yang Floating Upwards

122 肺燥阴虚证 Lung Dryness with Yin Deficiency

123 湿热浸淫证 Dampness and Heat Invasion and Spreading

124 亡阳证 Yang Prostration

125 肺胃热盛证 Exuberant Heat in the Lung and Stomach

126 风热犯表证 Wind and Heat Invading the Surface

127 痰瘀闭阻证 Phlegm and Stasis Obstruction

128 正虚邪恋证 Healthy Qi Deficiency and Pathogenic Factors Lingering

129 风寒袭肺证 Wind and Cold Attacking the Lung

130 瘀血内结证 Internal Binding of Blood Stasis

131 寒凝经络证 Cold Coagulation in Meridians and Collaterals

132 下焦湿热证 Dampness and Heat in the Lower Energizer

133 湿热壅滞证 Dampness and Heat Congestion and Stagnation

134 中气下陷证 Middle Qi Sinking

135 气滞湿阻证 Qi Stagnation and Dampness Obstruction

136 肾虚湿热证 Dampness and Heat due to Kidney Deficiency

137 痰热内扰证 Phlegm and Heat Harassing the Internal

138 气滞证 Qi Stagnation

139 热毒壅结证 Heat Toxin Congestion and Binding

140 湿毒蕴结证 Dampness Toxin Accumulation and Binding

141 阴虚肠燥证 Yin Deficiency with Intestinal Dryness

142 肝经湿热证 Dampness and Heat in the Liver Meridian

143 痰火扰神证 Phlegm and Fire Harassing the Spirit

Continued on next page
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Table B1 – Continued from previous page

ID Syndrome Name (ZH) Syndrome Name (EN)

144 湿热蕴毒证 Dampness and Heat and Toxin Accumulation

145 气血痹阻证 Qi and Blood Impediment and Obstruction

146 营卫不和证 Nutrient Qi and Defense Qi Disharmony

147 痰浊阻肺证 Turbid Phlegm Obstructing the Lung

148 风燥伤肺证 Wind and Dryness Damaging the Lung

149 大肠湿热证 Dampness and Heat in the Large Intestine

150 肝胆火热证 Fire-Heat in the Liver and Gallbladder

151 痰热证 Phlegm and Heat

152 风水泛滥证 Wind Edema Flooding

153 肝经郁热证 Heat Stagnation In Liver Meridian

154 心血瘀阻证 Heart Blood Stasis Obstruction

155 痰饮证 Phlegm And Fluid

156 寒湿凝滞证 Cold And Dampness Coagulation And Stagnation

157 寒盛痹痛证 Impediment Marked By Pain Dominated By Cold

158 肺热阴虚证 Yin Deficiency Due To Lung Heat

159 血热风盛证 Blood Heat With Exuberant Wind

160 湿毒证 Dampness Toxin

161 湿热证 Dampness And Heat

13



Table B2: List of the included 51 syndrome element names in Chinese and English.
The English translations are collected from GB/T 16751.2-2021 and WHO international

standard terminologies on traditional Chinese medicine.

ID Name Name (EN) ID Name Name (EN)

1 脾 Spleen 27 气逆 Qi Counterflow

2 肝 Liver 28 阳亢 Yang Hyperactivity

3 肾 Kidney 29 动风 Wind Stirring

4 火 Fire 30 食 Food

5 湿 Dampness 31 膀胱 Bladder

6 血瘀 Blood Stasis 32 血热 Blood Heat

7 胃 Stomach 33 出血 Hemorrhage

8 经络 Meridians and Collaterals 34 精髓亏 Essence and Marrow Deficiency

9 气虚 Qi Deficiency 35 胞宫 Uterus

10 阴虚 Yin Deficiency 36 表 External

11 气滞 Qi Stagnation 37 燥 Dryness

12 心 Heart 38 津液亏 Fluid and Humor Depletion

13 风 Wind 39 饮 Fluid

14 肺 Lung 40 气陷 Qi Sinking

15 痰 Phlegm 41 暑 Summer-Heat

16 毒 Toxin 42 亡阳 Yang Prostration

17 肌肤 Skin 43 半表半里 Neither Exterior nor Interior

18 寒 Cold 44 虫 Worm

19 血虚 Blood Deficiency 45 小肠 Small Intestine

20 心神 Heart Spirit 46 气闭 Qi Block

21 气不固 Qi Insecurity 47 气脱 Qi Collapse

22 阳虚 Yang Deficiency 48 血寒 Blood Cold

23 水 Water 49 精室 Essence Chamber

24 骨 Bone 50 血脱 Blood Prostration

25 胆 Gallbladder 51 亡阴 Yin Prostration

26 大肠 Large Intestine

Appendix C Technical details of the BERT model800

BERT is one of the most popular architectures in natural language processing (NLP)801

and achieved state-of-the-art performance in various tasks when it was first introduced802
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[47, 48]. The architecture of BERT consists of an embedding block, 12 transformer803

encoder blocks [49], and a linear layer.804

Embedding block. For an input sentence (i.e. symptom description) of length L, the805

embedding block first adds a word [CLS] to the beginning of the sentence and a word806

[SEP] to the end, resulting in a new sentence of length L+2. It then assigns a unique807

768-dimensional real-valued vector to each word in the sentence, producing a sequence808

of real-valued vectors with a shape of (L+2)×768, denoted asXEmb ∈ R
(L+2)×768. Let809

Emb(·) denotes the embedding block, the aforementioned procedure can be described810

as:811

XEmb = Emb(symptom description). (C1)

Transformer encoder block. In this block, XEmb is passed through the 12 trans-812

former encoder blocks sequentially, while keeping the dimension unchanged in this813

process. Specifically, for an input sequence Xin ∈ R
(L+2)×768 and an output sequence814

Xout ∈ R
(L+2)×768, a transformer encoder block, denoted by TE(·), can be represented815

as:816

Xout = TE(Xin). (C2)

Since the sequence lengths of Xin and Xout are the same, we can treat them as a pair817

of sequences, where the vector in the output is a transformed representation of the818

vector at the same position in the input. For example, the first vector in the output819

of each block can be considered as the representation of the first vector in the input,820

and ultimately, the representation of the word [CLS] in the input.821

Linear layer. A linear layer with input dimension M and output dimension N can822

project an input vector xin ∈ R
M to an output vector xout ∈ R

N . Let LN(·) denotes823

the linear layer, then a linear layer is defined as:824

xout = LN(xin) = Wxin + b, (C3)
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where W ∈ R
N×M and b ∈ R

N . Usually, there is an activation layer placed after the825

linear layer in deep learning. An activation layer simply applies a non-linear function826

to each element in the output of the linear layer.827

In BERT, the first vector of the output of the transformer encoder block, i.e., the828

vector corresponding to the word [CLS], will be passed through a linear layer with829

both M and N equal to 768, and an activation layer with tanh(·) being the activation830

function, to obtain the final pooled output. Let xPO ∈ R
768 denote the pooled output,831

then the overall BERT model can be described as:832

xPO =BERT (symptom description) (C4)

= tanh



LN



TE(. . . TE
︸ ︷︷ ︸

12

(Emb(symptom description)))







 . (C5)

Appendix D Evaluation Metrics and Experiment833

Setup834

D.1 Top-K accuracy835

Top-K accuracy is a widely adopted metric in multi-class classification tasks. It is an836

intuitive evaluation metric that measures the proportion of sample points with the837

correct label among the top K predicted labels with the highest probabilities. Higher838

top-K accuracy indicates better classification performance. Given our dataset, which839

contains a large number of classes (161 syndromes) and each EHR corresponds to only840

one syndrome, top-K accuracy is particularly suitable [50, 51]. Mathematically, the841

top-K accuracy is defined as:842

top-K accuracy =
# EHRs with true label in top-K predicted labels

sample size
, (D6)
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where we set K = 1, 3, 5, 10, 15 in our experiments.843

D.2 NDCG@K844

NDCG is a common evaluation metric in information retrieval [52, 53]. In our exper-845

iments, it counts for the rank of the true label in the classification result. A higher846

NDCG implies a higher rank of the true label and a better model performance.847

Given the top-K labels with the highest classification probabilities, the definition of848

NDCG@K is849

NDCG@K =
DCG@K

IDCG@K
, (D7)

where850

DCG@K =

K∑

i=1

Ii

log2(i+ 1)
, (D8)

where Ii is an indicator function that equals 1 if the ith label is the true label, and851

0 otherwise, and IDCG represents the ideal DCG among all possible DCGs. In our852

case, IDCG = 1 because the best DCG is achieved when the model assigns the853

highest classification probability to the true label. The range of NDCG is [0, 1]. NDCG854

equals 1 if our model assigns the highest classification probability to the true label855

for all the records, and NDCG equals 0 if the true label is not within the top K856

classification probabilities for any record. Therefore, NDCG closer to 1 indicates a857

better classification performance. In our experiments, we choose k = 3, 5, 10, 15. We858

omit k = 1 because, in this case, the value of NDCG is equal to the value of top-1859

accuracy.860

D.3 More Discussion on the Evaluation Metrics861

In this study, we employed Top-K accuracy and NDCG@K (K=1,3,5,10,15) to eval-862

uate the performance of the proposed AIAD-A2 method. While Top-1 accuracy is a863

standard metric in machine learning, its clinical utility in this context is limited by864

the inherent complexity of clinical practice. The primary function of an AI diagnostic865
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tool, such as AIAD-A2, is not to replace the physician’s final decision, but to aug-866

ment their diagnostic process by generating a reliable list of potential syndromes for867

purposes of differential diagnosis. Given the challenge of distinguishing among 161868

distinct syndromes, relying solely on Top-1 predictions carries a substantial risk of869

diagnostic omission. Instead, the core value of our system lies in its ability to nar-870

row the diagnostic search space. By consistently capturing the true diagnosis within871

the Top-15 candidates (Top-15 accuracy ≈ 80%), the model effectively filters out over872

90% of irrelevant conditions, transforming a complex 161-class classification problem873

into a manageable review of a focused candidate list. This high accuracy within the874

Top-K set ensures that the correct syndrome is presented for physician consideration,875

while favorable NDCG scores indicate that these diagnoses are prioritized to align876

with efficient clinical workflows.877

While the ultimate goal of any clinical decision support system is to achieve per-878

fect diagnostic precision (i.e., 100% Top-1 accuracy), the performance of AIAD-A2879

remains highly competitive when benchmarked against established standards, partic-880

ularly given the constraints in our dataset. With 6,226 samples distributed across 161881

classes (approximately 38 samples per class), this task presents a significant few-shot882

learning challenge. Despite this, our results compare favorably to existing methods.883

Existing studies have shown that widely used online tools typically achieve a Top-1884

accuracy of 34%, Top-3 of 51%, and Top-20 of 58% [54], while similar tools in Australia885

report Top-1 and Top-10 accuracies of 36% and 58%, respectively [55]. In contrast, our886

model’s ability to achieve approximately 80% coverage within the Top-15 demonstrates887

promising prospects for clinical application. This suggests that, even though perfect888

Top-1 prediction remains the long-term objective, the proposed method currently pro-889

vides valuable diagnostic support by effectively capturing the correct syndrome within890

a clinically manageable list.891
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Table E3: P-values for top-K accuracy and NDCG@K differences in syndrome dif-
ferentiation performance between AIAD-A1, AIAD-A2, and Baseline.

H0

P-value of top-K Accuracy

Top-1 Top-3 Top-5 Top-10 Top-15

AIAD-A1 ≤ Baseline 0.596 0.140 0.038 0.018 0.223
AIAD-A2 ≤ Baseline 0.002 0.001 <0.001 <0.001 <0.001
AIAD-A2 ≤ AIAD-A1 0.001 0.002 <0.001 <0.001 <0.001

H0

P-value of NDCG@K

NDCG@1 NDCG@3 NDCG@5 NDCG@10 NDCG@15

AIAD-A1 ≤ Baseline - 0.253 0.112 0.033 0.100
AIAD-A2 ≤ Baseline - 0.001 <0.001 <0.001 <0.001
AIAD-A2 ≤ AIAD-A1 - 0.002 <0.001 <0.001 <0.001

D.4 Experimental Setup892

The whole dataset is first evenly split into 5 subsets. Then in each fold, 1 subset is used893

for test and the remaining 4 subsets are used for model training. In the training phase,894

we randomly leave out 10% of the training sample as a validation set. The models895

are implemented using Python (ver. 3.8.13), Pytorch (ver. 2.1.2) and transformers896

(ver. 4.33.3). When tuning the BERT model, we run 10 epochs with batch size equals897

to 8. We adopt the AdamW optimizer [56] with a learning rate of 1e-3 and a linear898

scheduler.899

Appendix E Paired T-test Results900

Results for paired t-test is shown in Table E3.901

Appendix F Verification of the Mediation Role of902

Syndrome Elements903

This section validates the mediation role of syndrome elements. Before investigating904

the mediation mechanism in depth, we first validated the predictive performance of the905

proposed AIAD-A2 against single path baselines (the symptom only Baseline and the906

syndrome element only AIAD-A1), as depicted in Figure 4. Furthermore, to ensure the907
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Fig. F3: The average ROC curves of all the syndrome elements for each fold.

learned syndrome elements capture meaningful pathological semantics, we evaluated908

the AIAD-A2’s accuracy on the syndrome element diagnosis task. The model achieved909

a mean AUC of 0.85± 0.01 on Symptom → Syndrome Element (see Figure F3), con-910

firming that the learned mediator representations are semantically valid and clinically911

aligned. While the superior performance of the proposed AIAD-A2 demonstrates its912

empirical effectiveness, it remains critical to verify the extent to which the model gen-913

uinely leverages the syndrome elements as a causal mediator. Traditional mediation914

analysis methods, such as the Sobel test [57], typically assume linear relationships915

and operate on scalar variables. These assumptions are incompatible with deep neural916

networks, which rely on complex non-linear interactions and high-dimensional latent917
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representations. To rigorously address this issue, we employ causal mediation analy-918

sis [58, 59] tool in causal inference utilizing the interchange interventions technique919

[60, 61].920

F.1 Causal Mediation Analysis921

To quantify the mediation role of the syndrome element, we define the causal effect922

of symptoms (X) on the syndrome differentiation (Y ) through two pathways: the923

direct path (X → Y ) and the indirect path (X → syndrome element (M) → Y ). We924

estimate two key quantities, the Natural Indirect Effect (NIE) and the Natural Direct925

Effect (NDE), to measure the causal mediation effect.926

NIE measures the contribution of the indirect path. It is estimated by observing927

the change in model output when the input X is held fixed, but the intermediate rep-928

resentation M is intervened upon by replacing it with a counterfactual representation929

M ′ derived from a different sample. NDE measures the contribution of the direct930

path. It is estimated by intervening on the input X (replacing it with X ′), while forc-931

ing the intermediate representation M to remain consistent with the original input X.932

If both NIE and NDE are significant, we can verify the mediating role of syndrome933

elements.934

Due to the multi-class nature of Y in our problem, direct subtraction using discrete935

model outputs (labels) is ill-defined. Therefore, we measure the NIE and NDE using936

the differences in model performance. The operational formulas are given by:937

NIE = P(X,M)− P(X,M ′) and NDE = P(X,M)− P(X ′,M), (F9)

where P denotes the performance metric on the test set. We implement the NIE and938

NDE interventions using the interchange interventions technique, where X ′ and M ′
939

are drawn from randomly shuffled samples in the test set.940

21



F.2 Experimental Results941

We performed intervention experiments on the test set. The performance changes942

under causal interventions are summarized in Table F4. We have the following943

observations:944

• Baseline Performance: AIAD-A2 significantly outperforms both the symptom945

only model Baseline and the syndrome element or mediator only model AIAD-A1,946

indicating a synergistic effect.947

• NIE Intervention: When the correct syndrome element representation M is948

replaced with M ′ (cutting the indirect path), AIAD-A2’s performance drops but949

stabilizes at a level comparable to the baseline.950

• NDE Intervention: When the correct symptom input X is replaced with X ′
951

while retaining the correct syndrome element representation M (cutting the direct952

path), the performance drops dramatically, falling significantly below the level of953

the mediator only AIAD-A1.954

These results confirm a partial mediation mechanism where the direct path (X →955

Y ) acts as a foundational baseline, ensuring robust diagnostic capability even when956

the mediator path is disrupted. Complementing this, the indirect path (X → M → Y )957

functions as a critical semantic booster, enabling the model to surpass the baseline958

by leveraging high-level pathological insights. Taken together, these findings provide959

robust empirical evidence validating the syndrome elements as significant mediators960

in the diagnostic process of syndrome differentiation.961

Appendix G Technical Details of the Saliency Map962

To elucidate the diagnostic rationale of the proposed AIAD-A2 model, we utilize963

saliency maps, a technique implemented in state-of-the-art interpretability frameworks964

such as Google’s Learning Interpretability Tool [62], for local explanation. Saliency965
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Table F4: Causal mediation analysis results using top-K accuracy (%) as the perfor-
mance measurement.

Model Top 1 Top 3 Top 5 Top 10 Top 15

Baseline 25.73 42.89 52.15 65.19 73.30
AIAD-A1 25.65 43.09 52.95 66.18 73.76
AIAD-A2 29.32 48.57 58.29 71.50 79.24

NIE Intervened 25.95 43.56 52.68 65.94 73.90
NIE 3.38 5.01 5.61 5.57 5.35
P-value <0.01 <0.01 <0.01 <0.01 <0.01

NDE Intervened 3.87 11.40 17.51 29.30 38.49
NDE 25.45 37.17 40.78 42.20 40.75
P-value <0.01 <0.01 <0.01 <0.01 <0.01

Note: ‘Intervened’ indicates model performance under the intervention. NIE and NDE are differences
in performance between the corresponding intervened model and AIAD-A2 according to Equation (F9).

maps visualize the influence of different parts of the input features, which refer to966

individual tokens (words) in the symptom description in our case, on the model’s967

prediction for the primary syndrome.968

The underlying methodology employs gradient-based token-wise salience to quan-969

tify how much each word contributes to the final classification [63]. In our study, for970

an input symptom sequence, let Sy be the model’s predicted score (logit or probabil-971

ity) for the target syndrome y. The salience Mi of the i-th token is calculated as the972

magnitude of the gradient of Sy with respect to the token’s input embedding ei:973

Mi = ||
∂Sy

∂ei
||, (G10)

where || · || refers to the norm operation.974

In our visualization, the background of each word is colored based on its calculated975

salience. A higher color intensity represents a larger gradient, indicating that the976

model’s prediction is highly sensitive to that specific word. Intuitively, words with977

high salience are those whose presence significantly drives the model’s attention. In978

other words, their removal would lead to a substantial drop in the probability of the979

predicted syndrome. This approach allows us to perform an interactive inspection980
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of the diagnostic logic, verifying whether the model correctly focuses on key TCM981

symptoms, such as “stasis spots” on the tongue in our example, to reach its conclusion.982

Appendix H Additional Results983

H.1 Targeting a smaller group of syndromes984

We have demonstrated the performance of our proposed method in the scenario of985

complex multitudinous syndrome differentiation. Therefore, the number of syndromes986

in this paper is much larger compared to the existing works on syndrome differentia-987

tion. The syndrome differentiation targeting a smaller subset of syndromes is another988

typical scenario in clinical practice. To test our proposed methods in this scenario, we989

truncated the test sets in both the NSTSPC and the ITD datasets to retain the top990

20 and 40 syndromes with the largest number of records. We evaluated our models on991

these truncated test sets.992

The results of top-K accuracy are given in Table H5. Both the AIAD-A1 and993

AIAD-A2 methods demonstrate improved performance over the baseline model on the994

two datasets. Taking the top-5 accuracy as an example, on the NSTSPC dataset, the995

baseline achieves an accuracy of 82.58% on the top 20 syndromes and 73.10% on the996

top 40 syndromes. AIAD-A1 achieves an accuracy of 83.99% on the top 20 syndromes997

and 74.25% on the top 40 syndromes. AIAD-A2 achieves an accuracy of 84.38% on998

the top 20 syndromes and 76.09% on the top 40 syndromes. On the ITD dataset, the999

baseline achieves an accuracy of 76.88% on the top 20 syndromes and 55.55% on the1000

top 40 syndromes. AIAD-A1 achieves an accuracy of 87.19% on the top 20 syndromes1001

and 67.42% on the top 40 syndromes. AIAD-A2 achieves an accuracy of 87.66% on1002

the top 20 syndromes and 76.52% on the top 40 syndromes.1003

These results indicate that when targeting a smaller subset of common syndromes,1004

our proposed methods, especially AIAD-A2, achieve high accuracy.1005
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Table H5: Top-K accuracy (%) on truncated test samples for the first 20 syndromes
and the first 40 syndromes with the largest sample sizes.

Model Top-1 Top-3 Top-5 Top-10 Top-15

First 20 Syndromes

Baseline 50.15 73.08 82.58 95.12 98.88
AIAD-A1 49.93 73.83 83.99 95.09 99.13
AIAD-A2 51.70 75.38 84.38 95.85 99.13

Baseline (ITD) 29.30 63.52 76.88 90.31 97.03
AIAD-A1 (ITD) 43.12 78.44 87.19 94.22 98.83
AIAD-A2 (ITD) 52.58 79.69 87.66 95.31 98.59

First 40 Syndromes

Baseline 38.84 62.18 73.10 86.39 92.69
AIAD-A1 38.57 62.67 74.25 87.65 93.51
AIAD-A2 42.33 65.68 76.09 88.24 93.83

Baseline (ITD) 17.34 40.00 55.55 73.48 86.29
AIAD-A1 (ITD) 24.41 52.58 67.42 85.74 93.79
AIAD-A2 (ITD) 29.80 57.50 76.52 90.39 95.35

Note: ‘(ITD)’ indicates that the model was tested on the ITD dataset.

H.2 Sensitivity analyses1006

In this section, we conduct three sensitivity analyses for the AIAD models. First, we1007

test whether our results are sensitive to the feature extraction NLP model. We replace1008

the BERT model with various state-of-the-art NLP models, including RoBERTa [64],1009

ALBERT [65], and MacBERT [66]. At the same time, we also compare with other1010

state-of-the-art deep learning or transformer-based models for TCM diagnosis, includ-1011

ing TCM-Bert [67], BERT-BiL-Att [68] and TCM-BERT-CNN [69], to further1012

contextualize performance gains. The second sensitivity analysis experiments on two1013

state-of-the-art LLMs, GPT-4o [70] and Qwen2.5-72B [71], to test whether these1014

general-purpose LLMs can outperform the developed AIAD models. The last sensi-1015

tivity analysis evaluates the sensitivity of our results to the setting of loss function.1016

Since the main target here is syndrome differentiation, it may not be fully adequate1017

to assign equal weights for the loss functions of syndrome differentiation and syn-1018

drome element diagnosis. Therefore, we introduce a hyperparameter α here to the loss1019
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function defined in Equation (7) as follows:1020

LMTL = Ls + αLe, (H11)

where α controls the contribution of syndrome element diagnosis to the overall loss1021

function.1022

The results for the sensitivity analyses are summarized in Table H6. We have the1023

following findings. First, with different NLP models as the feature extraction mod-1024

ule, the AIAD-A2 method consistently outperforms the baseline model and AIAD-A1.1025

These results confirm the robustness of the developed AIAD-A2 method and the medi-1026

ating role of syndrome elements in syndrome differentiation. Second, the two LLMs1027

exhibit certain levels of capability in syndrome differentiation under the zero-shot1028

setting, with GPT-4o achieving a Top-15 accuracy of 47.60% and Qwen2.5-72B achiev-1029

ing 52.03%. However, our AIAD-A2 method substantially outperforms both LLMs,1030

underscoring the importance of fine-tuning with domain-specific data for syndrome dif-1031

ferentiation. Third, as observed, while TCM-Bert achieves results similar to the vanilla1032

Bert, BERT-BiL-Att and TCM-BERT-CNN outperform the vanilla BERT baseline by1033

benefiting from domain adaptation or complex feature extractors. However, they still1034

underperform our proposed AIAD-A2. This context highlights the specific advantage1035

of our approach in that while the compared state-of-the-art models primarily focus on1036

enhancing textual representation, AIAD-A2 goes a step further by explicitly modeling1037

the intrinsic diagnostic logic via syndrome elements as mediators. This demonstrates1038

that integrating medical knowledge driven structural priors is more effective than pure1039

representation learning for this complex task. Finally, our AIAD-A2 are relatively1040

robust to the choice of α and an appropriate selection of α can further enhance model1041

performance. For instance, when α is reduced from 1 to 0.5, the Top-15 accuracy of our1042

AIAD-A2 method (with BERT as the NLP model) improves from 79.24% to 79.73%.1043
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Table H6: Top-K accuracy (%) for different base NLP models and different settings of
α. “Baseline” denotes only using base NLP model for syndrome differentiation. “A1”
denotes the intermediate implementation and “A2” denotes the mediator implemen-
tation. The best result for each base model is bolded, and the second best result for
each base model is underlined.

Base model Type α Top1 Top3 Top5 Top10 Top15

BERT

Baseline – 25.73 42.89 52.15 65.19 73.30
TCM-Bert – 25.26 42.63 52.08 64.92 73.32
BERT-BiL-

Att
– 26.73 43.39 53.56 67.47 75.61

TCM-
BERT-CNN

– 27.16 45.37 54.73 67.26 74.28

1 25.65 43.09 52.95 66.18 73.76
0.5 25.58 44.08 53.53 66.06 73.95

A1 0.1 23.70 40.11 49.25 62.10 70.44
0.05 20.92 36.00 45.15 58.32 66.19
0.01 10.95 20.27 25.86 37.09 45.25

1 29.32 48.57 58.29 71.50 79.24
0.5 29.73 49.60 59.06 72.74 79.73

A2 0.1 28.75 47.05 56.88 70.30 77.91
0.05 27.53 45.75 54.95 68.66 76.85
0.01 26.20 43.38 52.79 67.06 74.74

RoBERTa

Baseline – 21.88 35.86 45.64 58.92 67.21

1 26.18 44.34 53.78 66.22 73.70
0.5 25.86 44.07 54.18 65.72 73.56

A1 0.1 19.99 33.89 41.87 54.64 62.01
0.05 13.50 25.16 32.72 46.30 54.31
0.01 3.44 10.80 16.43 27.96 37.00

1 29.75 49.11 59.06 72.50 79.96
0.5 29.88 49.77 60.03 73.39 80.69

A2 0.1 26.87 45.65 55.05 68.03 75.67
0.05 24.18 41.04 51.02 64.20 72.15
0.01 22.24 37.39 46.57 60.64 68.77

ALBERT

Baseline – 19.19 32.95 41.32 54.74 63.20

1 7.63 16.10 22.94 35.09 43.79
0.5 14.26 27.21 33.96 46.82 54.92

A1 0.1 10.12 22.19 29.23 41.74 50.63
0.05 17.90 30.59 39.24 52.60 60.61
0.01 12.05 21.43 28.88 40.37 49.47

1 8.59 17.92 24.43 36.91 45.89
0.5 18.62 33.76 42.46 55.80 63.99

A2 0.1 27.59 46.90 56.50 69.52 77.32
0.05 18.49 32.12 39.75 52.54 60.16
0.01 21.84 37.93 46.06 58.65 66.41

MacBERT

Baseline – 24.64 40.88 50.28 64.10 72.13

1 25.81 44.00 54.01 66.74 75.06
0.5 25.44 43.37 53.42 66.28 74.15

A1 0.1 23.33 39.64 49.41 62.18 70.07
0.05 19.34 33.72 43.33 57.33 64.62
0.01 7.59 16.59 22.11 32.66 41.12

1 29.61 49.20 59.03 72.83 79.79
0.5 30.17 49.41 59.18 72.95 80.04

A2 0.1 28.45 47.27 56.57 70.78 78.33
0.05 26.89 45.27 55.19 68.52 76.42
0.01 26.15 42.69 52.58 66.52 74.19

LLM
GPT-4o – 13.73 27.44 34.66 44.20 47.60
Qwen2.5-

72B
– 15.39 29.49 37.47 48.27 52.03
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Table I7: List of Abbreviations.

ID Abbreviation Full Name

1 AI Artificial Intelligence
2 AIAD Artificial Intelligence Aided Diagnosis
3 BERT Bidirectional Encoder Representations from Transformers
4 CACM China Association of Chinese Medicine
5 CAD Computer Aided Diagnosis
6 EHR Electronic Health Record
7 ITD Independent Test Dataset
8 LLM Large Language Model
9 MTL Multi-task Learning
10 NLP Natural Language Process
11 NSTSPC National Science and Technology Support Program of China
12 TCM Traditional Chinese Medicine
13 WM Western Medicine

Appendix I Abbreviations1044

See Table I7 for list of abbreviations used in this work.1045
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