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Abstract

With advances in artificial intelligence, traditional Chinese medicine diagnosis is
gradually becoming more intelligent. This review departs from the conventional
framework that categorizes the four diagnostic methods in isolation. Instead, it
starts from five heterogeneous data modalities, namely vision, audition, olfaction,
textual, and tactile, and systematically reconstructs the digital mapping relationships
of traditional Chinese medicine diagnostic information, thereby directly aligning
traditional Chinese medicine diagnostic problems with the input paradigms of
artificial intelligence. This study comprehensively examines the current state of
research on multimodal acquisition technologies, fusion methods, and clinical
applications, and analyzes the core challenges and future directions in this field.
This study aims to provide a theoretical foundation for achieving truly intelligent
integration of the four diagnostic methods.

Keywords: Multimodal data; Intelligent diagnosis in traditional Chinese medicine;
Integrated four diagnostic methods; Data fusion; Artificial intelligence

1. Introduction

As a cultural treasure of the Chinese nation, traditional Chinese medicine (TCM)
embodies millennia of clinical wisdom!, with its core strengths lying in the “holistic
approach” and “differential diagnosis and treatment.” The four diagnostic methods—
inspection, auscultation, inquiry, and palpation—serve as the primary means for
physicians to gather clinical information and determine disease pathogenesis, while
the “integration of the four diagnostic methods” is the key process for synthesizing
and logically analyzing multidimensional information. However, under the traditional
model, the acquisition of information from the four diagnostic methods relies heavily
on the practitioner’s sensory perception and personal experience, resulting in diagnostic
outcomes that are significantly subjective, ambiguous, and non-reproducible. This
characteristic, which can be “understood intuitively but not fully articulated,” has
become the primary bottleneck hindering the standardization, internationalization, and
large-scale promotion of TCM.
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The rapid advancement of artificial intelligence (AI)
technology offers new opportunities to overcome these
challenges. Many studies have simulated the diagnostic
logic of the four diagnostic methods in TCM, driving the
transformation of TCM diagnosis from an “experience-
driven” to a “data-driven” approach.? In particular, the
maturation of deep learning has made it possible to
automatically extract features from heterogeneous data
such as images, signals, and text’, the development
of multimodal fusion technology has provided the
algorithmic foundation for integrating information from
the four diagnostic methods of observation, auscultation,
inquiry, and palpation?, and the rise of large language
models has ushered in a new paradigm of intelligent
medical consultation and interpretable reasoning.’
Against this backdrop, TCM intelligent diagnosis, driven
by multimodal data, has rapidly emerged as a frontier in
interdisciplinary research in recent years. By integrating
information from the four diagnostic methods, the
objectification, standardization, and intelligentization of
TCM diagnoses can be achieved.

In recent years, the field of intelligent diagnosis in
TCM has seen a surge in research, prompting numerous
reviews. Some reviews focus on the current state of
development of a single diagnostic method—for example,
Bhatnagar et al.® provided a comprehensive review of
automated tongue diagnosis, summarizing research on
tongue image acquisition, color correction, segmentation,
feature extraction, and classification methods. Guo et al.”
reviewed and evaluated studies on pulse signal acquisition,
preprocessing, and recognition. Other reviews have
focused on the current status of the application of devices
and technologies for the four examinations in TCM. Sui et

al® reviewed the development of digital signal acquisition
devices and algorithms for the four examinations of TCM.
Tian et al.” summarized the current status of machine
learning applications in TCM diagnosis, including
data collection, data preprocessing, machine learning
models, and evaluation metrics. Zhang et al.'’ examined
the Al technologies used in modern TCM diagnosis, as
well as the application of Al in clinical documentation,
pharmacological modeling, and knowledge discovery on
intelligent platforms. Another study reviewed the current
status and trends in the intelligent development of TCM
diagnosis based on scientometric methods.?> Table 1
summarizes the relevant reviews on the application of Al in
TCM diagnosis. However, focusing on a single diagnostic
method or listing the technological advancements of the
four examinations separately fails to demonstrate the
holistic view of TCM’s “integrated application of the four
examinations” and the intrinsic synergistic relationships
among different modalities of data. Therefore, this
study integrates five categories of heterogeneous modal
data—visual, auditory, olfactory, textual, and tactile—to
reconstruct the digital mapping relationships among the
four examinations. It examines the current status and
bottlenecks in multimodal data acquisition and fusion
technologies, to provide theoretical guidance and practical
pathways for achieving a truly intelligent “integrated

application of the four examinations”

2. Multimodal mapping of the four
diagnostic methods
Multimodal data refer to heterogeneous data that

represent information about the same object from different
sources and in various forms. Its core lies in integrating

Table 1. Summary of the application of artificial intelligence in traditional Chinese medicine diagnosis

Areas of TCM Details Published year Reference
Tongue diagnosis image acquisition, c01'0r correctionT seg@entation, 2022 6
feature extraction, and classification
. . Pulse signal acquisition, signal preprocessing, feature
Pulse diagnosis . : o 2022 7
extraction, and signal recognition
Diagnostic of TCM Datasets, digital signal 'flcquisition devices, and 2022 8
algorithms
h f machine learning in TCM
Diagnostic of TCM Current researc status' [© maf ine learning in TC 2024 9
diagnosis
Multiple TCM aspects Applications of AI ‘in the four di;?gnos.tic methods of 2023 10
TCM, knowledge discovery, and intelligent platforms
Diagnostic of TCM Scientometric statistics on the current status of Al 2023 5

research in the four diagnostic methods of TCM

Abbreviations: Al Artificial intelligence; TCM: Traditional Chinese medicine.
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information from multiple sensory channels to achieve
a more comprehensive and accurate characterization of
the research subject." In the field of TCM diagnosis and
treatment, the concept of multimodality aligns closely
with the holistic philosophy of the “four diagnostic
methods combined” in TCM. TCM diagnosis emphasizes
the concurrent use of the “four diagnostic methods”
(inspection, auscultation, inquiry, and palpation) to
gather health information from patients across different
dimensions and make a comprehensive judgment
regarding the pathogenesis and clinical manifestations.
Modern multimodal fusion technology represents the
digital reconstruction of these traditional diagnostic
methods.

Figure 1 illustrates the framework of the five major
modalities—visual, auditory, textual, tactile, and
olfactory—included in TCM multimodal data for the
four diagnostic methods of TCM. Specifically, visual
modality data primarily correspond to inspection. Tongue
and facial images captured by high-definition cameras
or dedicated diagnostic devices enable the objective
documentation of the patient’s complexion, vitality,
and physical form. Auditory modal data correspond
to the “listening” component of auscultation. Using
high-fidelity microphones to capture the patient’s voice,
coughing sounds, and respiratory sounds, it transforms
TCM’s identification of the “five tones” into computable
acoustic features. Olfactory modal data correspond to the
“smelling” component of auscultation. Using gas-sensing
devices such as electronic noses, it captures the patient’s
exhaled breath and body odors, forming an objective odor

fingerprint spectrum. Textual modal data correspond to
the “questioning” aspect of diagnosis. Using structured
questionnaires or natural language processing techniques,
the patient’s symptom descriptions and medical history are
converted into analyzable textual data. Tactile modal data
correspond to the “palpation” aspect of diagnosis. Using
pressure sensor arrays in pulse-taking devices to simulate
the “floating, medium, and deep” techniques of a doctor’s
fingers, the position, frequency, shape, and momentum
of the pulse are converted into pulse waveform signals.
The mapping relationship between these five types of
modal data and the four diagnostic methods enables TCM
diagnosis to gradually shift from the traditional empirical
medical model of “observing the exterior to infer the
interior” to a quantifiable, computable, data-driven model,
laying a solid foundation for subsequent multimodal

fusion diagnosis.

3. Current status of data collection
technologies for traditional Chinese
medicine across various modalities

The collection and preprocessing of multimodal data
are fundamental prerequisites for research on intelligent
diagnosis in TCM, as they directly determine the
accuracy and generalization ability of subsequent model
development. In recent years, with advancements in
sensor technology, computer vision, and natural language
processing, methods for collecting multimodal TCM data
have gradually become more standardized and intelligent.
Table 2 lists the primary feature-extraction and modeling
techniques for each modality. Figure 2 illustrates the

Table 2. Data types and core technologies for different perceptual modalities

Modality type Technology Clinical applications Advantages Limitation
Strong global feature
extraction, accurate . .
" . Lo Insufficient extraction of two-
U-Net Tongue segmentation segmentation in complex . . . e
. - dimensional spatial positioning
environments, and high
efficiency
Accurately segments complex Small dataset, limited
TransUNet" Tongue coating segmentation tongue coating. Model generalization, and insufficient
accuracy: 96.36% mobile deployment
Visual modality Fuses multi-model voting and
achieves high classification
accuracy. Binary classification Generalization requires
DCNNs™ Classify tongue lesion ¥ Y . 4
accuracy was 95.15%, five- improvement
class classification accuracy
was 88.76%
MSI'S Predicting hypertension using ~ Non-contact and convenient ~ Many confounding factors limit the

facial characteristics

for hypertension screening. ability to generalize

(Contd...)
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Table 2. (Continued)

Modality type Technology Clinical applications Advantages Limitation
Provide strong discrimination It involves complex computation,
QCP+ZFF'* Detection of voice pathology and complement traditional ~ depends on fundamental frequency,
features. and shows limited robustness
Dual time-frequency
Auditory modality Hybrid DL Pulmonary disease detection  transformation provides rich Complex model and unbalanced
dataset
features, accuracy: 94.16%
NLP'® Predicting dementia Strong semanFic featuljes, no Small d‘ataset, high. §ost, poor
manual design required. interpretability
Non-invasive urine VOC Non-invasive, high sensitivity, ~Small sample, manual analysis, not
MCC/IMS® . o L .
detection for bladder cancer and specificity clinically validated
Non-invasive breath VOC Non-invasive, rapid, real-time ~ Small sample, easily interfered with
SIFT-MS* ) o .
detection for HNSCC quantification by smoking
Olfactory modality
MHME! Non-invasive disease diagnosis Non-invasive, portable, fast Requires ML assistance; material
via urinary volatiles. response, accuracy: 91.7% preparation is complex
. » Non-invasive disease diagnosis Non-invasive, rapid Severe environmental interference,
Optical spectroscopy . . . . - o
via exhaled volatiles implementation limited specificity
Multi 1 fusion, IoT Data- , limi
Visual BERT? Intelligent VQA u F1moda usion, lo ata .dependent 1m1te.d
adaptation, and high accuracy professional understanding
Textual modality

Medical consultation and

Leading performance, open-

LLM* health advice source Limited professional understanding
CNN Radial artery localization for 3D CNN, high accuracy, Relies on NIR images, high
TCM pulse diagnosis temporal features hardware demands
Tactile modality SEA* Digital TCM p uls.e information 4-DOF, high positioning Complex structure, poor portability
collection accuracy, stable force control
RN-LSTM?” Intelligent TCM pulse High accuracy, automatic Small dataset, manual positioning
recognition feature extraction required

Abbreviations: CNN: Convolutional neural network; DCNN: Deep convolutional neural network; DL: Deep learning; DOF: Degree of freedom; HNSCC:
Head and neck squamous cell carcinoma; IMS: Ion mobility spectrometry; IoT: Internet of things; LLM: Large language model; MCC: Matthews
correlation coefficient; MHMF: Microchamber-hosted MF; ML: Machine learning; MSI: Multispectral imaging; NIR: Near-infrared; NLP: Natural
language processing; QCP: Quasi-closed-phase; RN-LSTM: Recurrent neural network-long short-term memory; SEA: Series elastic actuator; SIFT-MS:
Selected ion flow tube mass spectrometry; TCM: Traditional Chinese medicine; TransUNet: Transformer-based U-Net; U-Net: U-shaped convolutional
network; VOC: Volatile organic compound; VQA: Visual question answering; ZFF: Zero-frequency filtering.

application workflow of standardized collection and Al

space conversion?, color chart calibration

2930 and natural

processing of multimodal TCM data, supported by modern
technology, in scenarios such as clinical disease prediction,
constitution identification, chronic disease management,
and psychological screening.

3.1.Visual modality data

In terms of visual modality data acquisition, early
approaches primarily relied on digital cameras to capture
images of the face, tongue and eyes. By incorporating
traditional machine learning methods, such as linear
discriminant analysis and support vector machines,
researchers have extracted basic features, including color
and texture. They also explored techniques such as color

light simulation®! to obtain highly accurate images.

With the rise of machine vision, deep learning, and
new optical imaging technologies, visual modality data are
no longer limited to static image capture and superficial
analysis but now incorporate dynamic feature monitoring
and deep feature mining. For example, Huang et al.'?
used deep learning methods to develop a tongue surface
segmentation model, ensuring accurate acquisition of
tongue surface images in open and complex scenarios.
Yan et al.** proposed a segmentation-based deep learning
network for extracting and identifying tongue fissures,
addressing the challenge of color similarity between
fissures and the tongue coating. Zhang et al.** enhanced
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Figure 1. Modal framework of traditional Chinese medicine (TCM) multimodal data. This figure illustrates the mapping model between the TCM four
examinations and the five modal data. The visual modality corresponds to facial and tongue diagnosis data in inspection; the auditory modality to sound
data in auscultation; the olfactory modality to odor data in smelling; the textual modality to textual data in inquiry; and the tactile modality to pulse signal
data in palpation. The figure was created with WPS Presentation (Kingsoft Office Software Corporation, China).

Figure 2. Framework of traditional Chinese medicine (TCM) multimodal data collection and intelligent application. The figure was created with WPS
Presentation (Kingsoft Office Software Corporation, China).
Abbreviations: AL Artificial intelligence; KG: Knowledge graph; LLM: Large language model; NLP: Natural language processing.
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the existing U-Net deep learning method for tongue fissure
extraction by incorporating a hybrid parallel attention
mechanism. Additionally, some studies have analyzed
consecutive frames to capture the movement trajectories
and morphological changes of the tongue*, which holds
promise for an in-depth analysis of tongue thickness
and the depth of tooth marks. In facial information
acquisition, spectral reflectance analysis across different
wavelength bands is used to assess blood flow distribution,
tissue oxygenation, and metabolic byproducts, thereby
extending the depth of “color observation” from the
epidermis to the microcirculatory level.** The application
of structured light and stereo vision technologies has
enabled three-dimensional quantitative reconstruction of
facial contours.*” The introduction of techniques such
as laser speckle contrast imaging allows researchers to
observe differences in blood perfusion across different
facial regions in real time, providing quantitative evidence
for assessing the severity of facial paralysis and stratified
diagnosis of inflammatory diseases.**

Simultaneously, the widespread adoption of mobile
devices such as smartphones has driven a shift in tongue
and facial diagnosis data collection toward lighter, more
convenient methods. Relevant AI assistants for tongue
diagnosis can rapidly capture and perform preliminary
analysis of tongue images via smartphone photography*,
enabling tongue recognition, segmentation, and
classification of tongue features.* Facial examination data
collection has also gradually expanded to remote settings.
Some physicians use cloud platforms to view facial images
taken by patients themselves, enabling remote preliminary
screening.** This has further broadened the application
scope of visual modality data collection in TCM and laid
a more convenient foundation for collecting the data
required for multimodal data fusion.

3.2. Auditory modality data

Early research on voice data largely relied on general-
purpose recording devices or digital phonographs, which
merely recorded cough sounds.** Although these
methods enable the digital storage and analysis of voice
signals, the equipment lacks standardization and offers
limited sampling parameters. In recent years, specialized
data acquisition systems for TCM clinical settings have
gradually matured. Researchers now employ high-
sensitivity microphone arrays and electronic stethoscopes,
which can precisely locate the patient’s sound source and
automatically filter out ambient noise, simultaneously
recording various sounds and their subtle spectral details.

Modern medical analysis of acoustic signals has focused
primarily on coughing, breathing, and heartbeat. Many

scholars have begun to investigate the principles of sound
production, analytical techniques, and clinical implications.
Some researchers have proposed a set of basic standard
acoustic parameters for automatic voice analysis, while
emphasizing the need to account for confounding factors
such as gender, age, and history of smoking and alcohol
consumption when collecting voice data, thereby providing
a reference framework for future research.* Kadiri et
al."extracted glottal source features using methods such
as quasi-closed-phase inverse filtering and zero-frequency
filtering. They found that these features can effectively
distinguish between normal and pathological speech and
are complementary to traditional acoustic features; when
used in combination, they can improve the accuracy of
speech pathology detection. Song et al.*’ integrated voice
features with TCM syndromes to investigate differences
in vocal resonance peak frequencies among patients
with lung nodules classified under deficiency, excess,
and mixed deficiency-excess syndromes. Khan et al.”
combined deep learning with signal processing techniques
to enhance the analysis and classification capabilities of
lung auscultation using parallel transformation methods.
Given the advantages of natural language processing for
speech data processing, recognition, and modeling, it has
been applied to the assessment of neurological disorders.*
Leveraging the classification and regression capabilities of
machine learning methods, algorithms were developed to
classify normal individuals, Alzheimer’s disease patients,
and Parkinson’s disease patients by extracting time-series
features such as pitch, tremor, and respiratory cycle.*’

With the improvement of smartphone performance and
embedded algorithms, significant progress has been made
in mobile device-based auxiliary diagnostic technologies
for respiratory diseases.” Researchers have developed an
Android cough monitoring system based on an ensemble
convolutional neural network, enabling 72-h continuous
monitoring of patients with pneumonia with a specificity
0f 99%.%! One study utilized smartphone microphones and
the ResAppDx algorithm to diagnose respiratory diseases
in children.” Building on this, researchers developed an
intelligent auscultation application using the MATLAB
deep learning framework, combining GoogleNet transfer
learning to achieve remote visual auscultation of heart and
lung sounds.* These studies indicate that mobile terminal-
based speech analysis technology has clinical potential for
disease assessment.

3.3. Olfactory modality data

The olfactory modality is a distinctive yet highly
challenging aspect of TCM diagnosis. Early studies on
olfactory modality data primarily relied on chemical
analysis methods, utilizing sophisticated instruments such
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as gas chromatography-mass spectrometry to conduct
precise chemical analyses of volatile components in
patients’ exhaled breath, body odors, or excretions™?¢,
to identify signature compounds associated with specific
diseases or TCM syndromes.

With breakthroughs in micro- and nano-sensing
technology and bionics, electronic nose devices have been
developed.””* These devices mimic the human olfactory
system and utilize arrays of various sensors, such as metal-
oxide-semiconductor, conductive polymers, or quartz
microbalances, to generate cross-sensitive responses
to volatile organic compounds in odors, converting
complex odor chemical signals into quantifiable digital
fingerprint profiles.®® Previous studies have shown that
volatile components in biological samples, such as
breath®, sweat®?, urine'®?!, and blood® serve as non-
invasive biomarkers for early disease diagnosis . They
demonstrate particular promise in the early detection of
tumors and the monitoring of metabolic disease.®*” Li
et al”' found that characteristic volatile compounds in
exhaled breath can not only effectively distinguish between
lung cancer patients and healthy controls, but also further
differentiate between the histological subtypes of lung
adenocarcinoma and lung squamous cell carcinoma. In a
meta-analysis of urinary volatile organic compounds, van
Liere et al.”> demonstrated that these compounds exhibit
extremely high sensitivity and specificity in colorectal
cancer screening and can serve as a powerful supplement
to traditional fecal occult blood tests. Additionally,
researchers have used non-invasive monitoring of blood
glucose levels via exhaled acetone concentrations and
found that odor fingerprinting technology exhibits unique
clinical value.?»”> Meanwhile, regarding neurodegenerative
diseases such as Parkinsons disease, researchers have
pioneered new avenues for non-invasive early screening
of neurological disorders by analyzing changes in specific
volatile compounds in patients’ skin sebum and exhaled
breath.” This aligns with the principles of TCM, in which
specific odors such as “corpse-like odor” or “rotten apple
odor” are used to diagnose critical conditions.

3.4. Textual modality data

Textual data serve as a vital repository of information in
TCM diagnosis and treatment, encompassing diverse
formats, including electronic TCM medical records,
classical texts, consultation records, and prescription
information. It systematically captures in-depth semantic
information, including syndrome descriptions, diagnostic
reasoning, clinical experience, and patterns of medication
use. In TCM clinical diagnosis, consultations generate
vast amounts of textual data; traditional data collection

methods primarily rely on practitioners taking notes by
hand or on patients completing paper questionnaires.

Modern technology has evolved this into an interactive,
Al-powered medical consultation system based on large
language models.”® Through multi-turn dialog, the system
actively guides patients to describe their symptoms and
maps their colloquial descriptions into standard TCM
terminology.** The Zhongjing model”, based on the large
language model meta-Al architecture, has established
a comprehensive training workflow that encompasses
pre-training, supervised fine-tuning, and reinforcement
learning with human feedback. Additionally, a large-scale
Chinese medical multi-turn question-answering dataset,
CMtMedQA, was constructed, and more standardized
annotation rules and evaluation criteria were defined.”

In terms of analytical techniques, the focus has
been on the development of large language models
and knowledge graphs for specialized domains.”® For
example, the Qibo model, which leverages high-quality
TCM training corpora and a two-stage training strategy,
has not only mastered foundational TCM knowledge
but also demonstrated strong diagnostic reasoning and
auxiliary diagnostic capabilities, providing a viable path
for building large models in the TCM field.”” As a large-
scale language model specifically designed for TCM, the
BianCang model effectively addresses modeling challenges
in TCM diagnosis and syndrome differentiation through
a two-stage training method, outperforming existing
open-source medical LLMs across multiple TCM tasks.”
The Tianyi model integrates 3.4 billion words of the
TCM corpus, encompassing multi-source texts such as
classical texts, renowned medical case records, clinical
guidelines, and TCM formulas.” Through continuous
training and optimization, it has achieved high accuracy
on simulated TCM practitioner qualification examinations
and prescription-generation tasks, thereby preliminarily
validating its potential for real-world clinical applications.

3.5. Tactile modality data

Pulse diagnosis in TCM (the tactile modality) is the most
technically challenging and subjective component of the
“four diagnostic methods.” Its core lies in using the tactile
sensation of the fingers to perceive the location, rate, shape,
and force of the pulse, thereby inferring the state of vitality
or depletion of “qi” and blood in the internal organs.
Early pulse diagnostic devices often required physicians
to assist with probe positioning, and most were single-
probe devices that collected data from a single point at the
“Guan” position. Consequently, the amount of data was
limited, and their clinical reference value was insufficient.
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In recent years, equipment and data acquisition
technologies have focused on bionic robotic fingers and
intelligent positioning, deploying multiple sensor units
simultaneously at the “cun,” “guan” and “chi” points
to simulate the tactile sensation of a physician using
three fingers. For example, Kong et al*®® developed a
robotic palpation hand system featuring a three-finger
independent-driven mechanism and a flexible capacitive
sensor array, enabling the first engineering-level replication
of the TCM lifting, pressing, and searching techniques.
Zhu et al.* developed a digital pulse diagnosis platform
that, based on an image localization model and a three-
dimensional reconstruction algorithm, achieved precise
“three-finger parallel” pressing in a bionic system for the
first time.

With advances in machine vision and Al, intelligent
localization technology has made significant progress.
Chen et al® developed a near-infrared video analysis
model based on a three-dimensional convolutional neural
network, which achieved 87% localization accuracy by
capturing the spatiotemporal characteristics of radial
artery pulsations. Zhu et al.** achieved 93% accuracy
using a fusion-based visual localization method. In the
field of pulse diagnosis information processing, Quanyu®
combined time-frequency domain feature extraction
of pulse signals with convolutional neural networks,
achieving the classification of 10 pulse patterns with an
average accuracy of 94.12%. Cui* used a residual network
with identity mapping and a long short-term memory
network capable of time-series extraction to identify pulse
wave signals based on different physical characteristics.
This approach comprehensively covered 29 pulse patterns
with an identification accuracy rate exceeding 89%.

Advances in wearable technology have transformed
pulse diagnosis from a static outpatient procedure to
dynamic home monitoring. Flexible electronic skin and
smartwatches enable long-term, continuous tracking of
pulse patterns®®, offering new approaches to chronic
disease management and the monitoring and prevention
of cardiovascular diseases.

4, Current status of multimodal fusion
technology

The core of multimodal data fusion lies in extracting and
integrating complementary information and contextual
cues across modalities to improve decision quality. This
characteristic is particularly important in the medical field.
By integrating the distinct characteristics of multimodal
data, their complementary informational advantages can
be fully leveraged®, providing a more comprehensive

basis for disease assessment. Compared with single-
modality approaches, the application of multimodal
fusion technology in medical practice has demonstrated
significant advantages, particularly in disease diagnosis
and prediction.®* For example, in the classification of
Alzheimer’s disease, the use of multimodal data yields
higher classification accuracy.® A multi-kernel support
vector machine that fused diffusion tensor imaging and
functional magnetic resonance imaging features achieved
98.4% accuracy in classifying Alzheimer’s disease from
healthy controls, whereas the highest accuracy for either
modality alone was only 90.9%.%® Additionally, researchers
have found that multimodal data fusion, based on tongue
surface images, pulse waves, and health information,
effectively compensates for information loss in single-
modality data, yielding classification results significantly
superior to those of single-modality approaches.® In the
objective diagnosis of sub-health conditions characterized
by liver “qi” stagnation and spleen deficiency, discriminant
analysis was performed on single-modality data, including
tongue diagnosis, pulse diagnosis, and medical history.
The results showed that the highest accuracy for a single
modality was 81%, whereas the accuracy of a multimodal
model integrating tongue diagnosis, pulse diagnosis,
and medical history increased to 84%, significantly
outperforming both single-modality approaches and other
multimodal combinations.” A study that fused multimodal
features combining tongue diagnosis images and textual
descriptions achieved an accuracy rate 23.81% higher than
the best single-modal approach, significantly improving
the effectiveness of TCM constitution identification.”
Another study, using ablation experiments, confirmed that
a multimodal model integrating tongue images and textual
descriptions  significantly outperformed monomodal
models using only images or only text in terms of accuracy,
precision, recall, and F1 score for the diagnosis of TCM
organ pathology.”> Table 3 provides a detailed comparison
of monomodal and multimodal performance.

The advantages of multimodal fusion depend on the
specific fusion method used, and different strategies vary
in terms of the level at which information is integrated.
Currently, data fusion strategies are primarily divided into
three categories: data-level, feature-level, and decision-
level fusion.

4.1. Data-level fusion

Data-level fusion is one of the earliest strategies, in which
raw data from different sensors or modalities is directly
combined through simple preprocessing to achieve
physical or mathematical integration. By performing
minimal or no feature extraction, this approach aims to
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Table 3. Comparative performance of single-modal and multimodal artificial intelligence in clinical applications

Best single-modal Multimodal

Clinical applications Specific modalities/features Reference
performance (accuracy) performance (accuracy)
Alzheimer’s disease classification DTI, fMRI 90.9% 98.4% 88
TCM constitution classification Tongue images, face images, 73.81% 75.31% 89
pulse waves

L1ver. depression and sPleen ‘ Tongue dla.gn.os1s,‘pulse 81% 84% 90
deficiency syndrome diagnosis diagnosis, inquiry

TCM constitution identification Tongue images, tongue 59.52% 84.52% 91

description texts
TCM visceral pathological organ Tongue images, tongue 56.58% 62.90% 9

diagnosis description texts

Abbreviations: DTI: Diffusion tensor imaging; fMRI: Functional magnetic resonance imaging; TCM: Traditional Chinese medicine.

preserve as much of the original information as possible,
allowing subsequent single models to learn cross-modal
correlations from the ground up.

Data-level fusion has widespread applications in
specific scenarios within the medical field. For example,
multimodal, multi-view ultrasound images have been
used for breast cancer detection.”” Studies have explored
the correlation between gene expression and histological
changes by integrating histological and genomic features or
radiological images for cancer classification® and survival
prediction®; they have also combined pathological features
with genomic or radiological images to predict treatment
response in cancer.”*”” Other studies have fused imaging
data with electronic medical records for the classification
of skin lesions.”® One research team combined knowledge
graphs with multimodal large language models to achieve
one-stop fusion imaging and intelligent interpretation of
the four diagnostic methods of TCM.*

However, this fusion strategy imposes extremely
high demands on the synchronization and parameter
consistency of acquisition devices, requiring strict
temporal and spatial alignment of data from different
modalities. Consequently, it faces significant challenges
in real-world medical applications. When dealing with
highly heterogeneous data such as clinical images, signals,
and text, direct concatenation can easily lead to a “curse
of dimensionality” Moreover, the data-level fusion model
lacks explicit cross-modal interaction mechanisms, which
leads to poor interpretability.

4.2, Feature-level fusion

Feature-level fusion is suitable for combinations of
modalities that are structurally heterogeneous vyet
semantically aligned. Its core strategy involves extracting
deep semantic features from each modality and then
performing vector-space concatenation or interaction.

Figure 3 illustrates feature extraction pathways based
on convolutional neural networks and transformers.
Currently, feature-level fusion has become the mainstream
approach.

Clinical examples include combining imaging features
with clinical pathological features to predict the risk of
cancer recurrence.'® Visual features extracted from tongue
images have been jointly encoded with blood tumor
marker features for cancer detection.'” Some studies have
mapped tongue images to a common representational
space together with tongue diagnosis texts or consultation
texts, thereby enabling multi-label classification in TCM
tongue diagnosis'” and better simulating the diagnostic
process of the four examinations in TCM.!*® Other studies
have combined tongue image data with pulse signals
for disease differentiation.!*!®® To achieve an objective,
quantitative assessment of constitutional types, a mapping
relationship has been established between multimodal
data (including tongue images, acoustic signals, and
pulse biometric signals) and constitutional scores.'” By
employing knowledge-enhanced feature-level fusion,
TCM multimodal information, such as symptoms, tongue
images, and pulse signals, is fused with text features
through knowledge injection to enable the intelligent
generation of TCM prescriptions.'””

However, existing algorithms still face challenges
in precisely aligning heterogeneous data across
spatiotemporal dimensions and lack adaptation to the
logic of TCM syndrome differentiation. Consequently, the
fusion results often devolve into technical “data overlay”
rather than “semantic fusion” grounded in medical theory.

4.3. Decision-Level fusion

Decision-level fusion is suitable for scenarios involving
asynchronous data collection or heterogeneous models.
At this level, raw data or intermediate features are not
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Figure 3. Traditional Chinese medicine multimodal feature-level fusion framework. This figure shows the potential feature-extraction pathways for five
modal data in feature-level fusion. The figure was created with WPS Presentation (Kingsoft Office Software Corporation, China).

Abbreviation: CNN: Convolutional neural network.

fused directly; instead, each multimodal submodel first
generates its own diagnostic output, and these outputs are
then integrated to produce a comprehensive decision.

Clinical examples include the integration of genomic
and histological features to predict survival.'®® Imaging
data has been combined with non-imaging inputs for
cancer diagnosis.'” Researchers have analyzed changes in
patients’ symptoms, complexion indices, pulse parameters,
and tongue appearance before and after “Reducing the
South and Reinforcing the North” treatment. By employing
social network analysis to explore the relationships
among these four diagnostic modalities, they synthesized
multidimensional evidence and concluded that “Reducing
the South and Reinforcing the North” exerts a regulatory
effect on postmenopausal atherosclerosis.'°

Decision-level fusion fails to preserve fine-grained
correlations in the raw data due to the independent
processing of each modality, making it difficult to
capture complex, nonlinear, complementary features
across modalities. Furthermore, the interpretability of its
final decisions relies heavily on predefined rules or the
inference logic of large models, posing a risk of a “black
box” problem.

5. Challenges

The application of multimodal data fusion in the medical
field has achieved breakthrough progress, and its practical
exploration in intelligent diagnosis of TCM has provided
strong impetus for the modernization of TCM and the
development of precision medicine."'""'* However, key

challenges remain in terms of data, algorithms, and
clinical translation during the process of technological
implementation.''>!'

5.1.Data level

Inresearch on intelligent diagnosis in TCM and multimodal
data fusion, the core challenges at the data level center on
two aspects: insufficient dataset scale and completeness,
and the lack of standardization and sharing mechanisms.

On the one hand, existing datasets are limited in scale
and suffer from severe modality gaps; currently available
multimodal TCM datasets suffer from insufficient sample
size, geographic coverage, and modality completeness.
Take ShizhenGPT'", currently the largest TCM dataset,
as an example. It contains over 100 GB of text data and
over 200 GB of multimodal data (specifically including 1.2
million images, 200 h of audio, and physiological signals),
marking a milestone in the field of TCM. However,
compared to general-purpose large models, this dataset
remains relatively small, making it difficult to support the
generalization capabilities required for fine-grained visual
diagnosis and multimodal joint reasoning. Consequently,
the diagnostic reliability and robustness of the model
cannot be effectively guaranteed in complex and diverse
TCM clinical scenarios. Furthermore, most existing
TCM fusion models integrate only two or three of these
modalities, and research that comprehensively covers all
five modalities remains rare. Therefore, there is an urgent
need to continuously expand the dataset and the range of
modalities, and to perform detailed data annotation.
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On the other hand, the lack of standardization and data
barriers severely hinders the integration of multi-source
data. Data remains siloed and unshared among medical
institutions, research organizations, and equipment
manufacturers, creating information silos'*, making
cross-platform, cross-institutional, and cross-regional
data flow difficult to achieve."?! Furthermore, information
from the four diagnostic methods of TCM lacks unified
collection protocols, annotation systems, and data format
standards; multimodal data obtained by different devices
and practitioners exhibit significant differences in feature
definitions, quality control, and storage structures.'*
Terminology related to TCM syndromes and pathogenesis
is abstract and context-dependent, making it difficult to
quantify and map.'® Only by simultaneously establishing
data security and sharing mechanisms and a standardized
framework can these barriers be broken down, laying the
foundation for large-scale development of intelligent TCM
diagnosis.

5.2.Technical integration

At the level of technological integration, the alignment
and fusion of heterogeneous cross-modal data present a
fundamental challenge. Modal data (such asimages, sounds,
electrical signals, and natural language text) generated by
the four diagnostic methods of observation, auscultation,
inquiry, and palpation exhibit intrinsic differences in
sampling frequency, data structure, and physiological
significance. This makes achieving precise alignment
and semantic correlation across temporal, spatial, and
feature dimensions extremely technically challenging. A
multimodal study integrating tongue diagnosis, olfactory
diagnosis, pulse diagnosis, and inquiry revealed that the
best single-modal accuracy was 81%.° The study found
that the combination of tongue diagnosis, pulse diagnosis,
and inquiry achieved the highest accuracy of 84.%, whereas
the four-modal combination—which included olfactory
diagnosis—actually saw its accuracy drop to 75.33%. This
phenomenon of “multimodal performance inversion”
stems from the difficulty of semantic alignment across
modalities—the introduction of the auditory modality
failed to achieve effective fusion, instead amplifying
noise interference. The key to resolving this issue lies in
developing a cross-modal alignment mechanism guided
by TCM knowledge, rather than simply relying on generic
fusion architectures.

Furthermore, most multimodal architectures require
the simultaneous fitting of multiple feature extractors,
resulting in a total number of parameters far exceeding that
of monomodal models. However, due to a severe shortage
of paired training samples, this approach is highly prone to
overfitting (where the model learns the training data too

precisely, leading to reduced generalization ability in real-
world settings), which may actually result in a decline in
performance. Strategies such as parameter-efficient fine-
tuning, model distillation, or knowledge-data dual-driven
approaches can be employed to reduce reliance on large-
scale paired samples while controlling parameter count
or incorporating prior knowledge from TCM, thereby

enhancing the model’s generalization ability.

5.3. Clinical applications

At the clinical application level, ensuring clinical utility and
reliability is the final hurdle to successful implementation.
The “black box” problem'* prevalent in current AI models
is particularly pronounced in the field of TCM. Regarding
liability, the “black box” nature of Al creates legal dilemmas
in assigning responsibility for medical decisions, and the
division of liability in diagnostic assistance has yet to be
clearly defined.'” Insufficient algorithmic interpretability
further exacerbates the clinical trust dilemma.'* Coupled
with the lack of full participation by clinicians and the
absence of humanized explanations and empathetic
communication, patients find it difficult to understand
and accept these systems.'” Collectively, these issues
lead to a more severe reality: the clinical translation and
implementation of TCM AI models are severely lacking.
A large number of high-precision models remain confined
to laboratory research, and cases in which they have
truly entered real-world clinical settings and achieved
large-scale application are extremely rare. Furthermore,
clinical ethical constraints and privacy protection'*® for
multimodal data are also key challenges that need to be
addressed in future research.

6. Recommendations

In response to these challenges, we call for the following
three specific measures:

(i) Establish an international alliance for AI in TCM to
develop an open benchmark dataset using standardized
data collection protocols, while expanding the dataset
to ensure modal completeness.

Adopt a hierarchical multimodal fusion strategy.
Centered on feature-level fusion, this approach first
integrates visual features of the tongue and face, then
temporal features of the pulse, and finally incorporates
symptom text and constitutional information. A
syndrome-guided attention mechanism is introduced
to dynamically focus on key features of the tongue
and pulse. Data-level fusion serves as a supplement,
performing channel concatenation on raw signals
from the tongue, face, and pulse to preserve fine-
grained information. Decision-level fusion serves as
a supplementary measure. To address issues such as

(ii)
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missing modalities and asynchronous data acquisition,
weighted aggregation can be employed to enhance
clinical generalization capabilities and stability.

(iii) Establish a tiered clinical translation system covering
multi-center  prospective validation, real-world
efficacy evaluation, and optimization for primary
care settings. Clarify the accountability framework
and privacy protection mechanisms for Al-assisted
diagnosis to facilitate the transition of the model from
high-precision laboratory research to highly reliable
clinical implementation.

7. Conclusion

Multimodal data-drivenintelligentdiagnosisisaninevitable
trend in the modernization of TCM.'* To date, this field
has achieved phased breakthroughs in single-modal
quantitative analysis and partial modal combinations,
thereby validating its technical feasibility. Moving beyond
the traditional framework of the “four examinations”
(inspection, auscultation, inquiry, and palpation), this
review systematically reconstructs the digital mapping
relationships of TCM diagnostic information based on five
heterogeneous data modalities: visual, auditory, olfactory,
textual, and tactile. It comprehensively reviews the
current state of research on multimodal data acquisition
technologies, fusion methods, and clinical applications,
thereby promoting the return of digital TCM diagnosis to
its theoretical roots and the realization of the “integration
of the four examinations” However, currently available
complete, publicly accessible five-modal datasets are
extremely limited. The majority of studies are based on
combinations of only two or three modalities, which
limits the depth of this review’s analysis of the underlying
mechanisms of multimodal interaction. In the future,
collaboration among multiple Grade A Level 3 TCM
hospitals should be strengthened. By signing data-sharing
agreements, complete five-modal clinical data that has
undergone de-identification processing can be obtained.
Simultaneously, university institutions and equipment
manufacturers should be engaged to jointly build an open,
shared five-modal data platform. This platform would
aggregate more comprehensive samples encompassing
the tongue, face, pulse, voice, and questionnaires, thereby
addressing the current data shortage and providing a
practical data foundation and methodological support for
future research.
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