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The philosophy of “treating disease before its onset” is a fundamental concept of traditional
Chinese medicine (TCM), permeating its  diagnostic and therapeutic framework,  and is  cen-
tral to clinical practice. However, current TCM diagnostic and treatment models for the “pre-
disease to disease” window period face several limitations, including the lack of comprehen-
sive  clinical  parameters,  difficulties  in  characterizing  and  integrating  heterogeneous  multi-
modal data, and insufficient dynamic precision in interventions and efficacy evaluations. To
address these issues,  guided by Professor Candong Li’s  theory of  TCM stateology,  this  study
focuses on integrating objective multimodal  data.  It  proposes a new model  for  personalized
TCM diagnosis and treatment targeting the “pre-disease to disease” window period. This ap-
proach first  proposes the idea of  restructuring the conceptual  framework of “symptom” and
integrating  multi-source  heterogeneous  data  at  macroscopic,  mesoscopic,  and  microscopic
levels to form a three-dimensional assessment indicator system. By integrating graph neural
networks, convolutional neural networks, attention mechanisms, and knowledge graph-guid-
ed weight allocation, this approach enables collaborative representation, alignment,  and fu-
sion of  multi-source  data.  Subsequently,  it  plans  to  construct  a  multimodal  fusion model  at
both feature and decision levels, in order to establish mappings between indicators and TCM
state elements, and to screen key indicators characterizing pathological evolution during the
window period. Furthermore, it proposes a technical path for enhancing model interpretabili-
ty using methods such as SHapley Additive exPlanations (SHAP) and Ablation-CAM++. Final-
ly, with state assessment as the core, it proposes the concept of constructing a dynamic evalu-
ation method for  individualized diagnosis  and treatment  based on time-series  data  analysis
using algorithms such as long short-term memory (LSTM) networks and gated recurrent units
(GRUs). Moreover, a causal inference framework and semi-supervised learning strategies are
introduced to enable quantitative evaluation of individual intervention effects and to provide
interpretable therapeutic feedback, forming a complete technical path from data representa-
tion and fusion, weight adjustment, and interpretability analysis, to dynamic diagnosis feed-
back.  This  study  aims  to  address  deficiencies  in  the  current  TCM  diagnosis  and  treatment
model  during  the “pre-disease  to  disease” window  period  and  to  provide  an  operational
framework for the clinical practice of TCM’s “treating disease before its onset”.
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 1 Introduction

In  the  context  of  China’s  Healthy  China  Strategy,  which
emphasizes  shifting  the  focus  of  disease  prevention  for-
ward,  the  clinical  value  of  the  traditional  Chinese
medicine  (TCM)  concept  of “treating  disease  before  its
onset” has become more apparent [1]. The “pre-disease to
disease” window period, as an important stage in disease
occurrence  and  progression,  represents  both  a  turning
point  in  pathological  evolution  and  an  important  win-
dow  for  early  intervention  to  achieve  effective  disease
prevention.  At  present,  research  on  identifying  sub-
healthy  states  and  early  biomarkers  of  diseases  has  ad-
vanced  considerably.  Furthermore,  the  rapid  develop-
ment of objective data acquisition technologies based on
the  TCM  four  diagnostic  methods  has  facilitated  the  ex-
tensive collection of multimodal data covering the entire
disease process [2, 3]. However, limited by the disease-cen-
tered  paradigm  of  modern  medicine,  current  studies  on
the “pre-disease to disease” window period remain insuf-
ficiently  precise.  Current  research  predominantly  focus-
es on single-dimensional data and lacks integrated analy-
ses  of  multidimensional  and  multimodal  data.  Conse-
quently, they cannot adequately capture the complex and
dynamic pathological  features  and evolutionary patterns
of the window period, hindering the development of indi-
vidualized TCM clinical intervention paradigms based on
dynamic evolutionary patterns.

The  TCM  stateology  theory  proposed  by  Professor
Candong  Li  focuses  on  states  of  human  life  activities
throughout  the  life  cycle,  encompassing  health,  pre-dis-
ease, disease, and post-disease stages. By analyzing tem-
poral  and  spatial  changes  during  state  transitions,  this
theory  provides  a  methodological  framework  for  investi-
gating  pathological  evolution  during  the  window  pe-
riod [4].  Guided by  TCM stateology,  this  study introduces
technologies  for  multimodal  data  representation and in-
tegration.  By  synthesizing  heterogeneous  multi-source
data at macroscopic, mesoscopic, and microscopic levels,
this  research  constructs  an  individualized  TCM  clinical
diagnosis  and  treatment  model  that  focuses  on  state
identification  during  the  window  period.  This  approach
aims to provide a reference paradigm grounded in origi-
nal TCM thought for clinical practice in “treating disease
before its onset”.

 2 Basic  connotation  of  the  “pre-disease  to  disease”
window period and the guiding significance of TCM
stateology

The  concept  of  the  window  period  initially  appeared  in
the World Health Organization (WHO) guidelines for  in-
fectious  disease  management,  referring  to  the  time  from
pathogen infection to the detection of infection biomark-
ers,  representing  the  incubation  or  subclinical  period  of

disease [5]. From the perspective of TCM, the “pre-disease
to  disease” window  period  corresponds  to  the “pre-dis-
ease” stage  within  the “treating  disease  before  its  onset”
theory. At this stage, classical TCM manifestations of dis-
eases or syndromes have not yet fully developed; howev-
er,  concealed  pathological  changes,  such  as  disharmony
of Qi and blood, imbalance of Yin and Yang, and impair-
ment  of  organ  function,  are  already  present [6].  The
unique  pathological  nature  of  the  window  period  dic-
tates that its diagnosis and treatment cannot be merely a
continuation of the static “diagnosis and treatment based
on syndrome differentiation” model.  Instead,  it  is  essen-
tial  to  establish  a  new  framework  capable  of  identifying
and  describing “subclinical  syndromes” or “pre-syn-
dromic  states” to  achieve  precise,  dynamic  assessment.
The theory of TCM stateology offers methodological guid-
ance in this regard.

“States” constitute the starting point for human health
cognition,  summarizing  physiological  functions  and
pathological  changes  throughout  all  disease  stages,  in-
cluding the pre-disease stage. This concept encompasses
not only syndrome stages but also pre-syndrome stages [7].
Professor Wenfeng Zhu’s “syndrome element differentia-
tion” theory divides syndromes into minimal units of dis-
ease  location  and  disease  nature,  quantifying  these  ele-
ments  to  facilitate  objective  TCM  diagnosis  in  overt  dis-
ease stages [8]. Building upon syndrome element differen-
tiation  theory,  Professor  Li  integrated  stateology  to  pro-
pose “state elements”, encompassing dimensions of loca-
tion,  nature,  and severity.  These elements  provide holis-
tic and dynamic identification of principal contradictions
across  disease  phases,  from  pre-disease  to  post-disease,
enabling  precise  TCM  intervention  based  on  identified
location, nature, and severity [9]. Consequently, TCM clin-
ical  diagnosis  and  treatment  during  the “pre-disease  to
disease” window  period  can  be  effectively  evaluated  us-
ing  TCM  states.  In  summary,  based  on  TCM  stateology,
the dynamic identification of TCM state factors may sup-
port precise intervention and assessment during the win-
dow  period,  translating  the  concept  of “preventing  dis-
ease before its onset” into a quantifiable clinical pathway.

 3 Challenges  of  TCM  clinical  diagnosis  and  treat-
ment  during  the  “pre-disease  to  disease”  window
period

 3.1 Deficiency in evaluation indicators and lack of a mul-
ti-dimensional data collection framework

Macroscopic parameters, including geographic, meteoro-
logical, and seasonal natural characteristics, are often ne-
glected in assessment systems of the “pre-disease to dis-
ease” window  period [10].  TCM  adheres  to  the  principle
that “humans resonate with heaven and earth and corre-
spond to the sun and moon”, as described in the Huangdi
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Neijing (《黄帝内经》 , Inner  Canon  of  Huangdi): “life
arises  from  the  Qi  of  heaven  and  earth,  shaped  by  the
laws of  the four seasons”.  Human development depends
upon the interplay and harmony of Yin-Yang energies in-
fluenced  by  seasonal,  geographic,  and  climatic  factors,
reflected  in  diverse  lifestyle,  dietary,  exercise,  and  psy-
chological states. Therefore, pathological evolution with-
in  the  body  is  also  a  product  of  specific  spatiotemporal
conditions,  and identifying critical  nodes during dynam-
ic pathological changes in the window period is essential
for TCM clinical practice. Ignoring macroscopic parame-
ters  weakens  the  spatiotemporal  interpretability  of  diag-
nostic  indicators,  transforming  individuals  into  isolated
organic  entities  at  disconnected  temporal  and  spatial
points, reducing the diagnostic and early-warning effica-
cy  of  indicators  in  dynamic  contexts,  and  compromising
the  principle  of  genuine “resonance  between  humans
and nature”.

At the mesoscopic level, current research in TCM clin-
ical diagnosis and treatment primarily focuses on collect-
ing  general  clinical  symptoms  and  diagnostic  indicators.
However,  during  the  transition  from “pre-disease” to
“disease”, clinical symptoms are often minimal, atypical,
or even absent,  exhibiting a characteristic  of “no evident
symptoms  to  observe” [11].  Historically,  this  might  be  at-
tributed to technical limitations that prevented the detec-
tion of subtle mesoscopic changes. Nevertheless, with ad-
vancements  in  modern  detection  technologies,  such  as
pulse  diagnosis  instruments,  tongue  imaging  systems,
electronic noses,  and standardized TCM inquiry models,
objective  collection  of  pulse  waveforms,  tongue  images,
odor information,  and inquiry data has become feasible,
objectively supporting assessing pathological states in the
window period [12-14].

At the microscopic level, such indicators, due to their
inherent  sensitivity,  typically  exhibit  high  diagnostic  val-
ue during pathological evolution within the window peri-
od.  However,  current  research  generally  relies  on  single
or  limited  laboratory  parameters,  capturing  only  local-
ized  pathological  changes  and  failing  to  reflect  the  sys-
temic, dynamic pathological imbalance in the body [15]. In
addition,  the  TCM  holistic  concept  emphasizes  that “in-
ternal pathologies must manifest externally”, implying an
intrinsic  relationship  between  internal  pathological
changes  and  external  macroscopic  manifestations.  Ana-
lyzing  isolated  laboratory  indicators  detached  from  their
holistic  context  risks  losing  connection  to  the  overall
TCM state, introducing assessment discrepancies.

 3.2 Difficulty  in  multimodal  data  fusion  and  insufficient
model interpretability

Although  certain  macroscopic,  mesoscopic,  and  mi-
croscopic  indicators  have  demonstrated  potential

diagnostic  value  for  window  period  interventions,  cur-
rent TCM clinical studies often rely on analyses limited to
single-modality  data [16, 17].  Due  to  varying  standards  for
objective  data  and  a  lack  of  effective  information  fusion
techniques,  information  barriers  persist  across  different
medical and health data modalities (e.g., textual and im-
age  data).  Consequently,  existing  studies  rarely  provide
unified  representations  of  multimodal  indicators,  limit-
ing the holistic perspective central to TCM and hindering
a  comprehensive  understanding  of  pathological  evolu-
tion.

Furthermore,  effective  fusion  of  multi-source  infor-
mation is vital for data processing, improving system per-
formance  and  robustness.  Traditional  fusion  algorithms,
such  as  support  vector  machines,  random  forests,  and
decision  tree  models,  impose  high  demands  on  data
quality,  often  struggling  to  uncover  deep-level  correla-
tions  within  high-dimensional,  information-rich  multi-
modal TCM datasets. In addition, the reliance on expert-
based  feature  classification  and  extraction  further  in-
creases  the  complexity  of  their  implementation [18].  By
contrast, deep learning, characterized by powerful hierar-
chical, nonlinear fitting capabilities, addresses the bottle-
necks  encountered  by  traditional  machine  learning
methods  in  representing  high-dimensional,  multimodal
data  and  effectively  identifies  deep  correlations  between
indicators  and  TCM  states.  Nevertheless,  the  inherent
complexity and abstraction in data processing make deep
learning models  opaque and hard to  interpret [19].  More-
over, foundational issues, such as limited TCM corpus re-
sources and insufficient  standardization of  state  identifi-
cation  systems  during  the  window  period,  limit  these
models’ ability to capture the essence of TCM state differ-
entiation.  Consequently,  these  models  risk  becoming
static labeling tools, hindering interpretability and mean-
ingful exploration of authentic biological implications, re-
stricting their further application in window period clini-
cal diagnosis and treatment.

Lastly,  existing research on TCM diagnosis and treat-
ment  during the window period predominantly  employs
cross-sectional methodologies, rarely incorporating time-
series  data  collection.  The  absence  of  sequential  multi-
modal data collection hinders precise characterization of
pathological  evolution  during  the  window  period,  weak-
ening the close relationships between multimodal indica-
tors  under  consistent  spatiotemporal  conditions.  Estab-
lishing  deeper  causal  connections  between  indicators
and TCM states becomes difficult, introducing spatiotem-
poral  biases  into  diagnosis,  which  affects  the  reliability
and stability of  diagnostic outcomes [20].  Therefore,  when
constructing deep learning models for medical diagnosis,
careful consideration of spatiotemporal data characteris-
tics is essential for enhancing diagnostic accuracy and in-
terpretability.
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 3.3 Insufficient precision in intervention efficacy and im-
perfect real-time evaluation mechanism

Clinically,  the  window  period  is  the  pre-clinical  stage  of
the  disease.  However,  due  to  its  characteristic  of  having
inconspicuous  clinical  symptoms  and  atypical  syn-
dromes,  the  current  clinical  intervention  decisions  are
still  mostly  based  on  the  model  of  the  disease  stage  that
has already occurred. That is, through syndrome differen-
tiation and treatment,  a fixed intervention plan is adopt-
ed  for  a  specific  syndrome  type  to  achieve  personalized,
individualized  health  management  strategies.  Since  this
strategy  targets  the  relative  stability  of  established  dis-
ease  stages,  frequent  adjustments  to  intervention  deci-
sions are typically unnecessary.  However,  during the dy-
namic  phase  of  the  window  period,  this  fixed  interven-
tion plan has a lag effect. It is difficult to provide real-time
feedback on the continuous, dynamic changes in the win-
dow period. This may result in missed critical opportuni-
ties  for  TCM  intervention  in  the  field  of  TCM  diagnosis
and treatment [21],  leading to  the continuous progression
of  the  pathological  state  into  the  disease  stage [22].  Fur-
thermore,  existing  intervention  decisions  are  mostly
based on periodic assessments of four diagnostic param-
eters,  rather  than  on  real-time  monitoring  and  integra-
tion  of  macroscopic,  mesoscopic,  and  microscopic  indi-
cators,  limiting  the  establishment  of  real-time  response
mechanisms to pathological changes.

Regarding  efficacy  evaluation,  current  assessment
systems  primarily  rely  on  endpoint  outcomes.  Although
these indicators are essential for evaluating treatment ef-
fects at the disease stage, the focus during the window pe-
riod, as a transitional phase between health and disease,
should be on whether pathological indicators improve or
whether risk factors for disease progression are reduced,
rather than on final disease outcomes. Consequently, re-
lying solely on key outcomes for efficacy assessment risks
overlooking  process-related  changes  during  the  window
period, making it difficult to promptly identify and quan-
tify the intervention’s true benefits. In addition, the thera-
peutic  effects  during  the  window  period  cannot  be  ade-
quately evaluated with a single indicator; instead, they re-
quire  an  integrated  assessment  of  macroscopic,  meso-
scopic,  and  microscopic  parameters.  The  existing  study
has introduced deep learning models and other complex
algorithms  to  evaluate  treatment  efficacy  in  the  disease
stage [23].  However, due to the lack of algorithmic models
capable  of  processing  temporal  multimodal  data  and
supporting  the  assessment  of  dynamic  efficacy  trajecto-
ries,  it  is  difficult  to  map  the  trajectory  of  efficacy  evolu-
tion  accurately.  This  makes  it  challenging  to  objectively
capture  the  true  effects  of  interventions  during  the  win-
dow of  opportunity and hinders the optimization of  per-
sonalized  treatment  strategies  based  on  dynamic  feed-
back.

 4 Development  strategies  for  a  TCM diagnosis  and
treatment model in the window period from the per-
spective of stateology

 4.1 Acquisition  and  representation  of  “macro-meso-mi-
cro” three-dimensional data

 4.1.1  Construction  of  a  “macro-meso-micro”  three-di-
mensional acquisition framework　Symptoms and clini-
cal manifestations constitute the primary sources of diag-
nostic  information  in  clinical  practice.  To  address  the
challenges  posed  by  the “absence  of  observable  symp-
toms” and the limitations of single-modality information
during  the  window  period,  this  requires  expanding  the
scope  of  symptom  data  collection  in  clinical  research.
This  can  be  achieved  by  integrating  macroscopic,  meso-
scopic,  and microscopic parameters to establish a three-
dimensional  spatiotemporal  data-acquisition  framework
for “macro-meso-micro” indicators.

At  the macroscopic level,  emphasis  should be placed
on natural environmental and temporal rhythm parame-
ters,  including  geographical  location,  seasonal  variation,
meteorological  conditions,  and  the  Wuyun  (五 运 ,  five
movements) and Liuqi (六气, six climates) theory.

At  the  mesoscopic  level,  in  addition  to  general  clini-
cal  information and structured or  scale-based four-diag-
nostic  data,  modern  detection  technologies,  including
fundus cameras, pulse diagnosis instruments, and tongue
diagnostic  systems,  should be employed to  collect  latent
symptoms,  referring  to  mesoscopic  indicators  that  are
difficult to capture objectively through conventional diag-
nostic techniques.

At  the  microscopic  level,  in  addition  to  routine  bio-
chemical  indicators,  biological  samples  such  as  serum,
urine,  and  feces  should  be  collected.  Modern  analytical
techniques,  including  proteomics,  metabolomics,  and
gut  microbiome  analysis,  can  be  applied  to  identify  key
molecular  expressions  associated  with  pathological
changes. Importantly, multimodal data across these three
dimensions  should  cover  the  entire  disease  trajectory,
from pre-disease to disease and post-disease stages, with-
in  a  spatiotemporal  framework,  enabling  the  characteri-
zation  of  dynamic  expression  patterns  of  key  indicators
during disease development.

 4.1.2 Multimodal data representation under the three-di-
mensional  framework　 Although  multimodal  data  en-
able a fine-grained characterization of TCM state changes
from multiple dimensions, their multi-source and hetero-
geneous  nature  significantly  increases  analytical  com-
plexity.  Therefore,  data  preprocessing  based  on  multi-
modal  representation  techniques  is  required  for  textual,
image-based,  time-series,  and  spatio-temporal  data
across  different  modalities  to  extract  feature  vectors  for
each  modality,  to  enable  a  comprehensive  and  multidi-
mensional representation of the critical transitional state
during the window period.
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For  medical  and  health  data  such  as  general  clinical
records  and  structured  four  diagnostic  datasets,  tech-
niques  including  lexical  analysis,  syntactic  parsing,  and
named  entity  recognition  of  medical  terminology,  com-
bined  with  entity  alignment [24],  representation  learn-
ing [25], and graph neural networks (GNNs) [26], can be ap-
plied  to  explore  semantic  differences  among  medical
terms  and  compute  vector  similarity.  This  process  en-
ables  semantic  alignment  and  representation  of  medical
terminology,  addressing  common  issues  in  medical
datasets,  such  as  subjectivity,  polysemy,  semantic  ambi-
guity, and non-standardized expression.

For visual modalities, including facial images, tongue
images,  and  fundus  images,  convolutional  neural  net-
works  (CNN) [27],  attention  mechanisms  (AM) [28],  and
transfer  learning  techniques [29] can  be  integrated  to  ex-
tract features from multiple perspectives, including color
and texture, generating reliable feature representations of
facial, lingual, and ocular images.

For  multi-source  time  series  data,  a  differential  pro-
cessing strategy is used to preserve, to the greatest extent
possible, data from key points in the progression of TCM
conditions.  For  high-frequency,  regularly  sampled  data
such  as  pulse  waveforms  and  blood  glucose  levels,  the
original sampling frequency is retained. Time-domain se-
quence  data,  along  with  Fourier- and  wavelet-trans-
formed sequences,  are  used to  extract  time-domain,  fre-
quency-domain,  and  time-frequency  fusion  features,
forming a sequence of feature vectors. For low-frequency,
irregularly  sampled  data  such  as  biochemical  indicators
and  omics  data,  the  original  timestamps  are  retained,
and  no  forced  interpolation  is  performed;  instead,  an

event-based  alignment  method  (using  clinical  mile-
stones,  such  as  changes  in  TCM  conditions  and  syn-
dromes,  as  reference  points)  is  used  to  process  the  non-
equidistant  sequences  directly.  Finally,  non-linear  inter-
polation  fuses  multimodal  data  on  a  unified  timeline,
feeding the combined data into a deep learning model to
achieve high-level temporal feature learning [30].  For spa-
tio-temporal data, our research integrates GNNs with re-
current  neural  networks  (RNNs)  and  long  short-term
memory  (LSTM)  networks  to  mitigate  information  loss
from  separate  modeling  approaches [31].  By  integrating
multimodal  information,  including  text,  images,  and
waveform  signals,  into  a  unified  framework  comprising
spatial  nodes  and  time  series,  this  approach  extracts
cross-modal  spatial  features  using  GNNs.  It  integrates
temporal  feature  relationships  using  RNNs  and  LSTMs,
achieving  the  extraction  and  fusion  of  spatio-temporal
features through joint training. The specific technical ap-
proach is illustrated in Figure 1.

 4.2 Construction of a multimodal fusion model and its in-
terpretability analysis

 4.2.1 Feature-level fusion of multimodal data　Given the
multi-source,  heterogeneous,  and  spatio-temporal  na-
ture of objective clinical data in TCM during the window
period,  this  study employs a  combined feature-level  and
decision-level  fusion  approach.  By  integrating  multi-
source  information  at  both  the  feature  and  decision
levels, the study achieves more comprehensive and accu-
rate  analysis  and  decision-making [32, 33].  At  the  feature
level,  this  study proposes using cross-modal  attention to
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Figure 1   “Macro-meso-micro” three-dimensional multimodal data processing and characterization
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fuse  features  from  different  data  sources  and  methods,
enabling  dynamic  weight  adjustment  across  modalities.
For  textual  data,  Transformer  models  effectively  capture
semantic  information.  For  images,  CNN  integrated  with
an  attention  mechanism  extracts  key  visual  features [27].
For  time-series  data,  converting  it  into  images  enables
sharing  the  feature-extraction  network  with  image
modalities. By stacking multiple convolutional layers and
an attention mechanism, the network can learn complex,
hierarchical feature representations more effectively. For
spatiotemporal  data,  GNNs  are  first  employed  to  extract
spatial structural features, followed by the introduction of
gated recurrent units (GRUs) to capture temporal depen-
dencies, ultimately forming fused spatiotemporal feature
vectors [34].  After obtaining features from various modali-
ties,  we  integrate  a  prior  knowledge  graph  and  assign
weights to the features of different modalities based on it.
In  the  attention  mechanism  layer,  we  fuse  the  extracted
image, text, and spatio-temporal features to obtain a text-
spatio-temporal-image  attention  fusion  feature,  and  as-
sign  weights  to  it  via  the  attention  network.  The  overall
technical  approach  to  feature-level  fusion  is  shown  in
Figure 2.

 4.2.2  Decision-level  fusion  of  multimodal  data　 To  en-
hance  model  interpretability  and  develop  more  precise
fusion  models,  decision-level  fusion  is  implemented  fol-
lowing the classification of individual modalities. Textual
features  are  extracted  using  an  improved  Transformer
model that leverages self-attention to capture long-range
dependencies  in  clinical  text.  Textual  features  combined
with tabular data, enriched with knowledge graph priors,
undergo  classification  via  deep  learning  models  embed-
ded with feature-selection layers. For image data such as
tongue surface and fundus images, as well as image data
derived from time-series data (e.g., pulse waveforms), af-
ter  a  frequency-domain  transformation,  image  features
are  extracted  using  methods  based  on  improved

MobileNets [35],  which  are  then  used  to  construct  deep
learning  classification  models.  For  spatio-temporal  data
with  spatial  structures,  an  enhanced  Transformer  model
is  employed  to  construct  the  classifier.  By  incorporating
spatio-temporal  position  embeddings,  the  model  per-
ceives data across both temporal and spatial dimensions.
Furthermore, by stacking multiple layers of self-attention
mechanisms  and  feedforward  networks,  the  model  can
capture  complex  dependencies  across  time  steps  and
spatial  units,  ultimately  producing  probability  distribu-
tions  for  various  TCM  state  factors.  Ultimately,  multi-
modal results are fused through methods such as voting,
averaging,  or  Bayesian  approaches,  highlighting  each
modality’s role in state assessment. The overall technical
approach to decision-level fusion is shown in Figure 3.

 4.2.3 Analysis of model interpretability and extraction of
key parameters　To identify core model parameters and
establish  interpretable  comprehensive  assessment  indi-
cators,  SHapley Additive exPlanations (SHAP) analysis  is
used to quantify the contribution of each input feature to
model  outcomes,  explaining  each  prediction  locally.
Concerning the analysis of TCM condition indicators dur-
ing  the  window  period,  by  integrating  the  TCM  theories
of  the “holistic  view” and “condition  identification”,  a
mapping relationship is established between data feature
vectors (such as blood glucose levels and pulse rate) and
TCM  condition  elements  (such  as  location  and  nature),
then calculating their contributions to achieve consisten-
cy  among  the  features.  For  image  data,  the  Ablation-
CAM++  technique  can  be  employed  to  determine  the
importance  of  activation  maps  for  the  target  class  by
examining  the  concept  of  ablation  analysis;  that  is,  by
progressively  removing  or “ablating” certain  parts  of  the
input  and  observing  changes  in  the  model’s  output,  un-
derstanding the model’s dependencies on specific inputs.
Furthermore,  to  better  reflect  the  theoretical  implica-
tions of TCM in the interpretation of results,  TCM-based
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functional zoning-guided semantic ablation can be intro-
duced  to  establish  a  correspondence  between  ablation
regions  and  TCM  functional  zones  (e.g.,  the  left  cheek
corresponds to the liver, the right cheek to the lungs, and
the  forehead  to  the  heart).  In  addition,  an  interpretable
image  classification  framework  proposed  by  PINTELAS
et  al. [36],  integrating  segmentation  and  clustering  meth-
ods, extracts texture features from image subregions and
applies linear white-box predictive models, offering clear
and  reliable  explanations.  This  facilitates  understanding
of the relationships between TCM states and various fea-
ture indicators, supporting the construction of an evalua-
tion system.

 4.3 Development  of  time-series  dynamic  efficacy  evalua-
tion methods and clinical decision support

In  TCM  clinical  practice,  an  individual’s  state  elements
exhibit  highly  dynamic  evolution  over  time,  particularly
during  the  critical  pathological  progression  of  the  win-
dow period. Traditional static diagnostic methods are in-
herently  limited  in  representing  such  dynamic  changes,
limiting the development and real-time adjustment of in-
dividualized  interventions.  Therefore,  establishing  a  dy-
namic clinical model that integrates multi-source data to
guide  clinical  decision-making  during  the  window  peri-
od  is  important  for  modernizing  TCM.  To  this  end,  this
study proposes the idea of  constructing a diagnostic and
treatment  model  that  primarily  comprises  three  compo-
nents:  time-series  dynamic  representation,  information
source  weight  adjustment,  and  efficacy-feedback  assess-
ment.

Initially,  building  upon  preliminary  multimodal  data
fusion,  individual  time-series  data  are  modeled  dynami-
cally  using  algorithms  such  as  LSTM  and  GRU [37, 38].  To
address  non-stationarity  and  temporal  randomness  in
time-series  data,  which  can  cause  model  overfitting,  in-
cremental  learning  methods  are  incorporated  to  en-
hance  real-time  adaptability.  Given  clinical  realities,  pa-
rameter  importance  may  vary  by  disease  stage;  thus,

information  weights  require  dynamic  adjustment  over
the  clinical  timeline.  To  resolve  this,  attention  mecha-
nisms  are  introduced  into  models  to  dynamically  adjust
multimodal  data  weights  based  on  prediction  errors  at
different  time  points,  enhancing  automatic  adaptability
to variations in data significance across stages.

In  efficacy  assessment,  causal  inference  frameworks
are  introduced,  taking  current  patient  health  status  and
intervention  strategies  as  model  inputs.  By  comparing
factual  and  counterfactual  model  outcomes,  the  efficacy
of individual interventions is evaluated. To improve clini-
cal  interpretability  of  efficacy  assessments,  semi-super-
vised  learning  methods  (e.g.,  support  vector  machines,
co-training  algorithms,  and  generative  models)  are  em-
ployed.  After  labeling  a  limited  subset  of  the  input  data,
pseudo-labels  generated  from  expert  prior  knowledge
help the model  learn from large unlabeled datasets.  The
overall  technical  approach  to  model  construction  is
shown in Figure 4.

Collectively,  the  proposed  model  integrates  time-se-
ries  dynamic  modeling,  adaptive  weighting,  and  efficacy
evaluation.  By  employing  incremental  and  semi-super-
vised  learning  strategies,  this  approach  significantly  en-
hances model interpretability, representing a key innova-
tion for individualized TCM clinical decision-making.

 4.4 Examples  of  comprehensive  management  of  predia-
betes

Taking the specific “pre-disease to disease” window peri-
od of prediabetes as an example, concerning clinical data
are collected across three levels: macro level data (includ-
ing  the  patient’s  city  of  residence,  season,  and  climate),
meso level data (including TCM clinical symptoms, four-
diagnostic  forms,  tongue  and  facial  images,  pulse  pat-
terns,  and fundus images),  and micro level  data (includ-
ing blood glucose and lipid levels, metabolomics, and gut
microbiota),  constructing  a  multidimensional,  multi-
modal  dataset  for  prediabetes.  Building  on  this,  the
data  were  classified.  For  clinical  text  data  related  to

 

Softmax

Voting

Softmax

Softmax

Averaging

Neural 
network
fusion

…

Softmax

Knowledge graph 
prior knowledge

Auxiliary 
training

Classifier

Classifier

Text data

Image data

Time series 
data

Spatio-
temporal 

data

Frequency 
domain 

transformation

Data type

Image features

Textual features

Image features

Spatial features 

Temporal 
features 

Feature extraction

Classifier

Classifier

Feature fusion

Data 
fusion

 
Figure 3   “Macro-meso-micro” three-dimensional multimodal data fusion model at the decision level

Danyang Li, et al. / Digital Chinese Medicine 9 (2026) 173-183 Construction of TCM stateological window period model via multimodal data fusion    179



prediabetes,  medical  terminology  alignment  techniques
and GNNs were employed to standardize the data repre-
sentation and extract features. To account for characteris-
tic changes in images of the tongue surface and fundus, a
CNN is employed to extract image feature vectors, includ-
ing  color,  texture,  and  position,  for  joint  encoding.  For
pulse  waveform  time-series  data,  sensor  parameters,  ex-
ternal  factors,  and  temporal  effects  are  taken  into  ac-
count; images are generated via frequency-domain trans-
formation, and a CNN is then used to extract their feature
vectors.  Finally,  taking  into  account  contextual  informa-
tion  such  as  the  patient’s  long-term  living  environment
(e.g.,  humid  and  hot  regions)  and  seasonal  changes,  as
well as spatiotemporal information on changes in the dis-
tribution  of  retinal  lesions  over  time,  RNN  and  LSTM
were  employed  to  extract  temporal  features.  GNNs  were
introduced to extract  spatial  features,  enabling the sepa-
rate extraction of temporal and spatial features.

At  the  level  of  feature  fusion,  for  text  information  re-
lated  to  TCM  (such  as  physical  obesity,  frequent  urina-
tion, and thirst), a Transformer model is employed to ex-
tract  semantic  information  associated  with  locational
elements  (such  as  the  spleen  and  kidneys)  and  state-re-
lated  elements,  including  Qi  deficiency,  Yin  deficiency,
and  dampness  accumulation.  Using  a  knowledge  graph
incorporating  associations  between  elements  of  TCM  as
prior  guidance,  the  system  dynamically  adjusts  the
weights of different modal features to generate a compre-
hensive  feature  representation  that  integrates  macro,

meso,  and  micro  level  data.  A  CNN  employing  a  fused
attention  mechanism  is  used  to  extract  image  features,
including color, shape, and texture, from tongue and fun-
dus  images.  Time-series  data,  such  as  pulse  waveforms
and  blood  glucose  levels,  are  converted  into  image  form
for joint feature extraction and fusion with image data. At
the  decision-fusion  level,  an  improved  Transformer  net-
work  is  used  to  capture  associative  patterns  between
symptoms, such as frequent urination and thirst. By inte-
grating  prior  knowledge  of  the  pathological  relationship
between “spleen, deficiency, and dampness”, a text clas-
sifier  is  constructed  that  targets  factors  associated  with
spleen deficiency and excessive dampness in TCM. Using
networks  such  as  MobileNets  to  extract  features,  includ-
ing  the  thickness  of  the  tongue  body,  tooth  marks,  the
texture of the tongue coating, the area of hard exudates in
the fundus, and the curvature of blood vessels,  an image
classification model  has been constructed for  conditions
such  as  spleen  deficiency  and  blood  stasis.  Time-series
data,  such  as  pulse  patterns  and  blood  glucose  levels,
along with spatio-temporal  contextual  information,  such
as  geographical  location  and  season,  are  converted  into
images  via  a  frequency-domain  transformation  and  en-
coded  with  spatio-temporal  positions.  An  improved
Transformer  model  is  then  used  to  construct  a  classifier
that  outputs  the  probability  of  each  condition.  Finally,
strategies such as voting,  averaging,  and Bayesian fusion
are  employed  for  back-end  fusion,  with  data  weights  as-
signed  based  on  TCM  diagnostic  logic  and  clinical  prior
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knowledge, enabling decision support driven by the syn-
ergy of multimodal features and knowledge.

Finally, to investigate the transition from “spleen defi-
ciency” to “Yin  deficiency” in  patients  with  prediabetes,
data,  including  fasting  blood  glucose  levels,  pulse  wave-
forms,  fundus  images,  and  daily  air  temperature,  were
collected  at  different  time  points  to  construct  individual
time-series datasets. LSTMs and GRUs were employed to
capture evolving trends in data features during the trans-
formation process, whilst incremental learning was intro-
duced to  adjust  model  parameters  in  stages,  adapting to
the  dynamic  progression  of  prediabetes.  At  the  same
time, by dynamically adjusting the weights of the indica-
tors  through  an  attention  mechanism,  the  model’s  diag-
nostic  effectiveness  for  specific  disease  stages  is  en-
hanced:  in  the  early  stages,  when  blood  glucose  fluctua-
tions are not pronounced but changes in the tongue and
pulse are significant, the weights for these indicators were
increased;  in  the  progressive  stage,  when  blood  glucose
fluctuations  intensify  and  microvascular  changes  in  the
fundus  appear,  the  weights  for  blood  glucose  levels  and
fundus images were increased. During the therapeutic ef-
ficacy  feedback  phase,  a  causal  inference  framework  is
introduced to quantify the effect sizes of personalized in-
terventions.  Combined  with  semi-supervised  learning
methods and utilizing labels  annotated according to pri-
or  rules  established  by  TCM  experts,  this  approach  en-
ables the automatic learning of non-linear mapping rela-
tionships between therapeutic efficacy indicators, includ-
ing  tongue  and  pulse  characteristics  and  blood  glucose
levels,  and  TCM  state  factors,  providing  clinically  inter-
pretable feedback on treatment efficacy.

 5 Conclusion

Effective  clinical  diagnosis  and  treatment  during  the
“pre-disease  to  disease” window  period  are  crucial  for
leveraging  TCM’s  strength  in “treating  disease  before  its
onset” and achieving early health management. The the-
oretical advantages of TCM stateology in recognizing crit-
ical transition states provide methodological guidance for
constructing  window  period  diagnosis  and  treatment
models.  This  study,  centered  on  state  identification,  re-
constructs the conceptual framework of “symptoms” and
proposes  a  multimodal  heterogeneous  data  representa-
tion  framework  encompassing “macro-meso-micro” pa-
rameters. Based on effective multimodal data integration,
a  dynamic  individualized  clinical  evaluation  method
rooted in state identification is developed. This approach
seeks to address current  challenges in precisely  identify-
ing  and  dynamically  capturing  TCM  states  during  the
window  period,  potentially  serving  as  a  reference  model
to  advance  intelligent  and  standardized  TCM  clinical
practice.
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“未病-已病”窗口期的中医临床诊疗模式构建：
中医状态学视阈下客观化多模态数据的融合

李丹阳a, 艾民b, 周派b, 邓颖b, 杨朝阳a, 彭清华b, c*

a. 福建中医药大学中医学院, 福建 福州 350122, 中国

b. 湖南中医药大学中医学院, 湖南 长沙 410208, 中国

c. 湖南中医药大学第一附属医院眼科, 湖南 长沙 410007, 中国

 
【摘要】“治未病”思想是中医学的基本理念之一，其贯穿中医诊疗体系始终，并发挥着至关重要的作用。然

而现阶段“未病-已病”窗口期的中医诊疗模式存在临床参数采集维度缺失、多模态异构数据难以表征融合、

干预及疗效评价动态精准性不足等问题。基于此，本文以李灿东教授中医状态学理论为方法指引，聚焦客观

化多模态数据融合，提出一种面向“未病-已病”窗口期的中医个体化诊疗新模式。该模式首先提出重构“证”的

认知体系，整合宏观、中观及微观等多源异构数据，形成三维评测指标体系的思路；通过引入图神经网络、

卷积神经网络、注意力机制及知识图谱引导的权重分配，实现多源数据的协同表征、对齐与融合。其次，规

划构建特征级与决策级的多模态融合模型，以建立指标与中医状态要素的映射关系，筛选窗口期病理演变关

键指标；提出利用夏普利加性解释（SHAP）、Ablation-CAM++等方法增强模型可解释性的技术路径。最

后，以状态评估为落脚点，提出基于长短期记忆（LSTM）网络、门控循环单元（GRUs）等算法，构建基于

时序数据分析的个体诊疗动态评估方法的构想，并引入因果推断框架与半监督学习策略，实现个体干预效应

量化评估与可解释的疗效反馈，形成从数据表征与融合、权重调整、可解释性分析到动态诊疗反馈的完整技

术路径。旨在弥补现有中医“未病-已病”窗口期诊疗模式的不足，为中医“治未病”临床实践提供可操作的方法

论遵循。

【关键词】中医状态学；窗口期；临床诊疗模式；多模态数据融合；深度学习
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