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Objective To develop an integrated risk model for coronary artery occlusion based on data of
both traditional Chinese medicine (TCM) and western medicine data, and to evaluate the
contribution of TCM-specific indicators to conventional coronary heart disease (CHD) risk
prediction.

Methods Data of TCM indicators (tongue, facial, and pulse diagnostics) and clinical parame-
ters from patients diagnosed with CHD at the Cardiology Department of Shanghai Baoshan
Hospital of Integrated Traditional Chinese and Western Medicine, from October 3, 2023 to
March 15, 2024, were collected. Important variables were identified using importance screen-
ing and correlation analysis with CHD risk factors and laboratory markers. Six machine learn-
ing models including logistic regression (LR), decision tree (DT), support vector machine
(SVM), k-nearest neighbors (KNN), random forest (RF), and gradient boosting (GB), were ap-
plied to evaluate the risk of coronary artery obstruction by combining clinical and TCM data
of CHD. Model performance was assessed using metrics such as accuracy, precision, and re-
call, with reliability validated through ten-fold cross-validation.

Results A total of 288 patients were included in the study. Fifteen clinical risk factors, includ-
ing body mass index (BMI), myoglobin, and alcohol consumption history, were incorporated
into the diagnostic models. The KNN model showed good performance when combining clin-
ical data with tongue and facial data. The SVM model performed well when clinical data was
combined with pulse data. Among all the models, the KNN model with 10-fold cross-valida-
tion, which integrates the three types of TCM diagnostic data (tongue, face, and pulse) with
clinical data, performs the best (accuracy: 0.837, precision: 0.814, and recall: 0.809).
Conclusion Incorporating TCM diagnostic data can enhance the accuracy of coronary artery
obstruction risk assessment. The KNN prediction model that integrate tongue, facial, and
pulse data performs the best and can be recommended as a clinical decision support tool.

1 Introduction

The incidence of coronary heart disease (CHD) has been
rising steadily in recent years. Given the invasiveness of

coronary angiography, which is considered the “gold
standard” for diagnosing CHD, non-invasive diagnostic
approaches have garnered significant attention. Tradi-
tional Chinese medicine (TCM) diagnostics, which
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include inspection, auscultation and olfaction, inquiry,
and palpation, offer a non-invasive alternative that avoids
the risks associated with invasive procedures. Moreover,
diagnostic methods based on the objectification of TCM
four diagnostic techniques have demonstrated a certain
degree of specificity [ ?. With the rapid development of
artificial intelligence in the medical field, research on
CHD risk assessment using deep learning has also ad-
vanced significantly . Feature-based imaging can be a
reference for combined CHD prediction and may pro-
vide an alternative for CHD screening in clinical prac-
tice .

In recent years, machine learning and deep learning
have become focal points in CHD research. These tech-
niques enable the prediction and evaluation of CHD oc-
currence and progression through the selection and com-
bined analysis of relevant indicators "*l, Machine learn-
ing-based assessment methods can swiftly predict the on-
set of CHD in patients, facilitating early screening and re-
ducing the discomfort associated with invasive diagnos-
tics. TCM has notable advantages in diagnosing non-in-
vasive CHD. Practitioners can assess and treat heart-re-
lated issues based on syndrome differentiation by utiliz-
ing TCM diagnostic methods such as inspection, auscul-
tation and olfaction, inquiry, and palpation, collectively
known as “four diagnostic methods”. However, due to the
inherent subjectivity of TCM diagnostics, variations in di-
agnosis may occur between practitioners. Recent re-
search into the objectification of TCM diagnostic infor-
mation has shown that objectifying these methods bene-
fits CHD diagnosis ['”. TCM diagnostic approaches, in-
cluding facial diagnosis ", tongue diagnosis !'”, and
pulse diagnosis ', offer specific advantages in diagnos-
ing CHD. TCM emphasizes a “combined four-diagnostic
approach”, which integrates various diagnostic tech-
niques to provide a comprehensive judgment of disease,
aligning in specific ways with modern deep learning’s
multi-modal data integration. Integrating data from mul-
tiple sources enable a comprehensive evaluation of out-
puts. In medical multi-modal integration, data from dif-
ferent sources can complement each other, enhancing
the model’s predictive accuracy and robustness ['").

Therefore, this study aims to develop a non-invasive
diagnostic model by combining tongue, facial, and pulse
diagnosis data from TCM with laboratory tests from west-
ern medicine, creating an integrated TCM-western mod-
el. Through the integration of TCM and western medical
data, this research aspires to develop a non-invasive diag-
nostic tool for assessing coronary artery obstruction, ulti-
mately assisting in clinical decision-making for CHD.

2 Data and methods
2.1 Data collection

The cases were sourced from inpatients in the Cardiology
Department of Shanghai Baoshan Hospital of Integrated
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Traditional Chinese and Western Medicine between Oc-
tober 3, 2023 to March 15, 2024. This study has been re-
viewed and approved by the Ethics Committee of
Shuguang Hospital Affiliated to Shanghai University of
Traditional Chinese Medicine (2020-916-125), with clini-
cal registration number ChiCTR2100043546. It complies
with the Helsinki Declaration of the World Medical Asso-
ciation Guidelines. All participants in this study provided
written informed consent prior to their inclusion. The ob-
jectives, procedures, potential risks, and anticipated ben-
efits of the study were comprehensively communicated to
each participant. The research was conducted in full
compliance with the principles of the Declaration of
Helsinki, ensuring that the rights, safety, and welfare of all
participants were safeguarded throughout the study.

2.2 Diagnostic criteria

The diagnostic criteria for acute and chronic CHD were
based on the 9th edition of Internal Medicine, published by
the People’s Medical Publishing House . The diagnosis
includes patients with coronary heart disease, specifical-
ly classified as follows. (i) Chronic CHD: including stable
angina pectoris (SAP), myocardial ischemia, and post-
myocardial infarction conditions. (ii) Acute coronary syn-
drome (ACS): including acute myocardial infarction
(AMI) and unstable angina pectoris (UAP). Patients were
included if they met the diagnostic criteria for CHD, ex-
hibited typical symptoms of chest pain (such as paroxys-
mal angina or compressive pain), had diminished heart
sounds upon auscultation, showed abnormal S-T seg-
ment changes on electrocardiograms, and had coronary
angiography results showing at least one vessel stenosis,
as outlined in the 2019 ESC Guidelines for the Diagnosis
and Management of Chronic Coronary Syndromes "),

2.3 Inclusion criteria

Patients enrolled in this study were required to meet the
diagnostic criteria for CHD, be aged between 20 and 85
years, and voluntarily sign an informed consent form af-
ter being fully informed of the study’s objectives, proce-
dures, potential risks, and benefits. In addition, partici-
pants were required to provide complete and reliable
clinical data and possess the physical and mental capaci-
ty to comply with the study requirements. The inclusion
criteria were designed to ensure the standardization of
study participants and the reliability of the research find-
ings, while adhering to ethical principles.

2.4 Exclusion criteria

Patients were excluded if they did not meet the inclusion
criteria for CHD, were younger than 20 years or older
than 85 years, had malignant tumors, were pregnant or
breastfeeding, or if their data were incomplete. Patients



ZHANG Jiyu, et al. / Digital Chinese Medicine 7 (2024) 419-428

4

were also excluded if they were in a “critical condition,”
defined as those requiring mechanical ventilation, having
hemodynamic instability, or experiencing life-threatening
organ failure. Furthermore, patients with other severe
cardiovascular diseases, such as advanced heart failure
(New York Heart Association class III - IV) or severe ar-
rhythmias, as well as those with significant hepatic or re-
nal dysfunction, such as decompensated liver cirrhosis or
end-stage renal disease requiring dialysis, were excluded.

2.5 Measurements and indicator analysis

The patients were classified into two groups according to
whether the degree of coronary artery occlusion was
greater than 75%. At the same time, the clinical indica-
tors of patients were differentiated according to the re-
sults of two categories.

In the context of CHD diagnosis, facial feature images
of patients can serve as one of the diagnostic referen-
ces ***l TCM pulse indicators are also associated with
cardiovascular and cerebrovascular diseases °. The
study utilized the TFDA-1 digital tongue and facial diag-
nosis instrument, developed by the Shanghai University
of Traditional Chinese Medicine, to collect tongue and fa-
cial images of the patients. The images were analyzed us-
ing the university’s proprietary TCM Tongue Diagnosis
Analysis System (TDAS) V2.0.

Tongue body indicators in the evaluation include
colour space values from different colour domains. Tex-
ture indicators include contrast (CON), angular second
moment (ASM), entropy (ENT), and mean (MEAN). Tex-
ture indicators reflect the fineness and depth of texture in
the image. An enormous ASM value corresponds to small-
er CON, ENT, and MEAN values, indicating finer texture.
PerAll and PerPart represent tongue coating indices,
where PerAll is the ratio of tongue coating area to the to-
tal tongue area, and PerPart is the ratio of tongue coating
area to the area without coating. “IB” represents the
tongue body, and “TC” represents the tongue coating.

In the evaluation indicators of the pulse wave, h1 rep-
resents the compliance of large arteries and the left ven-
tricular ejection function, while h3 indicates arterial elas-
ticity and peripheral resistance, h4 pertains to peripheral
vascular resistance and the aortic valve function, and h5
is associated with extensive artery compliance and aortic
valve function. The t1 aligns with the left ventricular rapid
ejection phase, t4 corresponds to the left ventricular sys-
tolic period, and t5 relates to the left ventricular diastolic
period. t denotes the cardiac cycle of the left ventricle.
The h3/h1 ratio provides insights into peripheral resis-
tance and vascular wall compliance, while the h1/t1 ratio
characterizes the strength of cardiovascular function. The
h4/h1 ratio is indicative of peripheral vascular resistance.
In the w1/t ratio, wl measures the primary wave’s upper
one-third, associated with the duration of elevated aortic
pressure. Similarly, in the w2/t ratio, w2 measures the up-
per one-fifth of the primary wave, reflecting the duration
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of elevated aortic pressure. The t1/t ratio evaluates the
strength of cardiac ejection function, and the t4/t5 ratio
captures heart rate variability.

The analysis system integrates four core categories of
indicators. The first is tongue indicators, which include
texture parameters (TB_Con, TB_ASM, TB_ENT, and
TB_MEAN) and multidimensional color space data. The
second is tongue coating indicators, encompassing coat-
ing coverage ratios (perPart and perAll), texture features
(TC_Con, TC_ASM, TC_ENT, and TC_MEAN), and their
color information. The third category is facial indicators,
primarily collecting color space parameters from the face
and lips. All color data is based on four standard color
spaces: HSV [hue (H), saturation (S), value (V)], RGB [red
(R), green (G), blue (B)], Lab [lightness (L), green-red
chromaticity (a), blue-yellow chromaticity (b)], and YCr-
Cb [luminance (Y), red chrominance (Cr), blue chromi-
nance (Cb)]. The final category is pulse diagnosis indica-
tors, which include pulse strength (h1, h3, h4, h5), tem-
poral characteristics (t, t1, t4, t5), and several crucial ratio
parameters (h3/h1, h1/t1, h4/hl, t1/t, t4/t5, wl/t, w2/t).

2.6 Indicator importance screening

CHD risk factors, including total cholesterol, triglyc-
erides, high-density lipoprotein, low-density lipoprotein,
glycated hemoglobin, creatine kinase-myocardial band
(CK-MB), myoglobin, history of diabetes, and history of
hypertension, were integrated with thromboelastography
indicators (clotting time, clot formation rate, clot aggre-
gation rate, clot lysis rate, percentage of clot lysis, coagu-
lation index, platelet AA inhibition rate, and platelet ADP
inhibition rate), hemorheological indicators [whole blood
reduction at 200 s, 30 s}, 557, and 1 s*; plasma viscosi-
ty; whole blood high-shear relative index; whole blood
low-shear relative index; erythrocyte aggregation index;
and Casson viscosity], and coagulation indicators [pro-
thrombin time, international normalized ratio, partial
thromboplastin time, fibrinogen concentration, throm-
bin time, D-dimer assay, fibrin (ogen) degradation prod-
ucts, and antithrombin III activity assay] for model selec-
tion. The optimal model for predicting individual clinical
indicators was used as the basis for feature importance
selection, employing the Permutation Importance
method. This method’s principle involves randomly shuf-
fling each feature’s values and observing the degree of
decline in model performance metrics (e.g., accuracy and
F1 score). Features causing greater declines are deemed
to have higher contributions to the model. To mitigate
overfitting due to excessive data dimensionality, a thresh-
old of 0.5 was applied for feature importance scores, re-
taining only features with importance scores above 0.5.
This selection method was independently applied to
tongue, facial, and pulse diagnoses. For clinical data, the
top 15 features ranked by importance were included in
the selection process.
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2.7 Indicator correlation screening

As identified by the deep learning model, TCM indicators
with an importance score greater than 0.5 were further
analyzed for their correlation with CHD risk factors and
laboratory indicators. TCM indicators with a correlation
coefficient less than 0.3 were filtered out.

2.8 Risk assessment model

The machine learning framework was developed using
the Python (V3.12.3). Six commonly used deep learning
multi-classification models were employed for model
prediction and evaluation, including logistic regression
(LR), decision tree (DT), support vector machine (SVM),
k-nearest neighbors (KNN), random forest (RF), and gra-
dient boosting (GB).

A total of 30 parameter combinations were tested, in-
cluding baseline factors alone, as well as combinations of
baseline factors with tongue image data, pulse data, fa-
cial data, and the integration of tongue, facial, and pulse
data. The optimal model was selected based on these
combinations. To ensure robustness, the mean result
from ten-fold cross-validation was used as the final mod-
el performance metric, minimizing the impact of data se-
lection variability.

2.9 Statistical analysis

The data were analyzed using SPSS 27.0. Measurement
data conforming to a normal distribution were expressed
as the mean #* standard deviation (SD); while non-nor-
mally distributed data were presented as the median and
interquartile range median (Q,;, Q;). For inter-group

Table 1 Baseline data of included CHD patients
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comparisons, an independent samples f test was em-
ployed for data meeting the assumptions of normal distri-
bution and homogeneity of variance, whereas the Mann-
Whitney U test was used for data not satisfying these as-
sumptions. P < 0.05 was considered statistically signifi-
cant.

3 Results
3.1 Comparison of clinical data

A total of 288 CHD patients were included, comprising
140 males and 148 females. As shown in Table 1, when
coronary artery occlusion greater than 75% was used as
binary data in patients with CHD, statistical statistical dif-
ferences were observed in height, clotting time, regula-
tion index, total cholesterol, and high-density lipoprotein
(P <0.05).

3.2 Indicator parameter screening results

3.2.1 Indicator importance screening (i) Baseline indi-
cator importance. The top 15 indicators contributing to
the model were selected as the basis for model construc-
tion. These included BMI, myoglobin, family history,
drinking history, antithrombin III activity, triglycerides,
CK-MB, fibrin (ogen) degradation products, clot aggrega-
tion rate (deg), clotting time, fibrinogen, D-dimer, whole
blood high shear relative index, clot lysis rate, and clot
dissolution percentage (Figure 1A).

(ii) Importance of lip colour indicators. These indica-
tors include H_Lips, a_Lips, B_Lips, and S_Lips values
(Figure 1B).

(iii) Importance of facial colour indicators. These

. . Age Height Bo.d YMass  presence of Presence of Currcfnt Clotting time Clot.
Classification (year) (m) index hvpertension  diabetes smoking (min) formation
y (kg/m?) YP status rate (min)
Vascular 68.00 1.63 25.24 116 57 56 5.00 1.75
obstruction < 75% (62.00, (1.58,1.70) (22.73, (4.38,5.80) (1.48,2.12)
(n=172) 75.00) 27.23)
Vascular 70.00 1.65 24.46 76 48 56 4.95 1.70
obstruction = 75% (61.00, (1.60, 1.72) (22.84, (4.00,5.80)  (1.30,2.12)
(n=116) 75.25) 26.54)
t/Uvalue 9339 8533.5 10621 10621 10168 9154 8408 5541
Pvalue 0.358 2 0.0371 0.3525 0.3525 0.7351 0.1552 0.007 4 0.5429
o Clot ——  Clot. Clotlysis ¢ oulation  PIatelet 1 rinition  Platelet 4 b ibition
Classification aggregation dissolution percentage index aggregation = _ (%) aggregation o (%)
rate (%) rate (%) (%) (mm) ° (mm) °
Vascular 66.30 0.00 0.00 0.61 +2.55 14.70 90.60 33.90 51.95+24.21
obstruction < 75% (61.80, (0.00,0.33)  (0.00, 0.00) (10.30, (69.70, (23.93,
(n=172) 69.53) 23.40) 98.21) 45.25)
Vascular 66.60 0.00 0.00 1.21+2.58 15.00 92.60 32.10 53.20 £+ 23.96
obstruction = 75% (61.80, (0.00,0.33)  (0.00,0.10) (10.10, (72.90, (23.57,
(n=116) 71.35) 24.80) 98.90) 46.33)
t/Uvalue 4915 10 399 4918.5 -1.67 2810 2667.5 2302 -0.3
Pvalue 0.3953 0.5010 0.270 4 0.0957 0.858 5 0.7185 0.9739 0.764 2
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Whole blood

Whole

. . Whole blood Whole blood Plasma High shear Lowshear Erythrocyte
. . viscosityat . . . . blood . . . . :
Classification e} viscosity at  viscosityat . . viscosity relative relative aggregation
200 30s7! (mPas) 5s7! (mPas) viscosity at (mPas) index index index
(mPas) 1s™! (mPas)
Vascular 4.19+0.89 5.18+1.05 7.77 15.22 1.55 2.76 10.20+2.15 3.79+0.76
obstruction < 75% (6.80, 8.70) (12.97, (1.44, 1.65) (2.38,
(n=172) 17.89) 3.07)
Vascular 4.30+0.87 5.30%1.09 8.08 15.09 1.59 2.81 10.34+2.42 3.75+0.68
obstruction = 75% (6.66,9.19) (13.01, (1.45, 1.65) (2.50,
(n=116) 18.74) 3.08)
t/Uvalue -0.61 -0.57 1529 1566.5 1565.5 1509.5 -0.34 0.28
Pvalue 0.544 9 0.5716 0.7000 0.862 8 0.8579 0.6200 0.736 4 0.779 8
Activated Fibrin (ogen)
Casson . International partial - D-Dimer 8€N) Antithrombin
. . . . Prothrombin . Fibrinogen degradation
Classification viscosity . normalized thrombopla assay II1
time . . (g/L) products .
(mPas) ratio stin (pg/mL) (ug/mL) activity (%)
time (s) Hg
Vascular 3.54 11.40 0.99 25.30 2.96 0.28 2.50 90.35+11.84
obstruction < 75% (3.04, 4.03) (10.90, (0.94,1.04) (21.90, (2.57,3.41) (0.18, (1.85, 2.50)
(n=172) 11.90) 29.20) 0.55)
Vascular 3.28 11.20 0.97 26.20 3.12 0.29 2.50 90.97 £ 12.63
obstruction = 75%  (3.05, 4.01) (10.80, (0.94,1.04)  (22.50, (2.63, 3.62) (0.20,  (1.70,2.50)
(n=116) 11.90) 28.10) 0.47)
t/Uvalue 1653 10287.5 10273 9580.5 8950 9618.5 10 157 -0.42
Pvalue 0.7553 0.564 2 0.578 3 0.713 8 0.1726 0.7555 0.69 0.674 6
. . . . Creatine
. . Total Triglycerides Hl gh-dens.l ty L.o w-denS{ty Glycateq Cr.e atine kinase Myoglobin
Classification cholesterol (mmol/L) lipoprotein lipoprotein hemoglobin  kinase isoen e (ng/mL)
(mmol/L) (mmol/L) (mmol/L) (%) (u/L) U /L)) g
Vascular 4.21 1.32 1.09 2.51 6.15 77.00 1.12 39.15
obstruction<75%  (3.41,5.10) (0.94,1.84) (0.93,1.28) (1.88,3.12) (5.70,7.00)  (56.00,  (0.70,1.62) (30.72,
(n=172) 98.00) 53.83)
Vascular 3.80 1.44 0.96 2.19 6.30 80.00 1.18 43.39
obstruction = 75%  (3.15,4.53)  (1.05,1.94) (0.85,1.13) (1.82,2.84) (5.80, 7.30) (58.75, (0.77,1.73) (32.81,
(n=116) 103.00) 57.86)
t/Uvalue 9788 7735.5 10 508 9400 7299.5 9252.5 9148 8886.5
Pvalue 0.020 1 0.2941 0.000 5 0.0917 0.262 5 0.296 9 0.2818 0.116 2

indicators include B_Face, H_Face, S_Face, L_Face,
a_Face, b_Face, and Cb_face values (Figure 1C).

(iv) Importance of tongue indicators. These include
the TB_H, TB_S, TB_Lb, TB_B, and TB_Cb values, as well
as tongue texture indicators perPart Tougue and
perAll_Tougue (Figure 1D).

(v) Importance of pulse indicators. These selected in-
dicators include pulse wave time indicators (t5, t4, and
t1), pulse wave amplitude indicators (h4, h3, h1, and h5),
and pulse wave ratio indicators (t4/t5, h1/tl, h3/h1, and
h4/h1) (Figure 1E).

3.2.2 Indicator correlation screening (i) Correlation
analysis of facial colour indicators and risk factors. As
shown in Figure 2A, the B_Face, H_Face, S_Face, L_Face,
b_Face, Cb_Face, and Cr_Face values were found to have
significant correlations with various hemodynamic, coag-
ulation, and metabolic parameters.

(ii) Correlation analysis of tongue body indicators and
risk factors. As shown in Figure 2B, the perAll, perPart, b,
and Cb indicators showed significant correlations with
various coagulation and blood parameters.

(iii) Correlation analysis of pulse indicators and risk
factors. Figure 2C demonstrates that the pulse indicators
(h3/h1, tl1, t4, t5, h1/tl, h4/hl, t1/t, t4/t5, and h5) show
significant correlations with various hemorheological, co-
agulation, and metabolic parameters.

(iv) Correlation analysis of lip colour indicators and
risk factors. Figure 2D illustrates that the L_Lips, Y_Lips,
and G_Lips values show significant correlations with
hemorheological parameters, fibrin degradation prod-
ucts, age, and hypertension.

3.3 Risk assessment model results

Coronary heart disease risk factors and the top 15 labora-
tory indicators ranked by importance were incorporated
into the basic model (BMI, myoglobin, family history, his-
tory of alcohol consumption, antithrombin III activity,
triglycerides, creatine kinase-MB, fibrinogen degradation
products, clot aggregation rate deg, clotting time, fibrino-
gen, D-dimer assay, whole blood high-shear relative
index, clot lysis rate, and percentage of clot lysis).
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Figure 1 Parameter importance screening results of laboratory and TCM diagnostic indicators

A, the top 15 CHD clinical risk factors and laboratory indicators. B,

importance of lips indicators. C, importance of facial indicators.

D, importance of tongue indicators. E, importance of pulse indicators.
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Figure 2 Correlation analysis between TCM diagnostic indicators, laboratory indicators, and risk factors

A, correlation between facial complexion indicators, laboratory indicators, and risk factors (absolute value greater than 0.3). B, correla-
tion between tongue image indicators, laboratory indicators, and risk factors (absolute value greater than 0.3). C, correlation between
pulse indicators, laboratory indicators, and risk factors (absolute value greater than 0.3). D, correlation between lip indicators, labora-

tory indicators, and risk factors (absolute value greater than 0.3).
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Additionally, based on the importance of TCM indicators
and their correlations, tongue indicators (perAll, perPart,
TB-Lb, and TB-Cb) and pulse indicators (t5, t1, h4, h5,
t4/t5, h1/tl1, h3/hl, t1/t, and h4/h1) were included in the
model. Facial colour indicators (Facial B, H, S, L, b, Cb,
Cr, and Lips L, G, Y) were also integrated into the selec-
tion parameters.

3.3.1 Modelling based on clinical risk Six commonly
used deep learning multi-classification models, includ-
ing LR, DT, RF, GB, SVM, and KNN, were employed for
model prediction and evaluation. Among them, the KNN
model performed the best, while the SVM model exhibit-
ed comparable performance (Table 2).

Table 2 Performance comparison of different deep
learning models

Model Accuracy Precision Recall
LR 0.545 0.588 0.545
DT 0.545 0.588 0.545
RF 0.636 0.636 0.636
GB 0.455 0.539 0.455
SVM 0.727 0.529 0.612
KNN 0.727 0.702 0.708

3.3.2 Modeling based on clinical risk and tongue indica-
tors Asshown in Table 3, the predictive model incorpo-
rating tongue indicators achieved the best performance
with the KNN model, followed by the SVM model.

Table 3 Performance comparison of tongue image indi-
cator integration across models

Model Accuracy Precision Recall
LR 0.545 0.588 0.545
DT 0.636 0.509 0.636
RF 0.545 0.485 0.545
GB 0.364 0.482 0.364
SVM 0.727 0.529 0.727
KNN 0.751 0.762 0.734

3.3.3 Modeling based on clinical risk and facial indica-
tors As shown in Table 4, the KNN model achieved the
highest performance, followed by the SVM model.

3.3.4 Modeling based on clinical risk and pulse indica-
tors Asshown in Table 5, the predictive model incorpo-
rating pulse indicators performed best with the SVM
model, followed by the KNN model.

3.3.5 Modeling based on clinical risk, tongue, facial, and
pulse indicators As shown in Table 6, the predictive
model integrating tongue, facial, and pulse indicators
achieved the best performance with the KNN model, fol-
lowed by the SVM model. As illustrated in Figure 3, we
conducted ten-fold cross-validation on the models to
minimize data fluctuations during model training, with
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the mean of ten-fold cross-validation results as the final
output.

Table 4 Performance comparison of facial indicator in-
tegration across models

Model Accuracy Precision Recall
LR 0.545 0.588 0.545
DT 0.545 0.588 0.545
RF 0.455 0.455 0.455
GB 0.455 0.539 0.455
SVM 0.727 0.529 0.727
KNN 0.812 0.796 0.762

Table 5 Performance comparison of pulse indicator in-
tegration across models

Model Accuracy Precision Recall
LR 0.636 0.715 0.636
DT 0.455 0.539 0.455
RF 0.636 0.715 0.636
GB 0.455 0.539 0.455
SVM 0.818 0.855 0.818
KNN 0.771 0.778 0.758

Table 6 Performance comparison of tongue, facial, and
pulse indicator integration across models

Model Accuracy Precision Recall
LR 0.545 0.673 0.545
DT 0.545 0.485 0.545
RF 0.727 0.760 0.727
GB 0.455 0.539 0.455
SVM 0.818 0.855 0.818
KNN 0.837 0.814 0.809
B
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Figure 3 Ten-fold cross-validation of the KNN model us-
ing tongue, facial, pulse, and clinical risk data

A - C, ten-fold cross-validation of accuracy, precision, and re-
call, respectively.
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4 Discussion

In recent years, there has been a growing body of re-
search focused on the characteristics and information-
based application of TCM diagnosis for CHD %%, Specif-
ically, TCM diagnostic methods, such as facial, pulse, and
tongue diagnosis, have been shown to provide additional
diagnostic insights. By integrating these methods with
western medicine laboratory tests and risk factor analysis,
a more comprehensive and accurate evaluation system is
established. This approach has enhanced diagnostic ac-
curacy and opened new avenues for non-invasive diag-
nosis of CHD. From a diagnostic perspective the combi-
nation of these TCM diagnostic methods makes risk as-
sessment for CHD more comprehensive and holistic,
overcoming the limitations of solely relying on western
medical diagnostic methods. Recent study have also ex-
plored this integration ©'l. Therefore, this study incorpo-
rates TCM indicators such as tongue, pulse, face, and lip
colour data, aiming to provide a multidimensional, non-
invasive diagnostic model that leverages as much data as
possible.

4.1 Analysis of the results

In this study, the machine learning model based on the
KNN model algorithm performed the best, with contribu-
tions from facial diagnosis, pulse, and tongue diagnosis
leading to improvements of 0.085, 0.044, and 0.024 in pre-
diction accuracy, respectively. Although not all models
benefited from the inclusion of tongue, face, and pulse
indicators, integrating TCM data into the predictive mod-
el significantly enhanced prediction accuracy compared
with only using clinical data.

We also analyzed why the KNN model outperformed
the other six models. KNN is an instance-based, non-
parametric model that classifies samples based on the
distance between the test sample and the training sam-
ples. When the data has clear class boundaries and sam-
ples of the same class form clusters in the feature space,
KNN excels in classification tasks. In this study, the se-
lected tongue and facial data were represented by colour
space parameters of images, while pulse diagnosis data
were derived from the time and pressure parameters of
pulse waves. Laboratory indicators primarily focused on
thromboelastography, blood rheology -characteristics,
and coagulation parameters, all of which exhibited dis-
tinct spatial categorical features. Consequently, KNN per-
formed well with these data sets characterized by spatial
classification indicators. However, we acknowledge the
limitations of these indicators, and as such, additional di-
mensional features will be incorporated into future stud-
ies to improve model predictions.
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4.2 Clinical application and practice

Based on the diagnostic model developed in this study,
which integrates multidimensional data from TCM diag-
nostic methods such as tongue diagnosis, facial diagno-
sis, pulse diagnosis, and laboratory test indicators, this
approach demonstrates significant advantages and po-
tential in practical clinical applications. The non-inva-
sive diagnostic model, constructed through the
integration of TCM and western medical data, not only
improves the accuracy of CHD risk assessment but also
provides a novel technological tool for rapid screening
and early warning.

In specific clinical practice, for general health check-
up populations and high-risk groups suspected of CHD,
the non-invasive diagnostic model can deliver fast and
precise risk assessments, assisting doctors in promptly
identifying potential high-risk patients. For individuals
who are unable to undergo invasive examinations, such
as coronary angiography, due to physical conditions or
psychological factors, this model, combining TCM indi-
cators with western medicine laboratory data, serves as
an effective alternative. It supports doctors in performing
non-invasive diagnoses and provides reliable reference
data for subsequent treatment planning.

4.3 Innovation and deficiency

Artificial intelligence has introduced new opportunities
for integrating TCM diagnostic methods into modern
medicine, providing innovative technical approaches for
the non-invasive diagnosis of CHD. This study demon-
strates that combining non-invasive diagnostic data from
both Chinese and western medicine significantly en-
hances the accuracy of coronary artery occlusion risk as-
sessment, offering broad potential for clinical applica-
tion. However, several limitations should be acknowl-
edged. First, the sample size in this study was relatively
small, and a larger sample would yield more robust data
for disease prediction. Second, external data validation
would offer a more direct evaluation of the model’s pre-
dictive capabilities in real-world settings. Last, future re-
search will explore the incorporation of heatmaps for vi-
sualizing model learning gradients, which could facilitate
a more intuitive understanding of data and provide deep-
er insights into machine learning.

5 Conclusion

In evaluating the severity of coronary artery occlusion risk
in patients with CHD, the KNN model integrating clinical
data with TCM indicators, such as tongue, facial, and
pulse characteristics, demonstrates significant advan-
tages. The research findings suggest that this comprehen-
sive model enhances the accuracy of non-invasive
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evaluation for coronary artery occlusion, providing a
valuable reference for the non-invasive diagnosis of coro-
nary artery disease.
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