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Obijective: This study investigates the relationship between serum yKlotho levels and coronary heart disease (CHD) risk and develops
a machine learning model for CHD prediction.

Methods: A total of 1435 subjects were enrolled for analysis and randomized as training (n = 969, 70%) or validation (n = 466, 30%)
group. The training group was used for univariate regression. Thereafter, least absolute shrinkage and selection operator (LASSO)
regression was conducted for selecting independent risk factors for CHD. Using independent risk factors for CHD, nine machine
learning models were developed, the best model was selected by evaluating them, and the model was validated by decision curve
analysis (DCA).

Results: The factors independently associated with CHD risk were age, the serum level of yKlotho, LDL-C, sex, diabetes,
hypertension, and smoking status. We used these risk factors to construct nine popular machine-learning models. Among all
models, the RF model was better appropriate; thus, we visualized and validated this model, which showed promising clinical
application.

Conclusion: Serum yKlotho levels are novel biomarker which positively related to CHD risk. Additionally, the RF model can better
predict the risk of CHD, and RF model is better appropriate to predicting the CHD risk in clinics.
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Introduction
Coronary heart disease (CHD) is the main factor associated with morbidity and mortality globally." There are various risk
factors related to CHD, including clinical and biological risk factors." The known CAD-related risk factors include
diabetes, hypertension, renal dysfunction, dyslipidemia, and a history of smoking cigarettes.> Coronary atherosclerosis
and calcium accumulation into coronary artery to different degrees are some of biological risk factors for CHD;* the
clinical and biological causes of CAD are not limited to those described above. There are various unknown risk factors
for CHD. A recent study’ reported that: serum Klotho level is a risk factor for CHD. According to a population-based
study, serum klotho level is negatively associated with risk of CHD.® Understanding the interplay between these clinical
as well as biological risk and novel biomarkers like yKlotho is crucial for comprehensive risk assessment of CHD.
Encoded by Klotho gene, Klotho protein is present in parathyroid glands, brain, kidney, skeletal muscle, reproductive
organs, vasculature, reproductive glands, and urinary bladder.”* Klotho exists in membranous and soluble forms. The
membranous klotho targets phosphatonin fibroblast growth factor (FGF)-23. Moreover, secreted klotho (70 kDa) can be
produced through alternative RNA splicing, which can release the whole cleaved extracellular domain.” Its soluble type
is distributed in blood, urine, and cerebrospinal fluid due to transmembrane-type shedding via different cellular surface

metalloproteases.
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The klotho family includes aKlotho, pKlotho, and yKlotho, and the serum levels of aKlotho'® and p-Klotho'" are
correlated with the risk of CHD. However, no study has revealed the association of serum yKlotho level with CHD risk
or the specific function of yKlotho.

Machine learning (ML) algorithms are particularly advantageous for analyzing complex datasets, as they can identify
nonlinear relationships and interactions among multiple variables, and it can provide researchers with powerful tools to
accurately predict the risk of diseases. Thus, it can be used for various medical applications, like diagnosis, treatment, medical
image explanation, and outcome estimation.'*'* It makes them ideal for predicting multifactorial diseases like CHD, but no
study has developed an ML-based prediction model to predict the relation of serum yKlotho level with CHD risk.

Thus, the present work focused on investigating the correlation of the serum yKlotho level with CHD risk and
develop an ML-based prediction model for predicting CHD risk.

Materials and Methods
Study Design and Subjects

There were altogether 1435 cases included from the People’s Hospital of Xinjiang Uyghur Autonomous Region between
January 2013 and December 2018. All patients provided written informed consent for participation. Among all
participants, 921 were CHD patients and 514 were healthy individuals, according to our preset eligibility criteria
(Figure 1).

All patients received coronary angiography before or during hospitalization. CAD patients whose coronary angio-
graphy suggested >50% luminal stenosis in at least one coronary artery, who previously underwent coronary artery
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bypass grafting or percutaneous coronary intervention, and whose angina symptoms improved following rest or
nitroglycerin administration were enrolled. CHD cases meeting criteria below were eliminated: unstable hemodynamics,
acute decompensated HF, liver/kidney/autoimmune/hematological disorders, noncardiac disorders with life expectancy
below one year, cachexia, and unwillingness to take part in the present work.

Healthy controls included in the study had the following characteristics: those having <50% coronary artery luminal
stenosis validated through coronary angiography performed by at least two senior cardiologists, with no additional
diseases, or with angina on exertions.

Blood Sample Collection and Laboratory Tests

Blood was sampled in every CAD patient and healthy control one day post-admission and to examine blood parameters
like white blood cell (WBC) count and platelet (PLT) count via electrical impedance analysis (EIA), hemoglobin
concentration, chemical colorimetry, total cholesterol (TC), triglyceride (TG), creatinine (CR), blood urea nitrogen
(BUN), and high-density and low-density lipoprotein-cholesterol (HDL-C and LDL-C, respectively) using
a chemiluminescence method at the laboratory of the People’s Hospital of Xinjiang Uyghur Autonomous Region.

Measurement of the Plasma Level of yKlotho
For separating the plasma and blood cells, the blood samples underwent 10 min of centrifugation at 1500 rpm with
anticoagulant ethylenediaminetetraacetic acid (EDTA) via an Eppendorf high-speed centrifuge. Additionally, blood
plasma was maintained under —80°C before testing serum yKlotho level.

The serum yKlotho content was analyzed with a yKlotho ELISA kit (mlbio, Shanghai China); the examiners were
blinded to clinical data of participants. For monitoring genotyping quality, 10% of the samples were duplicated.

Definitions of Cardiovascular Risk Factors

Body mass index (BMI) can be computed through dividing body weight (kg) by body height square (m). Smokers were
people who smoked for at least six months or within the last six months. Drinkers were people consuming >100
g alcoholic beverages weekly during the previous month. The definition of hypertension was made in line with the 2011
New NICE guidelines for hypertension,'* which include systolic blood pressure (SBP) >140 mmHg, diastolic blood
pressure (DBP) >90 mmHg, or the antihypertensive medications over the last two weeks. The definition of diabetes
mellitus (DM) was made as a glucose level of 11.1 mmol/L (200 mg/dL) 2 h following oral glucose use (75 g), a fasting
plasma glucose level >7.0 mmol/L (126 mg/dL), antidiabetic medications, or a history of diabetes.

Statistical Analysis

Normally distributed continuous data were represented by mean + SD and compared by Student’s unpaired #-tests,
whereas non-normally-distributed ones were represented by medians with interquartile ranges and analyzed by Mann—
Whitney U-tests. Categorical data were presented as numbers with proportions and examined by Chi-square tests.

Patients were randomized into the training (n = 969, 70%) or validation (n = 466, 30%) group. Patients in training
group were further classified in case (n = 617) or control (n = 352) subgroup.

In the training group, we performed univariate analysis and then selected variables satisfying P < 0.2 for LASSO
regression analysis. Feature selection was conducted for dimensionality reduction,'” with those satisfying nonzero
coefficients upon LASSO regression being selected'® and regarded as factors independently predicting CHD risk.
These variables were used in nine popular machine learning models (support vector machine (SVM), random forest
(RF), naive Bayes algorithm (NB), K-nearest neighbor algorithm (KNN), linear discriminant analysis algorithm (LDA),
generalized linear model (GLM), adaptive boosting algorithm (ADA), Recursive partitioning and regression trees
(RPART), and gradient booster (GBM)). The best model among these was selected and validated via assessment of
the model clinical utility through decision curve analysis (DCA). DCA determines net benefits acquired by subtracting
the true-positive patient proportion from the false-positive patient proportion and weighted by relative risk of quitting
interventions in comparison with negative results of needless interventions, under different threshold probabilities."’

Results were examined using SPSS 27.0, R 4.3.1, and Anaconda 1.10.0 software.
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Results

Altogether, 1435 subjects were recruited into the present work; 921 (64.2%) participants were in the case group, 514
(35.8%) participants were in the control group, 819 (57.1%) participants were male, and 616 (42.9%) participants were
female. We randomly divided all participants into a training group with 969 (68%) participants and a validation group
with 466 (32%) participants. We compared the basic patient characteristics between training and validation groups and

found that all variables were not significantly different between them (Table 1).

Univariate regression was also conducted between case and control subgroups in training group. Age, sex, smoking
status, alcohol consumption status, hypertension, diabetes, red blood cell count, total bilirubin level, LDL-C level, and

serum levels of yKlotho were significantly different (P < 0.05) (Table 2).

Table | Comparison of Basic Patient Features Between Training and Validation Groups

Variables Training Group (n = 969) | Validation Group (n = 466) | Zix* P
Age, years 52(43,61.5) 54(45,64) —1.647 | 0.099
Sex Male, n(%) 559(57.7) 260(55.8) 0461 | 0.497
Female, n(%) 410(42.3) 206(44.2)
BMI, kg/m? 25.82(23.24,28.73) 25.96(23.58,28.7) -0.474 | 0.636
Smoking 236(24.4) 100(21.5) 1.471 | 0.225
Alcohol 122(12.6) 57(12.2) 0.037 | 0.847
Hypertension 498(51.4) 231(49.6) 0418 | 0.518
Diabetes 219(22.6) 118(25.3) 1.297 | 0.255
WBC,10°/L 6.69(5.7,7.62) 6.54(5.55,7.76) -1.108 | 0.268
RBC, 10'%/L 4.89(4.49,5.32) 4.83(4.49,5.26) -0.701 | 0.483
PLT, 10°/L 232(201.5,257) 229.5(192,260) -0.521 | 0.602
Hemoglobin, g/L 139(128,148) 139(129,148) -0.257 | 0.797
Serum sodium, mmol/L 141.5(139.46,143.34) 141.51(139.76,143.35) -0.712 | 0.476
Chlorine, mmol/L 106.03(103.85,108.02) 106(103.76,107.91) -0.241 | 0.809
Serum potassium, mmol/L 3.98(3.7,4.25) 3.99(3.75,4.31) —1.449 | 0.147
Serum calcium, mmol/L 2.41(2.3,2.52) 2.4(2.3,2.52) -0.374 | 0.709
AST, pp/L 28.17(22.09,43.67) 28.54(22.26,44.21) -0.421 | 0.674
ALT, pu/L 26.42(18.49,44.54) 25.07(17.77,38.28) -1.759 | 0.079
BUN, mmol/L 6.22(5.13,7.38) 6.08(4.98,7.33) -0.812 | 0417
CR, mmol/L 72.56(61.39,87.2) 70.88(60.44,86.68) -1.069 | 0.285
Albumin, g/L 40.91(38.68,43.53) 40.96(38.78,43.62) -0.907 | 0.365
Total bilirubin, umol/L 11.3(7.5,15) 10.8(7.78,14.4) -0.897 | 037
Total cholesterol, mmol/L 3.59(2.79,4.25) 3.53(2.72,4.25) -0.778 | 0.437
TG, mmol/L 1.29(1.11,1.85) 1.31(1.1,1.94) -0.339 | 0.735
HDL-C, mmol/L 1.11(0.94,1.28) 1.14(0.96,1.29) -1.622 | 0.105
LDL-C, mmol/L 2.4(1.9,3) 2.5(2,3.1) -1.567 | 0.117
CRP, mg/L 5.17(5.01,6.51) 5.17(5.01,6.75) -0.056 | 0.955
yKlotho, ng/mL 59.52(49.08,69.05) 59.34(46.5,68.36) -0.986 | 0.324
Table 2 Univariate Regression of Training Set

Variables Control (n = 352) Case (n =617) Ziy2 P

Age, years 44(34,50) 58(50,67) —-16.778 | <0.001

Sex Male, n(%) 171(48.6) 388(62.9) 18.791 | <0.001

Female, n(%) 181(51.4) 229(37.1)
(Continued)
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Table 2 (Continued).

Variables Control (n = 352) Case (n =617) Z/y2 P

BMI, kg/m? 25.56(23.02,28.72) 25.96(23.33,29.01) -1.094 | 0.274
Smoking 65(18.5) 171(27.7) 10.407 | 0.001
Alcohol 31(8.8) 91(14.7) 7.191 0.007
Hypertension 159(45.2) 339(54.9) 8.569 0.003
Diabetes 56(15.9) 163(26.4) 14.151 | <0.001
WBC,10”/L 6.51(5.54,7.78) 6.77(5.8,7.55) -1.289 | 0.197
RBC,10'/L 4.8(4.48,5.2) 4.92(4.5,5.34) —2.553 | 0.011
PLT, 10%/L 235.5(206.25,257) 229(196,258) —-1.948 | 0.051
Hemoglobin, g/L 138(130,145) 139(127,149.5) -0.121 0.903
Serum sodium, mmol/L 141.64(140.05,143.32) | 141.41(139.14,143.36) | —1.045 0.296
Chlorine, mmol/L 105.96(103.74,107.58) | 106.11(103.95,108.22) | —1.185 | 0.236
Serum potassium, mmol/L 3.94(3.69,4.23) 4.01(3.7,4.26) —l.161 0.246
Serum calcium, mmol/L 2.4(2.32,2.51) 2.41(2.29,2.52) —0.133 0.894
AST, pp/L 28.23(22.79,40.45) 28.17(21.82,44.5) —0.168 | 0.866
ALT, pp/L 26.75(18.52,43.3) 26.38(18.47,44.99) -0.205 | 0.837
BUN, mmol/L 6.07(5.12,7.33) 6.28(5.13,7.39) -0.663 | 0.507
CR, mmol/L 71.21(59.98,90.95) 72.96(62.55,86.22) -0.765 | 0.444
Albumin, g/L 40.46(38.73,43.23) 41.22(38.6,43.7) -0.886 | 0.376
Total bilirubin, pmol/L 11.65(8.53,14.9) 11.2(7.2,15.15) —2.002 0.045
Total cholesterol, mmol/L 3.72(2.81,4.25) 3.51(2.75,4.24) -1.092 | 0.275
TG, mmol/L 1.3(1.12,1.88) 1.28(1.11,1.84) —0.456 | 0.649
HDL-C, mmol/L 1.11(0.96,1.3) 1.11(0.94,1.27) —-1.031 0.303
LDL-C, mmol/L 2.4(2,2.8) 2.5(1.9,3.1) —2.047 | 0.041
CRP, mg/L 5.17(5.04,6.46) 5.17(2.26,6.55) -0.687 | 0.492
vKlotho, ng/mL 52.26(43.73,61.33) 66.01(53.64,71.13) —11.341 | <0.001

We selected 12 variables with P > 0.2, which may be risk factors for CAD, and performed LASSO regression for
optimizing variable selection. Based on these findings, 12 variables were reduced to seven variables (age, sex,

hypertension, smoking status, diabetes, and serum levels of yKlotho and LDL-C) (Figure 2), and we regarded these

seven variables as risk factors for CAD.
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Figure 2 Feature selection based on least absolute shrinkage and selection operator (LASSO) algorithm. (A) Selection of tuning parameter (X) into LASSO model
with 10-fold cross-validation according to the minimum criteria. A plot showing squared error versus log (A) was drawn. Each vertical line was made by optimum
values with | standard error of minimum (I-SE criteria) and minimum criteria; A = 0.030 was selected (I-SE criteria) through 10-fold cross-validation. (B) LASSO
coefficients of |2 features. A plot of the coefficient versus log (1) sequence was drawn. Each vertical line is made by the 10-fold cross-validation-selected value, in

which optimal A gave seven nonzero coefficients.
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Figure 3 ROC and AUC value of nine machine learning models inTraining set (A) and Validation set (B).
Abbreviations: KNN, K-nearest neighbor algorithm; SVM, Support vector machine; RF, Random forest; RPART, Recursive partitioning and regression trees; GBM, Gradient
boosted machine; ADA, Adaptive boosting algorithm; NB, Naive Bayes algorithm; GLM, Generalized linear model; LDA, Linear discriminant analysis algorithm.

Model Construction

We used these seven variables to construct nine popular machine learning models and assessed them via area under the
receiver operating characteristic (ROC) curve (AUC). These results showed that RF model had greatest AUC (0.996) in
the training set, which was greater (0.906) than that of most of the models for validation set (but not the highest)
(Figure 3).

We calculated the related parameters (sensitivity, specificity, positive predictive value (PPV) and negative predictive
value (NPV), accuracy, recall, F1 score, and precision) of the nine models in both training and validation sets.
Consequently, all those above parameters for RF model were greater in training set and that those above parameters
were relatively greater than those of the other nine models in the validation set (Table 3).

An integrated analysis of training and validation sets revealed that RF model was the best for predicting CAD risk.

Independent risk factors for CAD were used to visualize RF the model via a variable importance bar plot (Figure 4A)
and Shapley additive explanations (SHAP) (Figure 4B). In the variable importance bar plot, the feature significance was

Table 3 ML Models Used to Predict the Risk of CHD

Classifier Sensitivity | Specificity | PPV | NPV | Accuracy | Recall | FI-Score | Precision
Train set KNN 0.878 0.795 0.883 | 0.789 0.848 0.878 0.881 0.883
SVM 0.895 0.756 0.865 | 0.804 0.844 0.895 0.880 0.865
RF 0.968 0.943 0.968 | 0943 0.959 0.968 0.968 0.968
RPART 0.862 0.767 0.866 | 0.761 0.828 0.862 0.864 0.866
GBM 0.909 0.815 0.896 | 0.837 0.875 0.909 0.903 0.896
ADA 0.891 0.821 0.897 | 0.812 0.866 0.891 0.894 0.897
NB 0.906 0.741 0.860 | 0.818 0.846 0.906 0.882 0.860
GLM 0.872 0.707 0.839 | 0.759 0.812 0.872 0.855 0.839
LDA 0.869 0.710 0.840 | 0.755 0.8l1 0.869 0.854 0.840
Validation set | KNN 0.849 0.716 0.849 | 0.716 0.803 0.849 0.849 0.849
SVM 0.862 0.735 0.859 | 0.739 0.8I18 0.862 0.860 0.859
RF 0.891 0.735 0.863 | 0.783 0.837 0.891 0.877 0.863
RPART 0.862 0.710 0.848 | 0.732 0.809 0.862 0.855 0.848
CBM 0.888 0.753 0.871 | 0.782 0.841 0.888 0.879 0.871
ADA 0.888 0.784 0.885 | 0.789 0.852 0.888 0.887 0.885
BN 0.901 0.728 0.862 | 0.797 0.841 0.901 0.881 0.862
GLM 0.885 0.679 0.838 | 0.759 0.8I3 0.885 0.861 0.838
LDA 0.872 0.704 0.847 | 0.745 0.8I3 0.872 0.859 0.847
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Figure 4 Variable importance bar plot represents feature ranking (A) and SHAP value for model output (B), with one point representing one variable in each observation.
Then, point color was analyzed based on the relative variable height, with red and blue representing high and low levels, respectively.

represented by the bar length.'® SHAP, as a game theory approach, contributes to the intuitive and accurate explanation
of ML model output.'® Its base value was defined as the output obtained by averaging all variables from training group,
and it reflects the sample average value. Those independent risk factors for CHD according to degree of importance
(from age to smoking status) are presented in Figure 4. Regarding the dichotomous classifier, a greater SHAP prediction
score was related to an increased CHD risk.

A web calculator based on this model was developed for clinicians to predict patient’s CHD progression
(https://xiaoaipredictmodel.shinyapps.io/workrunl1/), after inputting corresponding data of the patient, the predic-

tion can be made automatically (Figure 5), and the cutoff value of RF model in training set is 0.599.
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Figure 5 The calculator for predicting CHD progression in real time. Feature importance was calculated by the mean contribution of every observation, which is equal to
the traditional method.
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The model interpretability was examined using two representative samples: a man with serum y-Klotho level of 34.17
ng/mL (Figure 6A and B) and another man with that of 74.13 ng/mL (Figure 6C and D). The number on each variables
name (Figure 6B and D) expressed the degree of influence on risk, and the red and blue colors suggested whether the
factor increased or decreased CHD risk, respectively. The factors were all pooled, which offered a prediction probability
corresponding to the SHAP value. For men who had a serum yKlotho level of 34.17 ng/mL, there was a low prediction
probability (0.02) of CHD; for those who had a serum yKlotho level of 74.13 ng/mL, there was a high prediction
probability (0.98) of ICM.

We performed model validation via DCA; if we used our model to predict CHD risk, greater net benefits were obtained than
with “treat all” or “treat none” strategies, according to 0.0—1.0 threshold probabilities (Figure 7A and B), which indicated that the
established RF model had greater clinical usefulness.
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Figure 6 The model prediction results were interpreted using two samples. (A and B) Personalized prediction (A) and Waterfall plot for evolution the risks contributed by
each feature for individual at low risk (B). (C and D) Personalized prediction (C) and Waterfall plot for evolution the risks contributed by each feature for individual at high
risk (D).
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Figure 7 DCA of RF model using training set (A) and validation set (B).
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Figure 8 Restricted cubic spline (RCS) of serum level of yKlotho and risk of CHD (A), Receiver operating characteristic curves (ROC) and cutoff value of serum level of
vKlotho (B).

In the present work, serum yKlotho level is a novel biomarker that is related to CHD risk. To identify the correlation of serum
vKlotho level with CHD risk, restricted cubic spline (RCS) analysis was conducted (Figure 8A). Our results revealed that the
incidence of CHD was positively (Poyeran < 0.001) and non-linearly (Pyon-tinearity = 0.7396) correlated with the serum level of
vKlotho.

The serum level of yKlotho, a new biomarker, is positively related to CHD risk and can be used to diagnose CHD
clinically. To evaluate its diagnostic and discriminative performance for CHD, an ROC curve (Figure 8B) was drawn for
vKlotho, and the AUC was 0.711 (0.684-0.736), whereas the threshold yKlotho level was 65.78 ng/mL, which indicated
that the serum level of yKlotho exhibited the favorable prediction value for CHD risk.

Discussion

Based on our single-center, retrospective cohort study, age, serum y-Klotho level, LDL-C, sex, diabetes, hypertension,
and smoking status are risk factors for CHD, and a predictive model was constructed using a machine learning method.
Among the CHD-related risk factors, age, LDL-C, sex, diabetes, hypertension, and smoking status were previously
suggested to be the CAD-related risk factors. In this work, we identified a novel biomarker, the serum level of yKlotho,
as a risk factor for CHD. The results indicated that the serum level of yKlotho is a risk factor for CHD, which shows
positive relation to CHD risk.

Klotho, first discovered in 1997, can encode a new antiaging protein that is related to various biological processes
mostly associated with human longevity.?

Since the Klotho gene was discovered, interest in this gene has increased, which has dramatically improved our under-
standing of the aging process. Serum Klotho expression in the human body decreases after individuals turn 40 years old*' and can
be detected in patients who develop aging-related disorders including hypertension, cancer, or kidney disease.**

Three Klotho forms have been discovered in mice and humans, including full-length transmembrane, secreted, and
shed forms.?! Secreted Klotho is dominant in the human body, particularly in the kidney.>> The Klotho family includes 3
members encoded by three genes:”* a-Klotho, p-Klotho, and y-Klotho.

Of them, a-Klotho gene is on chromosome 13q12 and contains six exons, -Klotho gene is on chromosome 4p14 and
contains five exons, while y Klotho gene is on chromosome 15q22.31 and contains 14 exons. The first two genes have
high expression within enterohepatic tissue and the kidney, whereas the yKlotho gene shows high and selective
expression within mouse eyes and brown adipose tissue.”

The aKlotho (KL) gene, which was first discovered to be an antiaging protein, may protect the vascular wall and is
associated with cardiovascular disease,”® In the progression of CHD, aKlotho plays a critical role in Klotho/FGF23 axis
and regulating ERK/MAPK pathway in Cardiomyocyte,?” the lower the serum oKlotho level the higher the risk of CHD.’
BKlotho (known as KLB) is another subtype of Klotho protein whose molecular weight is around 130 kDa that acts
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specifically as a membrane coreceptor and was identified after a-Klotho;*® it has 41% amino acid sequence similarity to
0-Klotho.”®?° The lower serum B-klotho expression is related to the increased CVD risk.!! It can also optimize the
clinical outcomes for patients with T2DM. By regulating the homeostasis of glucose metabolism.*° yKlotho, also referred
to as lactase-like protein, is a member of glycosyl hydrolase 1 family, which serves as the single-pass membrane protein
that contains 567 amino acids. KLy is a member of the Klotho subfamily.’! Research on KLy is limited. In a previous

33 and bladder cancers.*®> Among these

study, yKlotho was investigated in three diseases, including breast,** prostate,
factors, increased yKlotho levels are related to aggressiveness and dismal prognosis of cancer patients; however, the
correlation between serum yKlotho expression and cardiovascular disorders and specific function of it has not been
previously reported. The present work is the first to reveal the relation of the serum level of yKlotho with CHD
susceptibility and that the serum level of yKlotho is a risk factor for CHD. The higher the serum level of yKlotho, the
higher the risk of CHD. Although the mechanism by which serum yKlotho leads to CHD is unknown, the relationship is
confirmed. No study has described the function of yKlotho, possibly because the level of yKlotho results in CHD directly
or indirectly. Additionally, the serum yKlotho level increases after CHD to prevent CHD and reverse it from CHD to
healthy status. As the specific mechanisms are unclear, maybe it plays a critical role same with aKlotho and BKlotho,
thus the causal relationship between CAD and yKlotho needs to be determined by performing functional research.

An interpretable ML-based risk stratification model for predicting the effect of serum yKlotho level on CHD and
predicting CHD risk was constructed and validated in this study. By comparing nine machine learning models, we found
that RF model had a superior prediction ability to others, and AUCs were 0.996 and 0.906 in training and validation sets,
separately. We used the visualization function in the variable importance bar plot and SHAP** to determine how one
specific variable affected the model output. We found that age and the serum level of yKlotho contribute more to the risk of
CHD. The probability of SHAP prediction increases with increasing serum levels of yKlotho. We validated this RF model
via DCA and found that when this model was used for predicting CHD risk, the net benefits over “treat all” or “treat none”
strategies were obtained at the 0.0-1.0 threshold probabilities, indicating that this model had good clinical usefulness.

There are some limitations in the present work. Firstly, the single-center, retrospective study had a small sample size,
while results from other populations were unknown. Secondly, serum yKlotho level showed positive relation to CHD
risk, but the specific mechanism by which high serum levels of yKlotho can result in CHD is not known. Third, the MF
model more accurately predicted the association of serum yKlotho level with CHD risk, but several confounding factors
affect the accuracy of the association between the serum yKlotho level and CHD risk; thus, a matched study is needed.

In conclusion, we found that the serum level of yKlotho is a risk factor for CHD and is positively correlated with the
susceptibility to CHD. RF was the best model in our study; it can accurately predict the risk of CHD and has good clinical
usefulness.
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