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A B S T R A C T   

Background: Although many circulating miRNAs (c-miRNAs) are associated with coronary artery 
disease (CAD), they are far from being the biomarker for CAD diagnosis or risk prediction. 
Therefore, novel c-miRNAs discovery and validation are still required, especially evaluating their 
prediction capacity. 
Objectives: Identify novel CAD-related c-miRNAs and evaluate its risk prediction capacity for CAD. 
Methods: miRNAs associated with CAD were preliminarily investigated in three paired samples 
representing pre-CAD stage and CAD stage of three female individuals using the Applied Bio
systems miRNA TaqMan® Low-Density Array (TLDA). Then, the candidate miRNAs were further 
verified in an independent case-control study including 129 CAD patients and 76 controls, and 
their potential practical value in prediction for CAD was evaluated using a machine learning (ML) 
algorithm. The accuracy of classification and prediction was assessed with the area under the 
receiver operating characteristic curve (AUC). 
Results: TLDA analysis shows that miR-140-3p decreased significantly in CAD-stage (FC = − 3.01, 
P = 0.007). Further study shows that miR-140-3p was significantly lower in CAD group [1.26 
(0.68, 2.01)] than in control group [2.07 (1.19, 3.21)] (P < 0.001) and independently associated 
with CAD (P < 0.001). The addition of miR-140-3p to the variables including smoking history, 
HDL-c, and APOA1 improved the accuracy of classification by logistic regression and of prediction 
for CAD by ML models. The ML models built with miR-140-3p and HDL-c, respectively, had a 
similar prediction accuracy. The feature importance of miR-140-3p and HDL-c in the ML models 
was also similar. Decision curve analysis showed that miR-140-3p and HDL-c had almost identical 
net benefits. 
Conclusion: Reduced levels of miR-140-3p is linked to CAD, and it is possible to use the plasma 
level of miR-140-3p as a means of evaluating the risk of CAD.  
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1. Introduction 

Coronary artery disease (CAD) has been proven to be the major cause of death in both the developed and developing countries [1]. 
Early warning and intervention for CAD high-risk groups are of great significance in delaying the onset of CAD and reducing mortality. 
Identification of novel biomarkers is required for advancing the early prevention and treatment of CAD. MicroRNAs (miRNAs) are 
proven to be linked with many disease-status and are considered to be the potential biomarker in wide use for diagnosis, prognosis, 
therapy targets, and risk prediction [2–4]. Circulating miRNAs are stable in blood, urine, and other body fluids and are always 
concerned in the field of biomarker research due to the easy acquirement of samples, and have been widely studied in elderly-related 
diseases, especially in cancer, nervous disease, and cardiovascular diseases [5,6]. An altered miRNA expression profile is linked to 
cardiovascular pathogenesis including CAD, and may have utility as diagnostic and prognostic biomarkers [7,8]. Systematic analysis of 
several studies shows that miR-21, miR-133, and miR-499 have potential diagnostic value for acute coronary syndrome or stable CAD 
[7,9]. Myocardial injury after acute myocardial infarction increases the circulating levels of miRNAs (eg, miR-1, miR-133, miR-499, 
miR-208) in cardiac muscle, but in CAD or diabetes patients, the peripheral circulating level of miRNAs (miR-26) enriched in endo
thelial cells is reduced [10]. Combining traditional cardiovascular risk factors (TCRFs) and circulatory miRNAs can improve the 
prediction performance of the cardiovascular risk model. For example, when BNP (brain natriuretic peptide) is used alone or in 
combination with circulating miR-30c, miR-221, miR-328, miR-146a, or miR-375 as part of the diagnostic panel, the diagnostic 
performance of heart failure is significantly improved compared with BNP alone [11]. Although miRNAs have great potential as 
biomarkers for clinical diagnosis or prognostic evaluation of cardiovascular diseases (CVD), the results reported in relevant studies 
have rarely been further verified, thus hindering their clinical application [ [12,13]. Among dozens of circulating miRNAs associated 
with CVD, the number of miRNAs that can be used as diagnostic markers of CVD is limited [14]. Plasma levels of many miRNAs (miR-1, 
mir133a, miR-208a/b, miR-499, and so on) involved in heart development, function, and damage repair have been reported to be 
associated with heart failure and acute myocardial infarction, these miRNAs may have potential value for the diagnosis of CVD [14]. 
MiRNAs related to vascular endothelial function or inflammation play key roles in the pathological process of atherosclerotic CAD [15, 
16]. Changes in circulating miRNAs are reported to be associated with CAD, but it is seldom reported that they are used for early 
diagnosis or risk prediction. Therefore, it is necessary to find and validate miRNAs that can be used as circulating biomarkers to predict 
CAD risk. 

Although numerous risk factors for CAD have been identified and studied, including circulating miRNAs, blood lipids, cholesterol, 
glucose, and inflammatory factors [17–20], utilizing these factors to predict CAD risk is not yet common. This is due to the large 
variability of some of these factors in different individuals, particularly inflammatory factors, which have been shown to be associated 
with CAD risk but are also sensitive to environmental factors such as diet and infection. Additionally, the limitations of the methods 
used in previous studies have led to low reliability in evaluating these factors for predicting CAD risks. Therefore, adopting new 
prediction or evaluation methods may yield the discovery of new plasma biomarkers related to CAD. The application of Machine 
learning (ML) algorithms in medicine improves the accuracy and applicability of biomarkers for early diagnosis, risk prediction, and 
prognosis evaluation of diseases [21,22]. New disease-related molecular markers can also be found by the ML algorithm, which has 
higher reliability than traditional statistical methods [23–25]. For example, Saberi-Karimian et al. [26] using decision tree analysis 
revealed that serum HDL functionality was a more important variable than HDL-C level in predicting patients with hypertension at 
baseline. Therefore, the application of new analytical methods including ML may be powerful in the discovery of circulating 
biomarkers. 

In the present study, we aimed to discover novel circulating miRNAs associated with CAD risk, compare their ability with that of 
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TCRFs in prediction for CAD risk, and evaluate whether it improves the prediction accuracy for CAD risk when it was used in com
bination with TCRFs to construct ML models. We used the AB-miRNA-TLDA (Applied Biosystems miRNA TaqMan® Low-Density 
Array) analysis to detect the circulating miRNA expression profiles of the patients in pre-CAD-stage (stage of 3–5 years before 
being diagnosed with CAD) and CAD-stage (stage of diagnosed with CAD). The plasma level of miR-140-3p was found to be negatively 
associated with the progress of CAD and was further validated in a case-control study. Decreased plasma level of miR-140-3p was found 
to be associated with CAD risk. The role of miR-140-3p in the prediction for CAD risk was proven as important as that of HDL-c by 
different analyses such as the ML model, Least Absolute Shrinkage and Selection Operator (LASSO) regression, decision curve, and 
binary logistic regression. 

2. Materials and methods 

2.1. Samples for AB-miRNA-TLDA 

Three paired plasma samples from three female individuals in pre-CAD-stage and CAD-stage were extracted from the sample bank. 
Total RNA was extracted from the plasma samples and used to detect the expression profile of circulating miRNAs using AB-miRNA- 
TLDA. The expression level of miRNAs may be affected by age which is a clear risk factor for CAD. Therefore, we specially selected 
three patients at different age range for miRNA-TLDA analysis (Table S1), to a certain extent, this reduced the age difference effect. 

2.2. AB-miRNA-TLDA 

TLDA is an approach to quantifying miRNA expression based on the Megaplex reverse transcription format of the stem-loop primer- 
based real-time quantitative polymerase chain reaction (RT-qPCR), which is more accurate and sensitive than traditional microarray 
based on hybridization with oligonucleotide probe hybridization [27]. The TLDA analysis was performed by CapitalBio Corporation 
(Beijing, China) with Megaplex™ Pools which are designed to detect and quantitate up to 380 miRNAs per pool using Applied Bio
systems real-time instruments. Briefly, The TaqMan microRNA reverse transcription reaction mixture in which the Megaplex™ RT 
Primers included was applied to synthesize single-stranded cDNA from total RNA samples. Then, the Preamplification Reactions and 
the Real-time PCR reactions were performed stringently according to the manufacturer’s protocol for Megaplex™ Pools. 

2.3. Identification of differential miRNAs 

NormFinder is an algorithm for identifying the optimal normalization gene among a set of candidates [28]. The NormFinder 
analysis showed that miR-151a-3p and miR-27b had a higher expression level in the plasma and were more stable than others. Thus, 
MiR-151a-3p and miR-27b were selected as the reference gene to normalize the expression of all miRNAs tested with miRNA-TLDA 
analysis, as follows: the delta Ct1 was computed by the Ct of the target miRNAs minus the Ct of miR-151a-3p, and the delta Ct2 
was computed by the Ct of the target miRNAs minus the Ct of miR-27b. Then the mean delta Ct was calculated by averaging the delta 
Ct1 and delta Ct2. The fold change relative to miR-151a-3p and miR-27b was calculated according to 2^(-(mean delta Ct)), which was used 
to indicate the relative plasma level of the miRNAs. Paired t-test was used to detect the significant difference between the two groups 
for each miRNA, P < 0.05 was considered to be statistically significant. 

2.4. Participants for subsequent case-control study 

The inpatients who were hospitalized from 2010 to 2017 in the department of cardiovascular disease, the Second Affiliated 
Hospital of Guangzhou Medical University were included in CAD and control groups, respectively, according to the criteria: 1) CAD 
group: medical records show that patients diagnosed as CAD by coronary angiography, that was, patients whose coronary angiography 
showed a greater than 50% stenosis of at least one vessel in the left main coronary artery, left anterior descending artery (including the 
main diagonal branch), circumflex artery (including the main marginal branch) and right coronary artery (including the posterior 
descending artery or left ventricular posterior branch); 2) control group: men aged ≥50 and women aged ≥55, who were not diagnosed 
with CAD by coronary angiography, or had no symptoms such as chest tightness and chest pain, and no myocardial ischemia suggested 
by cardiac ultrasound diagnosis. Both groups excluded the patients with multiple organ failure, malignant tumors, and autoimmune 
deficiency. Finally, 129 CAD patients and 76 controls were included and their plasma samples preserved in the sample bank were used 
for validating the CAD-related miRNAs. Information of the laboratory indicators such as HDL-c, low-density lipoprotein cholesterol 
(LDL-c), triglycerides (TG), total cholesterol (CHOL), glucose (GLU), apolipoprotein A1 (ApoA1), and apolipoprotein B (ApoB), and the 
clinical information such as gender, age, smoking history (IsSmoking), hypertension, hyperlipidemia, and diabetes were acquired from 
the patient’s electronic medical record. 

2.5. Quantitative detection of the plasma miRNAs 

Total miRNAs were extracted from 200 μl of plasma by using miRcute serum/plasma miRNA extraction and separation Kit (DP503). 
The first strand cDNA of miRNA was synthesized by using miRcute Plus miRNA First-Strand cDNA Kit (KR211) which applies the 
method of adding adenine nucleotide to the 3’ of miRNAs before reverse transcribing. The plasma level of the miR-140-3p and miR- 
151a-3p was detected by real-time fluorescent quantitative PCR (qPCR) using miRcute Plus miRNA qPCR Kit (FP411). miR-151a-3p 
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was used as a reference to normalize the expression level of miR-140-3p. The plasma level of miR-140-3p was represented with the 
multiples relative to miR-151a-3p, that was calculated according to the formula: 2^(-(Ct[miR− 140− 3p]− Ct[miR− 151a− 3p− 1]). 

2.6. Evaluation of the ability of factors in prediction for CAD risk 

The ability of the factors statistically related to CAD in prediction for CAD risk was evaluated by constructing machine learning 
(ML) models with these factors in combination or separately. The dataset including the response variable “CAD” and the independent 
variables such as ’Gender’, ’Smoking’, ’Drinking’, ’Hypertension’, ’Diabetes’, ’Hyperlipidemia’, ’Age’, ’GLU’, ’TG’, ’CHOL’, ’HDL-c’, 
’LDL-c’, ’APOA1′, ’APOB’, ’miR-140-3p′ was analyzed by binary logistic regression (SPSS v.19.0.0), The variables remained in the final 
logistic regression model were used in combination or separately to build ML model. Dataset splitting was performed with the 
’train_test_split’ module in the python package of ’sklearn.model_selection’, and the training dataset was used to construct ML models 
using the ’LogisticRegression classifier (LRC)’ in ’sklearn.linear_model’, ’RandomForestClassifier (RFC)’ and ’GradientBoosting
Classifier (GBC)’ in ’sklearn.ensemble’, respectively. Five-fold cross-validation was performed for the model construction. The test 
dataset was used to evaluate the performance of the ML models by calculating the area under the receiver operating characteristic 
curve (AUC). Average feature importance was computed for 20 RFCs and for 20 GBCs that were built with the training dataset split by 
tuning the values of random_state. 

2.7. Evaluation of the importance of the variables associated with CAD 

LASSO regression is characterized by variable selection and complexity adjustment while fitting the generalized linear model. 
‘Glmnet’, an R package, was used for LASSO regression analysis. The hyperparameters were set as family = ’binomial ’, type.measure 
= “AUC”, keep = true, nfolds = 5. Decision curve analysis (DCA) can be used to evaluate whether the prediction model has practical 
value [29]. The decision curve was plotted using the ’decision_curve’ function in a R package of ’rmda’, and the hyperparameters were 
set as follows: family = binomial (link = ’logit’), thresholds = seq(0, 1, by = 0.01), study.design = ’case-control’ and bootstraps = 100. 

2.8. Statistical analysis 

The normality and the homogeneity of variance between groups were tested for the continuous variables by using the ’Shapiro’ 
function (Shapiro-Wilk normality test) and ’Levene’ function, respectively. For the comparison between two independent samples, the 
student t-test was used for the continuous variables with normal distribution and homogeneous variance, otherwise, the Mann- 
Whitney U test was performed, and the counting data were analyzed with chi-square test. The ’Pearsonr’ or ’spearmanr’ functions 
were used to analyze the correlation between variables, and the ’partial_corr’ function was used for performing partial correlation 
analysis. When a P value was less than 0.05, the difference was considered statistically significant. 

Fig. 1. Differential miRNAs were discovered with miRNA-TLDA assay and validated in a case-control study. (A) Heatmap of the plasma miRNAs in 
patients in pre-CAD-stage (PD1-E, PD2-E, and PD3-E) and CAD-stage (PD1-CAD, PD2-CAD, and PD3-CAD). (B) Volcanic map plotted with the mean 
relative folds change (x-axis) and the negative logarithm of P-value (y-axis). The points above the horizontal dotted line and to the left of the vertical 
dotted line represent significantly down-regulated miRNAs, and the points above the horizontal dotted line and to the right of the vertical dotted line 
represent significantly up-regulated miRNAs. (C) The statistical distribution of the relative plasma level of miR-140-3p in the CAD and control 
groups was presented with a box and whisker plots. The horizontal lines within the boxes represent the median value and the vertical lines extending 
below and above the boxes indicate 5–95% percentile values, respectively. ***，P < 0.001. 
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3. Results 

3.1. Significant association of miR-140-3p with the progress of CAD 

In the present study, 182 of 380 miRNAs with a level higher than the detection limit were detected by TLDA in all six plasma 
samples. The plasma levels of the miRNAs were expressed with the mean multiples relative to that of miR-27b and miR-151a-3p. The 
expression profiles were an obvious difference between the plasma from the patients in pre-CAD stage and CAD stage (Fig. 1A). The 
plasma level of most miRNAs decreased, and less than 10% of miRNAs increased in CAD stage (Fig. 1B). Only 9 of the 182 miRNAs had 
a significant difference suggested by paired t-test (P < 0.05) between the two groups, but which was no significance after Bonferroni 
correction (P > 0.05). Hsa-miR-203 was significantly increased, and the others decreased obviously in CAD-stage (Table 1). Among the 
nine differentially expressed plasma miRNAs, miR-140-3p had a less standard error with a fold change >3 and a higher statistical 
significance, thus it was selected for further investigation in a subsequent case-control study. 

3.2. Significantly negative association of the plasma miR-140-3p with CAD 

A total of 205 samples, including 129 patients with CAD and 76 normal controls, were collected for validating the association of 
miR-140-3p with CAD. The clinical features and laboratory biochemical indicators included were shown in Table 2. The plasma level of 
miR-140-3p was expressed as the multiples relative to the plasma level of miR-151a-3p. The results show that the plasma level of miR- 
140-3p decreased significantly in the CAD group [1.26 (0.68, 2.01)] compared with the control group [2.07 (1.19, 3.21)] (P < 0.001) 
(Fig. 1C and Table 2), which was consistent with the TLDA results. The plasma levels of miR-140-3p in the men sub-group and women 
sub-group were respectively [1.42 (0.80, 2.26)] and [1.61 (0.86, 2.51)], and were no significant difference (P > 0.05), indicating the 
mismatch of gender would not affect the association between miR-140-3p and CAD. Pearson correlation analysis between variables 
shows that only the variable ‘smoking history’ was significantly correlated with miR-140-3p (r = − 0.205, P = 0.003) (Table S2), this 
correlation was reproduced by Spearman’s correlation analysis (rho = − 0.178, P = 0.011) (Table S3). However, significant corre
lations between HDL-C and variables such as gender, smoking history, age, TG, CHOL, APOA1, and APOB were observed (Tables S2 
and S3). A significant correlation between miR-140-3P and CAD risk was shown by Pearson correlation analysis (r = − 0.332, P <
0.001) (Table S2) and Spearman correlation analysis (rho = − 0.303, P < 0.001), respectively (Table S3). A partial correlation analysis 
by controlling all the differential variables such as gender, age, smoking history, TC, HDL-c, and LDL-c still showed a significant as
sociation between CAD risk and plasma level of miR-140-3p (r = − 0.25, 95% CI [− 0.37, − 0.11], P < 0.001). We also analyzed the 
associations between the plasma levels of miR-140-3p and clogged arteries, but no correlation was observed (data are not shown). 

3.3. miR-140-3p is independently associated with CAD 

Binary logistic regression analysis showed that miR-140-3p, HDL-c, APOA1, and smoking history remained in the final equation 
and showed a statistical significance (Table 3), suggesting that they were independently associated with CAD. The accuracy of clas
sification for the samples using binary logistic regression (BLR) with different variables was distinct (Fig. 2A). The AUCs of the BLR 
with miR-140-3p and HDL-c were 0.681 and 0.709, respectively. The AUCs of BLR with variable combinations such as HDL-c +
APOA1, miR-140-3p + HDL-c + APOA1 and miR-140-3p + HDL-c + APOA1+IsSmoking were 0.782, 0.831 and 0.860, respectively 
(Fig. 2A). The above results show that the accuracy of classification becomes higher when including more features in the BLR model, 
and the BLR model with miR-140-3p has similar accuracy for classification as that with HDL-c, suggesting miR-140-3p may be a novel 
marker for CAD risk as important as HDL-C. 

LASSO regression analysis also showed that miR-140-3p, HDL-c, APOA1, and IsSmoking were required for the simplest model to 
classify the samples as CAD and control groups. miR-140-3p and HDL-c were the first two effective variables with nonzero entering the 
model (Fig. 2B). This indicates that miR-140-3p and HDL-C are the key features for classification or prediction for CAD. 

Table 1 
The differential plasma miRNAs between pre-CAD-stage and CAD-stage tested with miRNA-TLDA analysis.  

Names Pre-CAD-stage CAD-stage Folds changeb P 

Mean1a sd Mean2a sd 

hsa-miR-140-3p 0.1052 0.0025 0.0131 0.0115 − 3.01 0.0074 
hsa-miR-26b-3p 0.0254 0.0078 0.0116 0.0085 − 1.13 0.0400 
hsa-miR-19b 51.6375 5.4834 19.6978 9.2391 − 1.39 0.0475 
hsa-miR-24 15.6452 6.1215 7.0213 2.9856 − 1.16 0.0451 
hsa-miR-126 3.2206 0.7447 1.6926 1.0859 − 0.93 0.0253 
hsa-miR-296 0.2162 0.1368 0.1212 0.1026 − 0.83 0.0411 
hsa-miR-376a 0.1366 0.0697 0.0774 0.0628 − 0.82 0.0078 
hsa-miR-139-5p 1.0375 0.2769 0.7986 0.2286 − 0.38 0.0267 
hsa-miR-203 0.0657 0.0695 0.1051 0.0709 0.68 0.0300 

Notes: a, A mean △Ct for each miRNA was calculated by averaging the △Ct computed by the Ct of the candidate miRNAs minus the Ct of miR-151a- 
3p and miR-27b, respectively. Then the mean mean △Ct was calculated among samples. b, The fold change was computed as the formula: Fold 
change (FC) = log2(Mean2/Mean1). A minus sign indicates a reduction. 
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3.4. The importance of miR-140-3p in prediction for CAD risk was validated by ML 

In order to illustrate whether the four variables that were significantly associated with CAD have potential value in prediction for 
CAD risk, we constructed 3 ML models with LRC, RFC, and GBC using ’miR-140-3p′, ’HDL-c’, ’APOA1′, and ’smoking history’ in 
combination. The AUCs of the models were 0.84, 1.0, and 1.0, respectively (Fig. 3A), and the AUCs of the models tested with a test 
dataset were 0.92, 0.90, and 0.86, respectively (Fig. 3B). The importance of features determines their influence on model performance. 
Feature importance of ’miR-140-3p′, ’HDL-c’, ’APOA1′, and ’smoking history’ in RFC were 31.8%, 33.1%, 28.1%, and 7.0%, 
respectively (Fig. 4A), and that in GBC were 29.1%, 36.6%, 28.3%, and 6.0%, respectively (Fig. 4B). Obviously, the feature ’smoking 
history’ is of the least importance in the models, and the importance of ’miR-140-3p′ in the models is only less than that of ’HDL-c’. 
When excluding ’smoking history’ from the features, using the rest three features to build an LRC, an AUC of 0.91 was obtained in the 
prediction for the test dataset (Fig. 5A). However, when excluding ’miR-140-3p′ from the features, and using the rest three features to 
construct an LRC, an AUC was decreased to 0.73 in prediction for the test dataset (Fig. 5A). An AUC of 0.86 could be obtained when 

Table 2 
Comparison of the difference in the variables between the CAD and the control groups.  

Variables Control(n = 76) CAD(n = 129) P_values 

Sex (Female %) 49 (64.5%) 43 (33.3%) <0.001a 

Age (mean ± SD) 69.1 ± 9.2 65.8 ± 10.7 0.03b 

Hypertension 53(69.74%) 81(62.79%) 0.33a 

Diabetes 12 (15.79%) 28 (21.71%) 0.30a 

Hyperlipidemia 1 (1.32%) 3 (2.33%) 0.99a 

Smoking history 12(15.79%) 62(48.06%) <0.001a 

Glucose (mg/dl)d 88.8(81.1, 102.9) 93.3(80.7, 113.3) 0.11c 

Triglyceride (mg/dl)d 116.0(88.6, 154.1) 129.3(89.5, 189.1) 0.12c 

Total cholesterol (mg/dl)d 191.03(164.0, 224.3) 164.9(145.2, 197.0) <0.001c 

High density lipoprotein cholesterol (mg/dl)d 44.9(36.4, 54.1) 36.4(31.3, 42.2) <0.001c 

Low density lipoprotein cholesterol (mg/dl)d 122.6(98.6, 143.9) 99.0(84.9, 127.4) <0.001c 

APOA1 （mg/dl）d 120.0(110.0, 145.0) 119.0(107.8, 139.5) 0.36c 

APOB （mg/dl）d 89.0(76.0, 102.5) 84.5(73.0, 104.3) 0.29c 

miR-140-3p (folds relative to miR-151a-3p)d 2.07(1.19, 3.21) 1.26(0.68, 2.01) <0.001c 

Note: a, chi-square test; b, T-test; c, Mannwhitney U test; d, quantile, median (25%, 75%). 

Table 3 
Variables stained in the final equation with Logistic regression analysis.   

B S.E Walds p-value Exp (B) 95% C.I. 

lower upper 

Smoking history 1.490 0.429 12.044 0.001 4.435 1.912 10.287 
HDL-c − 7.398 1.332 30.859 <0.001 0.001 0.000 0.008 
APOA1 6.556 1.343 23.829 <0.001 703.227 50.577 9777.751 
miR-140-3p − 0.575 0.180 10.152 0.001 0.563 0.395 0.802 
constant 0.741 0.932 0.631 0.427 2.098   

Note: B, regression coefficient; Exp(B), odds ratio; 95% C.I., 95% confidence interval of Exp(B). 

Fig. 2. Importance of the variables independently associated with CAD in the classification models such as binary logistic regression and LASSO 
regression. (A) The ROC of prediction for the samples by binary logistic regression using different variables separately or in combination. (B) 
Important variables for classifying the samples in the simplest model were screened by LASSO regression. 
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predicting with the test dataset using the LRC built with two features ’miR-140-3p′ and ’HDL-c’ (Fig. 5A). HDL-c is one of the TCRFs, 
and it was used to construct an LR model that has an AUC of 0.79 in prediction for the test dataset. An AUC of 0.77 was obtained when 
predicting the test dataset with an LRC built with ’miR-140-3p′, this was only slightly lower than that of ’HDL-c’ (Fig. 5B). All of these 
indicate that ’miR-140-3p′ may be an effective indicator for CAD risk as important as ’HDL-C’. 

3.5. Intervention considering the plasma level of mir-140-3p may acquire much net benefits 

Decision curve analysis helps clinical decision makers balance the advantages and disadvantages of intervention and thus deter
mine the best intervention point. It can also be used to evaluate whether a given model has practical value [29]. The decision curves for 
the ‘logit’ model constructed with ’miR-140-3p′, ’HDL-c, ’HDL-c + APOA1′, ’miR-140-3p + HDL-c + APOA1′ and ’miR-140-3p +
HDL-c + APOA1+IsSmoking’, respectively, were distant from the baseline for a wide range of risk thresholds (Fig. 6), suggesting that 
all of these models have high net benefits and potential practical value. The decision curves built with ’miR-140-3p′ and ’HDL-c’ almost 
overlap (Fig. 6), which again shows that the plasma level of miR-140-3p and HDL-C have similar practical value. The decision curves 
also show that the single feature, ‘APOA1’ or ‘smoking history’, has no practical value (Fig. 6). 

4. Discussion 

In the current study, decreased level of plasma miR-140-3p was found to be significantly associated with CAD. Moreover, among 
many factors, miR-140-3p and HDL-c were better indicators of risk stratification for individuals. miR-140-3p and HDL-c have similar 

Fig. 3. Evaluation of the performance of three ML models. (A) The ROC was plotted for LRC, RFC, and GBC in distinguishing CAD samples from the 
training dataset. (B) The ROC was plotted for LRC, RFC, and GBC in predicting CAD samples from the test dataset. [miR-140-3p, HDL-c, APOA1, 
IsSmoking] indicates the features used in combination to build the ML models. IsSmoking, smoking history. 

Fig. 4. Feature importance of the variables in RFC and GBC. (A) Feature importance of miR-140-3p, HDL-c, APOA1 and IsSmoking in random forest 
classifier; (B) Feature importance of miR-140-3p, HDL-c, APOA1 and IsSmoking in gradient boosting classifier. IsSmoking, smoking history. 
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roles in the classification for the samples or in the prediction of CAD samples with different models, and which were used in com
bination in the models could significantly improve the accuracy compared to that they were used alone, respectively. Including miR- 
140-3p in the features was similar to including HDL-c in improving the performance of models such as LRC, RFC, GBC, and decision 
curve, and it was observed that miR-140-3p was much less affected by other variables than HDL-C. These strongly suggest that plasma 
miR-140-3p may be a potential novel biomarker associated with CAD risk as better than HDL-c. 

Previous studies have shown that miR-140-3p has the functions of anti-oxidative stress, anti-inflammatory, and anti-apoptosis. Yi 
et al. [30] reported that over-expressing miR-140-3p significantly mitigated inflammation, oxidative stress, and cell apoptosis in an 
oxygen-glucose deprivation and reperfusion model. The correlation between decreased expression of miR-140-3p and osteoarthritis 
seems to have been fully proven. Ren et al. [31] discovered that miR-140-3p ameliorates the progress of osteoarthritis by targeting 
CXCR4. Peng et al. [32] demonstrated that amelioration of experimental autoimmune arthritis is through targeting synovial fibroblasts 
by intraarticular delivery of miR-140. Ntoumou et al. [33] found that miR-140-3p was significantly decreased in the serum of patients 
with osteoarthritis, and considered plasma miR-140-3p to be one of the potential biomarkers for the diagnosis of osteoarthritis. CAD is 
considered an inflammatory disease. In this study, it was found that the decrease in miR-140-3p plasma level was closely related to 
CAD. It is likely that the down-regulation of miR-140-3p led to the over-activation of a vascular endothelial inflammatory response, 
which promoted the occurrence and progression of CAD. In addition, it was also reported that miR-140-3p promotes the proliferation 
and migration of endothelial cells and the formation of endothelial tubes, mainly by directly inhibiting the expression of forkhead 
transcription factor FOXK2 [34]. miR-140-3p is reduced in In-Stent-Restenosis arteries and peripheral artery disease arteries, which 
results in the proliferation and apoptosis of smooth muscle cells by attenuating its inhibition on C-Myb and BCL-2 [35]. However, 
TAURINO et al. [36] reported significantly higher signal intensity of miR-140-3p in the whole blood of the CAD group than in that of 
healthy control through microarray analysis. Karakas et al. [37] observed that an increased serum level of miR-140-3p in patients with 
the acute coronary syndrome is associated with cardiovascular death. The harmful roles of miR-140-3p in these two studies seem not to 

Fig. 5. Comparison of performance of the logistic regression classifiers built with different variables separately or in combination. (A) Evaluating 
the influence of exclusion of different variables, respectively, on the performance of the classifier. (B) Comparison of performance of the classifiers 
built with miR-140-3p and HDL-c, respectively. 

Fig. 6. Decision curves were constructed with different variables separately or in combination. 
The black horizontal line represents the net benefit varies with the high-risk threshold if none will be treated, and the gray curve represents the net 
benefit varies with the high-risk threshold if all will be treated. If the curve is distant from the gray curve and the horizontal lines, indicates the 
model will acquire net benefit in helping decision. 
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be supported by the functional roles, including anti-inflammatory, anti-oxidative stress, anti-apoptosis, and promoting angiogenesis, 
revealed by other studies. It is obvious that the previous studies on the role of miR-140-3p in CAD are controversial, that is mainly 
because there are differences in ethnicity, sample types, and disease stages in the study population among various studies. This study 
may be the first in the Chinese population and even in the East Asian population to report that the reduction of plasma mir-140-3p 
increases the risk of CAD. 

A decrease in ApoA1 is considered the reason for the reduction of HDL-c and is also a risk factor for CAD [38]. In the present study, 
the binary logistic regression analysis showed an independent association between ApoA1 and CAD, but the models built with ApoA1 
alone poorly distinguish CAD patients from the controls. This indicates that ApoA1 is not a good independent feature for CAD risk. In 
addition, we found that a low plasma level of miR-140-3p could also be used as an independent indicator of CAD risk like a low plasma 
level of HDL-c, a recognized CAD risk factor [39]. When the plasma HDL-c and miR-140-3p were used in combination to construct the 
ML model, the prediction accuracy of the model could reach 0.86. Plasma HDL-c level is one of the TCRFs and is affected by age and 
gender [39]. We found that in the classification of samples or in the prediction of unknown samples using a machine learning model, 
the use of indicator miR-140-3p alone has similar efficiency to that of HDL-C alone. Moreover, miR-140-3p and HDL-c were the first 
two features with non-zero coefficients entering the simplest models of LASSO regression, and the decision curves constructed with 
them almost overlap. These strongly suggest that the role of miR-140-3p in the prediction of CAD risk is not weaker than that of HDL-c. 
miR-140-3p was stable and existed in plasma with a high level, and its plasma level was not correlated with the other variables except 
for smoking history, suggesting that it may be an independent risk factor associated with CAD risk. The variability of miR-140-3p with 
age and gender also seemed to be less than that of HDL-C, thus it may be a better risk factor than HDL-c for risk prediction of CAD. 

The plasma level of miR-140-3p was negatively associated with the smoking history that was one of the most definite risk factors for 
cardiovascular disease [40], this not only indirectly supported the roles of miR-140-3p in CAD risk but also indicated that smoking may 
induce the decrease of miR-140-3p. Smoking history is strongly associated with CVD risk [40], but it is not suitable as a general in
dicator of CVD risk because smokers are fewer and fewer in populations, especially in women [41]. miR-140-3p found to be closely 
related to CAD in this study is a genetic product in the human body and was not observed to change with age and gender, so it is 
expected to become a universal marker for predicting CAD risk. 

In this study, we initially utilized paired samples whereby each participant was screened for differentially expressed miRNAs in 
their plasma before and after CAD diagnosis. We then validated our findings through case-control studies and employed various 
analytical methods, including ML, to determine the correlation between screened miRNAs and CAD, as well as their potential to predict 
CAD risk. All analytical methods yielded consistent and reliable results, giving us confidence in our conclusions. 

5. Study limitations and conclusions 

Limitations of this study may be that: Firstly, the miRNA-TLDA analysis could not detect all miRNAs, which caused many potential 
CAD-related miRNAs might be not detected, yet it’s lucky that we discovered a CAD-related miRNA and validated its high prediction 
capacity in a case-control study; Secondly, this study is a single center study and the results could not be popularized before they are 
further validated in other studies with samples requiring being derived from a wide range of regions and ethnicity. Thirdly, there was 
an age and gender mismatch between the control and CAD groups. To account for this, we conducted a subgroup analysis by gender 
and found no significant difference in the plasma level of miR-140-3p between male and female subgroups. Furthermore, correlation 
analysis between plasma miR-140-3p levels and age indicated that age did not affect miR-140-3p plasma levels. Therefore, the results 
and conclusions are not impacted by the age and gender mismatch. In fact, it highlights the stability of plasma levels of miR-140-3p in 
comparison to HLD-c. 

In conclusion, decreased level of plasma miR-140-3p is independently associated with CAD. Plasma miR-140-3p may be a novel 
biomarker of CAD risk as better than HDL-c, that can be used in combination with other CAD risk factors including HDL-c, APOA1, and 
smoking history to accurately predict CAD risk. 
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