Table S1 The first ten features of models
	Model 1
	Model 2
	Model 3
	Model 4
	Model 5
	Model 7
	Model 8
	Model 9
	Model 10

	Features
	Values
	Features
	Values
	Features
	Values
	Features
	Values
	Features
	Values
	Features
	Values
	Features
	Values
	Features
	Values
	Features
	Values

	original shape Least Axis Length
	0.11691001
	original shape Elongation
	0.277459819
	original shape Least Axis Length
	3.02589641
	original first order Total Energy
	0.06478649
	original first order Variance
	0.28865124
	original GLDM Low Gray Level Emphasis
	0.0857546
	original shape Flatness
	0.356334555
	original shape Least Axis Length
	0.231609957
	original shape Elongation
	0.39238453

	original shape Flatness
	0.0909698
	original shape Flatness
	0.134726428
	original shape Flatness
	-3.02589641
	original shape Maximum 2D DiameterColumn
	0.06404052
	original GLCM Cluster Tendency
	0.25561287
	original GLRLM High Gray Level Run Emphasis
	0.05769052
	original shape Least Axis Length
	0.223838734
	original shape Flatness
	0.188894706
	original GLCM Idmn
	0.24455544

	original GLRLM Run Entropy
	0.03862408
	original shape Major Axis Length
	0.109184796
	original shape Elongation
	2.03011353
	original first order Skewness
	0.05871446
	original GLCM Contrast
	0.11280454
	original GLRLM Long Run Emphasis
	0.05561767
	original GLCM Contrast
	0.083566527
	original shape Elongation
	0.062915945
	original GLCM Joint Energy
	0.22485392

	original GLSZM Zone Variance
	0.03328347
	original shape Maximum 2D Diameter Row
	0.108445119
	original first order Mean
	-1.83865067
	original first order Minimum
	0.04824152
	original shape Maximum 2D DiameterColumn
	0.04987619
	original GLRLM Low Gray Level Run Emphasis
	0.04877286
	original GLCM Id
	0.081386074
	original GLSZM Gray Level Variance
	0.036761935
	original GLCM Difference Average
	0.13820611

	original GLDM Dependence Entropy
	0.02585372
	original shape Least Axis Length
	0.088341807
	original shape Mesh Volume
	-1.55777588
	original GLCM Autocorrelation
	0.04802853
	original shape Surface Area
	0.03579794
	original shape Flatness
	0.04851525
	original GLCM Idn
	0.080931096
	original NGTDM Busyness
	0.032320081
	original shape Voxel Volume
	0

	original GLSZM Low Gray Level Zone Emphasis
	0.02582717
	original shape Maximum 2D DiameterColumn
	0.077271152
	original GLDM Dependence Variance
	1.15294799
	original GLCM Cluster Prominence
	0.04659088
	original GLDM Gray Level Variance
	0.03256252
	original first order Interquartile Range
	0.03823155
	original GLCM MCC
	0.032193421
	original GLRLM Gray Level Non Uniformity Normalized
	0.031150941
	original first order Median
	0

	original first order Variance
	0.02354911
	original shape Maximum 2D DiameterSlice
	0.064583923
	original GLDM Gray Level Variance
	-1.40899415
	original first order Interquartile Range
	0.04265513
	original GLCM Joint Energy
	0.02379385
	original shape Least Axis Length
	0.0349391
	original GLCM Sum  Average
	0.024636554
	original GLSZM Zone Variance
	0.02800523
	original first order Mean
	0

	original GLDM Gray Level Variance
	0.02108484
	original shape Mesh Volume
	0.05942464
	original GLCM Imc2
	1.3900219
	original shape Voxel Volume
	0.03745191
	original first order Skewness
	0.02248714
	original GLDM Small Dependence High Gray Level Emphasis
	0.03353255
	original shape Maximum 3D Diameter
	0.023578377
	original GLSZM Low Gray Level Zone Emphasis
	0.021936017
	original first order Mean Absolute Deviation
	0

	original GLDM Small Dependence Emphasis
	0.02069152
	original shape Maximum 3D Diameter
	0.038226073
	original GLCM Difference Variance
	-1.31648712
	original first order Root Mean Squared
	0.03709739
	original shape Maximum 3D Diameter
	0.02079118
	original shape Surface Volume Ratio
	0.02642578
	original GLCM Imc2
	0.014694434
	original GLSZM Size Zone Non Uniformity Normalized
	0.020147048
	original first order Maximum
	0

	original GLCM Difference Entropy
	0.01892736
	original first order Minimum
	0.010891729
	original GLSZM Zone Variance
	-1.12076807
	original shape Maximum 2D DiameterSlice
	0.03606743
	original shape Maximum2DDiameterRow
	0.01390397
	original GLDM Large Dependence High Gray Level Emphasis
	0.02586873
	original GLCM Correlation
	0.012938178
	original GLRLM Run Variance
	0.019498927
	original first order Kurtosis
	0


Abbreviation: GLCM = gray level co-occurrence matrix, GLSZM = gray level size zone matrix, GLDM = gray level dependent matrix, NGTDM = neighbourhood gray-tone difference matrix, GLRLM = gray level run length matrix. 

Table S2. Specific information for each model using 5-folds cross validation. 

	Variable
	Accuracy
	Specificity
	Sensitivity
	F1-score
	AUC

	Model 1
	0.700833
	0.477161
	0.532576
	0.48956
	0.69

	Model 2
	0.676667
	0.589791
	0.611364
	0.589486
	0.74

	Model 3
	0.701667
	0.635707
	0.654545
	0.636618
	0.73

	Model 4
	0.715833
	0.717532
	0.598485
	0.605767
	0.72

	Model 5
	0.741667
	0.734486
	0.624242
	0.640169
	0.67

	Model 6
	0.765833
	0.672009
	0.646212
	0.64329
	0.73

	Model 7
	0.728333
	0.724603
	0.617394
	0.613949
	0.69

	Model 8
	0.74
	0.686021
	0.620455
	0.613527
	0.75

	Model 9
	0.728333
	0.588059
	0.57197
	0.566442
	0.63

	Model 10
	0.730833
	0.658723
	0.538636
	0.550085
	0.65


	Models
	Methods
	Parameters

	Model 1
	Random Forest Classifier
	bootstrap=False, criterion="entropy", max features=0.05, min samples leaf=9, min samples split=17, n estimators=100

	Model 2
	Extra Trees Classifier
	bootstrap=False, criterion="entropy", max features=0.3, min samples leaf=17, min samples split=7, n estimators=100

	Model 3
	Logistic Regression
	C=25.0, dual=True, penalty="l2"

	Model 4
	Random Forest Classifier
	bootstrap=False, criterion="entropy", max features=0.1, min samples leaf=5, min samples split=3, n estimators=100

	Model 5
	Random Forest Classifier
	bootstrap=False, criterion="entropy", max features=0.35000000000000003, min samples leaf=15, min samples split=12, n estimators=100

	Model 7
	Random Forest Classifier
	bootstrap=False, criterion="entropy", max features=0.2, min samples leaf=5, min samples split=5, n estimators=100

	Model 8
	Gradient Boosting Classifier
	learning rate=0.1, max depth=7, max features=1.0, min samples leaf=20, min samples split=8, n estimators=100, subsample=1.0

	Model 9
	Random Forest Classifier
	bootstrap=False, criterion="gini", max features=0.25, min samples leaf=1, min samples split=5, n estimators=100

	Model 10
	Decision Tree Classifier
	criterion="entropy", max depth=5, min samples leaf=3, min samples split=2


Table S3 Specific parameters for each model

Figure S1. Area under the curve of manual machine learning (SVM) based on leave-one-out method.
The x-coordinate is the false positive rate, and the y-coordinate is the true positive rate. The area under the curve (AUC) of this model is 0.66 and the accuracy is 0.73
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Figure S2. Area under the curve of model 6 based on 5-folds cross validation in validation sets.
The x-coordinate is the false positive rate, and the y-coordinate is the true positive rate. The dotted lines represent diagonals, and the black dotted line represents operating characteristic curves (ROC). The area under the curve (AUC) of model 6 is 0.87.
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Code

import numpy as np

import pandas as pd

from sklearn.linear_model import LogisticRegression

from sklearn.model_selection import train_test_split

from sklearn.neighbors import KNeighborsClassifier

from sklearn.pipeline import make_pipeline, make_union

from sklearn.preprocessing import Normalizer, RobustScaler

from tpot.builtins import StackingEstimator

from xgboost import XGBClassifier

## NOTE: Make sure that the outcome column is labeled 'target' in the data file

#tpot_data = pd.read_csv('PATH/TO/DATA/FILE', sep='COLUMN_SEPARATOR', dtype=np.float64)

#features = tpot_data.drop('target', axis=1)

#training_features, testing_features, training_target, testing_target = \

#            train_test_split(features, tpot_data['target'], random_state=None)

#

## Average CV score on the training set was: 0.9238095238095237

#exported_pipeline = make_pipeline(

#    RobustScaler(),

#    StackingEstimator(estimator=KNeighborsClassifier(n_neighbors=44, p=2, weights="uniform")),

#    RobustScaler(),

#    StackingEstimator(estimator=KNeighborsClassifier(n_neighbors=45, p=2, weights="uniform")),

#    Normalizer(norm="l2"),

#    StackingEstimator(estimator=XGBClassifier(learning_rate=1.0, max_depth=2, min_child_weight=2, n_estimators=100, nthread=1, subsample=0.2)),

#    LogisticRegression(C=20.0, dual=False, penalty="l1")

#)

#

#exported_pipeline.fit(training_features, training_target)

#results = exported_pipeline.predict(testing_features)

#iris='F:\ceshi\\final_feature_chufafufa.csv'

#df=pd.read_csv(iris)

#    #print(df.head())

#df.replace('?',np.nan,inplace=True)

#df.dropna(inplace=True)

#df.drop(['id'],1,inplace=True)

#    #print(df.head())

#X=np.array(df.drop(['class'],1))

#y=np.array(df['class'])

#

#cv = StratifiedKFold(n_splits=11)  

#rfc= make_pipeline(

#    RobustScaler(),

#    StackingEstimator(estimator=KNeighborsClassifier(n_neighbors=44, p=2, weights="uniform")),

#    RobustScaler(),

#    StackingEstimator(estimator=KNeighborsClassifier(n_neighbors=45, p=2, weights="uniform")),

#    Normalizer(norm="l2"),

#    StackingEstimator(estimator=XGBClassifier(learning_rate=1.0, max_depth=2, min_child_weight=2, n_estimators=100, nthread=1, subsample=0.2)),

#    LogisticRegression(C=20.0, dual=False, penalty="l1")

#)

#

##iris = datasets.load_iris()

##X = iris.data

##y = iris.target

##X, y = X[y != 2], y[y != 2]  # 去掉了label为2，label只能二分，才可以。

##n_samples, n_features = X.shape

### 增加噪声特征

##random_state = np.random.RandomState(0)

##X = np.c_[X, random_state.randn(n_samples, 200 * n_features)]

### 

##cv = StratifiedKFold(n_splits=6)    #导入该模型，后面将数据划分6份

##classifier = svm.SVC(kernel='linear', probability=True,random_state=random_state)   # SVC模型 可以换作AdaBoost模型试试

# 

## 画平均ROC曲线的两个参数

#mean_tpr = 0.0              # 用来记录画平均ROC曲线的信息

#mean_fpr = np.linspace(0, 1, 100)

#cnt = 0

#for i, (train, test) in enumerate(cv.split(X,y)):       #利用模型划分数据集和目标变量 为一一对应的下标

#    cnt +=1

#    probas_ = rfc.fit(X[train], y[train]).predict_proba(X[test]) # 训练模型后预测每条样本得到两种结果的概率

#    fpr, tpr, thresholds = roc_curve(y[test], probas_[:, 1])    # 该函数得到伪正例、真正例、阈值，这里只使用前两个

# 

#    mean_tpr += np.interp(mean_fpr, fpr, tpr)   # 插值函数 interp(x坐标,每次x增加距离,y坐标)  累计每次循环的总值后面求平均值

#    mean_tpr[0] = 0.0           # 将第一个真正例=0 以0为起点

# 

#    roc_auc = auc(fpr, tpr)  # 求auc面积

#    plt.plot(fpr, tpr, lw=1, label='ROC fold {0:.2f} (area = {1:.2f})'.format(i, roc_auc))    # 画出当前分割数据的ROC曲线

# 

#plt.plot([0, 1], [0, 1], '--', color=(0.6, 0.6, 0.6), label='Luck') # 画对角线

# 

#mean_tpr /= cnt   # 求数组的平均值

#mean_tpr[-1] = 1.0   # 坐标最后一个点为（1,1）  以1为终点

#mean_auc = auc(mean_fpr, mean_tpr)

# 

#plt.plot(mean_fpr, mean_tpr, 'k--',label='Mean ROC (area = {0:.2f})'.format(mean_auc), lw=2)

# 

#plt.xlim([-0.05, 1.05])     # 设置x、y轴的上下限，设置宽一点，以免和边缘重合，可以更好的观察图像的整体

#plt.ylim([-0.05, 1.05])

#plt.xlabel('False Positive Rate')

#plt.ylabel('True Positive Rate')    # 可以使用中文，但需要导入一些库即字体

#plt.title('Receiver operating characteristic example')

#plt.legend(loc="lower right")

#plt.show()

#

#rfc.fit(X[train], y[train])

#accuracy=rfc.score(X[test],y[test])

#print("accuracy:%s"%accuracy)

#results=rfc.predict(X[test])

#print(results)

from sklearn.model_selection import StratifiedKFold

from sklearn.metrics import roc_curve, auc

import matplotlib.pyplot as plt

# iris='D:\ceshi\\final_feature_chufafufa.csv'

iris='D:\ceshi\\final_feature_chufafufa_resample.csv'

df=pd.read_csv(iris)

    #print(df.head())

df.replace('?',np.nan,inplace=True)

df.dropna(inplace=True)

df.drop(['id'],1,inplace=True)

    #print(df.head())

X=np.array(df.drop(['class'],1))

y=np.array(df['class'])

#X_train,X_test,y_train,y_test=model_selection.train_test_split(X,y,test_size=(19/77))

cv = StratifiedKFold(n_splits=5)  

dtc=LogisticRegression(C=20.0, dual=False, penalty="l1", solver='liblinear') #solver='liblinear'可以解决raise ValueError("Solver %s supports only 'l2' or 'none' penalties, "问题

rfc=make_pipeline(

    RobustScaler(),

    StackingEstimator(estimator=KNeighborsClassifier(n_neighbors=44, p=2, weights="uniform")),

    RobustScaler(),

    StackingEstimator(estimator=KNeighborsClassifier(n_neighbors=45, p=2, weights="uniform")),

    Normalizer(norm="l2"),

    StackingEstimator(estimator=XGBClassifier(learning_rate=1.0, max_depth=2, min_child_weight=2, n_estimators=100, nthread=1, subsample=0.2)),

    dtc

)

# 画平均ROC曲线的两个参数

mean_tpr = 0.0              # 用来记录画平均ROC曲线的信息

mean_fpr = np.linspace(0, 1, 100)

cnt = 0

accuracyl=[]

precisionl=[]

recalll=[]

f1_scorel=[]

for i, (train, test) in enumerate(cv.split(X,y)):       #利用模型划分数据集和目标变量 为一一对应的下标

    cnt +=1

    probas_ = rfc.fit(X[train], y[train]).predict_proba(X[test]) # 训练模型后预测每条样本得到两种结果的概率

    fpr, tpr, thresholds = roc_curve(y[test], probas_[:, 1])    # 该函数得到伪正例、真正例、阈值，这里只使用前两个

    mean_tpr += np.interp(mean_fpr, fpr, tpr)   # 插值函数 interp(x坐标,每次x增加距离,y坐标)  累计每次循环的总值后面求平均值

    mean_tpr[0] = 0.0           # 将第一个真正例=0 以0为起点

    roc_auc = auc(fpr, tpr)  # 求auc面积

    plt.plot(fpr, tpr, lw=1, label='ROC fold {0:.2f} (area = {1:.2f})'.format(i, roc_auc))    # 画出当前分割数据的ROC曲线

    accuracy=rfc.score(X[test],y[test])

    rfc=rfc.fit(X[train],y[train])

    y_pred=rfc.predict(X[test])

    from sklearn.metrics import precision_score

    from sklearn.metrics import recall_score

    from sklearn.metrics import f1_score

    precision=precision_score(y[test], y_pred,average='macro')

    recall=recall_score(y[test], y_pred,average='macro')

    f1_score=f1_score(y[test], y_pred,average='macro')

    accuracyl.append(accuracy)

    precisionl.append(precision)

    recalll.append(recall)

    f1_scorel.append(f1_score)

plt.plot([0, 1], [0, 1], '--', color=(0.6, 0.6, 0.6), label='Luck') # 画对角线

mean_tpr /= cnt   # 求数组的平均值

mean_tpr[-1] = 1.0   # 坐标最后一个点为（1,1）  以1为终点

mean_auc = auc(mean_fpr, mean_tpr)

plt.plot(mean_fpr, mean_tpr, 'k--',label='Mean ROC (area = {0:.2f})'.format(mean_auc), lw=2)

plt.xlim([-0.05, 1.05])     # 设置x、y轴的上下限，设置宽一点，以免和边缘重合，可以更好的观察图像的整体

plt.ylim([-0.05, 1.05])

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')    # 可以使用中文，但需要导入一些库即字体

plt.title('Receiver operating characteristic example')

plt.legend(loc="lower right")

plt.show()

rfc.fit(X[train], y[train])

#def Get_Average(accuracyl):

#   sum = 0

#   for item in accuracyl:     

#      sum += item  

#   return sum/len(accuracyl)

sum = 0

for i in accuracyl:

    sum = sum + i

    meanaccuracyl = sum/len(accuracyl)

print('accuracy is ',meanaccuracyl)

print(accuracyl)

sum = 0

for i in precisionl:

    sum = sum + i

    meanprecisionl = sum/len(precisionl)

print('precision is ',meanprecisionl)

print(precisionl)

sum = 0

for i in recalll:

    sum = sum + i

    meanrecalll = sum/len(recalll)

print('recall is ',meanrecalll)

print(recalll)

sum = 0

for i in f1_scorel:

    sum = sum + i

    meanf1_scorel = sum/len(f1_scorel)

print('f1_score is ',meanf1_scorel)

print(f1_scorel)

#acc = accuracyl.mean()

#pre=precisionl.mean()

#re=recalll.mean()

#f1=f1_scorel.mean()

#print('accuracy is ',acc)

#print('Precison is ',pre)

#print('Recall is ',re)

#print('F1-score is',f1)

##print(accuracy)

#获取每个特征的重要性

feature_importances = dtc.coef_

feature_importances = feature_importances[0]

print(feature_importances)
