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Construction and application of stroke TCM pattern differentiation model

based on machine learning
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(Abstract] Objective To establish a TCM pattern differentiation model of stroke based on artificial intelligence, and to
provide methods and basis for the construction and application of TCM intelligent pattern differentiation model of stroke. Methods
Chinese Journal Full-text Database (CJFD) was searched for the five pattern types of TCM medical records regarding stroke, with 60
cases in each type. Then a TCM information database of stroke medical records was established. Support vector machine (SVM), K-
nearest neighbor (KNN), random forest (RF), extreme random trees (Extra Trees), XGBoost, and LightGBM after hyper—parameter

optimization were used to construct machine learning models, and 70% of the total data was used as the training set and 30% as
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the test set. Meanwhile, five—fold cross—validation was used to evaluate each model, and Accuracy was the evaluation index to

compare the models accuracy. Results There were 55 input variables (information of stroke obtained by four diagnostic methods of

TCM), and 5 output variables (TCM patterns of stroke). The fitting effect of the six models was good, and the accuracy values were

all above 0.85; among which, the accuracy of SVM model was the highest, up to 0.95. Conclusion The TCM pattern differentiation

model of stroke based on the SVM algorithm can diagnose and predict well, therefore, it is methodologically feasible to apply

machine learning technology for constructing TCM pattern differentiation model of stroke.

(Keywords) artificial intelligence; machine learning; stroke; TCM pattern differentiation model; TCM modernization; pat-

tern; big data
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SVM e JOH: H A 5235 1] 1L 70 2R AR (support
vector classification, SVC) , H:H' probability=True ;
KNN H algorithm="kd_tree”; RF H1  n_estimators=10;
ExtraTrees H1,n_estimators=10;XGBoost H'base_score=
None, booster =None, colsample_bylevel =None, col sam
ple_bynode=None,colsample_bytree=None,enable_cate-
gorical =False,eval_metric ="error’, gamma =None , im-

portance_type = None , interaction_constraints = None ,

learning_rate=None,max_delta_step=None,max_depth=
None , min_child_weight =None , missing =nan , mono
tone_constraints=None,n_estimators=10,n_jobs=None,
num_parallel_tree=None,predictor=None,random_state=
None,reg_alpha=None ,reg_lambda=None,scale _pos_
weight =None, subsample =None, tree_method =None,
use_label_encoder =False , validate_parameters =None
verbosity=None; LightGBM H' ,n_estimators=10,objec-

tive="binary”,
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