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Table 1 Comparison of admission clinical indicators between patients with good and poor AIS prognosis [ (mean=std)/n (%) ]

TG RIF (n=666)

WE AR (r=108)

Varfbiﬁe%ame Good prognosis Poor prognosis PPvfue
(n=666) (n=108)
Gender Female 307(46.10%) 49(45.37%) 0. 888
Male 359(53.90%) 59(54.63%)
Age/a 60. 22 (54.50,65.29) 63.91 (58.01,69. 64) <20.001
BMI/ (kg/m*) Normal body weight 257(38.59%) 44(40. 74 %) 0. 469
Low weight 36(5.41%) 2(1.85%)
Overweight 252(37.84%) 42(38.89%)
Fat 121(18.17%) 20(18.52%)
WBC/(X10°/L) 7.73+2.68 7.08+2.38 0.012
NEU/(X10°/L) 4.84+1.52 4.84+1.67 0.997
LYM/(X10°/L) 1.684+0.55 1.6520. 60 0.617
NLR 3.16+5. 20 3.34%+1. 80 0.508
MON/ (X 10" /L) 0.31240.10 0.33%0.10 0.147
PLT/(X10°/L) 220.28+7. 14 219.5147. 27 0.302
CRP/(mg/L) 9.85+3.28 12.2743.70 <<0.001
PT/s 13.44745.63 13.3145. 40 0.810
LDL/(mmol/L) 3.524+1.02 3.57%1.15 0.705
HDL/(mmol/L) 0.72+0. 23 0.7340.24 0.636
HDL-LDL ratio 0.23240.13 0.2340. 14 0.614
TC/(mmol/L) 6.34+2.01 6.36+=2.16 0.937
TG/ (mmol/L) 1.44+0. 33 1.35%0. 30 0. 008
T-BIL/(mmol/L) 12. 6043, 32 12.9443.52 0. 359
CYS/(pmol/L) 14,5443, 87 14.1443.55 0.294
Ea“{”ﬁal‘ I“Sk““ftef of 10.00 (8.00,12. 00) 12.00 (10.00,14.00) <0. 001
ealt stroke scale score
Glasgow coma scale 9.00 (7.00,11.00) 8.00 (6.00,10.00) <<0. 001
score
Infarct volume/mm”® 64.97420. 82 74.40£26.08 <20. 001
Onset-treatment time/h 7.8240.74 8.32%+1.20 <0. 001
Type 2 diabetes No 580(87.09%) 96(88.89%) 0.601
Yes 86(12.91%) 12C11.11%)
Hypertension No 584(87.69%) 97(89.81%) 0.528
Yes 82(12.31%) 11¢10.19%)
Stroke No 606(90. 99%) 97(89. 81%) 0. 694
Yes 60(9.01%) 11¢10.19%)
Stenocardia No 625(93.84%) 100(92.59%) 0. 620
Yes 41(6.16%) 8(7.41%)
Myocardial infarction Yes 638(95. 80%) 104(96. 30%) =>0.999
No 28(4.20%) 4(3.70%)
Atrial fibrillation Yes 603(90. 54 %) 95(87.96 %) 0. 404
No 63(9.46%) 13(12.04%)
Efg;g‘g’fkﬁﬁ:m Yes 651(97.75%) 103(95.37%) 0.181
No 15(2.25%) 5(4.63%)
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Table 2 Comparison of the predictive capabilities of 15 machine learning classification algorithms (test dataset)
AL B iR it 28 7T 1 AR FEJUES UL ES F1 4% eSS
Model name Accuracy AUC Recall Precision F1 score Kappa
Extreme Gradient Boosting (XGB) 0. 87 0. 81 0.28 0.78 0.41 0. 35
Light Gradient Boosting (LGB) 0. 86 0. 80 0.32 0.63 0. 40 0. 34
CatBoost classifier 0. 86 0.79 0. 35 0. 68 0.43 0. 37
Random forest 0. 84 0.78 0.11 0.35 0.16 0.13
Extra trees classifier 0.83 0.78 0.02 0.10 0.03 0.02
Gradient boosting decision tree 0. 85 0.77 0.32 0.55 0. 39 0.31
Logistic regression 0. 82 0.76 0.27 0.43 0. 30 0.22
Linear discriminant analysis 0. 83 0.75 0.27 0. 39 0. 31 0.22
AdaBoost classifier 0.82 0.72 0. 30 0.42 0.34 0.25
Naive bayes model 0.67 0.70 0. 39 0. 31 0.29 0.15
Decision tree 0.81 0.68 0.48 0.45 0.44 0.33
k-Nearest neighbor 0.82 0.57 0.07 0. 20 0. 10 0. 06
Quadratic discriminant analysis 0.82 0. 45 0. 00 0. 00 0. 00 —0.02
SVM-Linear kernel 0.79 0. 00 0.39 0.30 0.33 0.22
Ridge regression 0.83 0. 00 0.21 0.47 0.28 0.21

True positive rate

—— ROC of class 0, AUC=0.80

—— ROC of class 1. AUC=0.80
B ——+micro-average ROC curve, AUC=0.91
| ——-macro-average ROC curve, AUC=0.81

0.2 0.4 0.6 0.8 1.0
False positive rate

Class 0 means favourable prognosis, class 1 means un-
favourable prognosis.
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Fig. 1 ROC curve and AUC (test dataset) of XGB mod-
el predicting short-term poor prognosis of AIS patients beyond
the time window for thrombolysis
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ous coronary intervention:a machine learning approach

Establishment and Validation of a Short-term Prognostic Model
for Acute Ischemic Stroke Patients Beyond the Time Window for
Intravenous Thrombolysis Based on Machine Learning

ZHOU Hui' ,FENG Bing”" " ,LIU Xuri' .ZOU Yong', TANG Hui', HUANG Qinbin’,

CHEN Tingjun®,ZOU Donghua’
(1. Traditional Chinese Medicine Hospital of Guiping City. Guiping, Guangxi,537200, China; 2. Guiping People’s Hospital, Guip-
ing, Guangxi, 537200, China; 3. The Second Affiliated Hospital of Guangxi Medical University, Nanning, Guangxi, 530007 , China)

Abstract : The objective of this study is to investigate the effects of clinical data at admission on the short-term
adverse outcomes of Acute Ischemic Stroke (AIS) patients beyond the time window for intravenous throm-
bolysis. The clinical data of 774 AIS patients beyond the time window for thrombolysis treated in the depart-
ment of neurology in the Traditional Chinese Medical Hospital of Guiping City were collected. The clinical in-

dicators at admission of patients with different short-term prognoses were compared. Machine learning classi-
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fication algorithms were used to model and analyze the factors influencing poor prognosis within 90 d. The
prediction performance and accuracy of the nomogram model were evaluated based on the Receiver Operating
Characteristic (ROC) curve and calibration plot. The results showed: (1)13.95% (108 cases) of the patients
had poor prognosis within the 3-month follow-up period. (2) The patients with poor prognosis had higher
age,levels of White Blood Cell (WBC) ,C-Reactive Protein (CRP) ,and Triglyceride (TG) , National Institutes
of Health Stroke Scale (NIHSS) score at admission,infarct volume,and onset-to-treatment time than the pa-
tients with good prognosis. The patients with poor prognosis had lower Glasgow Coma Scale (GCS) score at
admission than the patients with good prognosis (P <C0.05). The Extreme Gradient Boosting (XGB) algo-
rithm performed best,with the area under the ROC curve (AUC) of 0. 81,and the calibration curve showed a
high degree of consistency between the predicted and actual occurrence of risk. (3) The top six predictive vari-
ables selected by the XGB algorithm were onset-to-treatment time, CRP level at admission,age,infarct vol-
ume, TG level,and NIHSS score. These results indicate that the XGB algorithm can be used to predict the
factors influencing short-term poor prognosis in AIS patients beyond the time window for intravenous throm-
bolysis.

Key words: acute ischemic stroke; beyond the time window for thrombolysis; prognosis; machine learning;

clinical prediction model
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Short-term Wind Power Forecasting Based on VMD-GRAU

XIE Jincai'*, YU Qiancheng'** " s WANG Zhici'"*, HU Zhiyong'*,YU Xulong'*,

WANG Aogiang'**

(1. School of Computer Science and Engineering, North Minzu University, Yinchuan, Ningxia, 750021, China; 2. Laboratory of
Graphics and Images of the State Ethnic Affairs Commission, North Minzu University, Yinchuan, Ningxia, 750021, China)

Abstract ;: The existing short-term wind power prediction models are difficult to accurately capture the nonlin-
ear mapping relationship between wind power historical monitoring data and wind power and adapt to the en-
vironmental changes in wind speed, which lead to poor prediction results. In view of these problems.a wind
power prediction model was designed based on Variational Mode Decomposition (VMD) and Recurrent Neu-
ral Network (RNN). The model first performed VMD of the wind power data to avoid the problems of mode
mixing and false peaks,and proposed the Gated Recurrent Attention Unit (GRAU) model,which designed an
attention gate to enhance the ability of RNN to capture the important sequential features and robustness. An
error correction module was designed to reduce the effects of stochasticity and volatility in wind power pre-
diction,and finally a sparse regularization term was added in the loss function to prevent the model from be-
ing overfitted. The experimental results showed that the proposed VMD-GRAU model achieved the average
values of 0.022,0.016, and 0.995 in terms of Mean Absolute Error (MAE), Root Mean Square Error
(RMSE) ,and R? score, respectively. The model proposed in this study improved the MAE by 26% —31%
compared with GRU and Transformer models and had good generalization performance in different environ-
ments.

Key words: wind power prediction;variational mode decomposition;attention mechanism;regularization
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