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Abstract

The occurrence of hemorrhagic stroke hematoma dilatation events is an important therapeutic
time point in medicine, and if detected in a timely manner can reduce the probability of adverse
prognostic outcomes in stroke patients. In this paper, the risk of hematoma dilatation in hemorr-
hagic stroke patients was predicted using the XGBoost algorithm, and after the model training was
completed, the performance of the model was evaluated using metrics such as confusion matrix,
ROC curves, AUC values, accuracy, precision, recall, and F1_score. After studying the data of 130
patients, it was found that the prediction accuracy of hematoma expansion prediction model
based on XGBoost algorithm was 80%. Among them, the best performance of the prediction model
was achieved when the number of feature vectors was 32, and all the performance metrics were
better than the other number of feature vectors. The number of patient samples included in this
study for modeling is small, and increasing the sample size can be considered to further improve
the prediction accuracy of the model. In conclusion, the hematoma expansion prediction model
based on the XGBoost algorithm can provide reference for medical personnel in clinical treatment
and has certain clinical application value.
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XGBoost HiF e @ T oM I —Fhk, HBRBRR AT 2014 820, A B A Bz 1L ag
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H AT CAEVF 2 U8 2 S, a0 R BB 0 (R W7« 008 A AR Tl - 22 4 FH 245 571 2 Tl U 45
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HZRE MR R, B ma, ZiREEE . ZE BIEH S CEHE AN XGBoost B4 H A4 4 7
TR F PR, Wt 9T 4 SR B XGBoost 4 i il A FH TIUINASE 2R (1 R0 AR 260k 79%, BT FH T HRHT T
BeRpZ e W 2 R AN R RN 2R . 45 BT, H AT XGBoost FYATE R 24 U R AH SSHIE 7L 5 B
M, R 7B R G R BNE R S NS 77, 1E TGRS T SO A, HBIER %5 N A TR 4
Hh Ry BB RS EARE HE R YT

AT, BRI XGBoost S FH I H ik v A r g g R AR I Sk SR ROME R . 1T XGBoost
SR W 2R, AT B S T TN P i A e R R A I B S 0 ), DR AR S S
H 1 e i A R S R SR R 25 XGBoost 5, A H i i A o R I b sk PSR, T
LA O A R R0 48 /NI S 75 R AR L 5K A, AT BT N AFEREAT I RER TR R HR ik — 2 5%

2. AMRSFHE
2.1. RMHR

AH T A B BeE ok BT 130 44 A A rb B O USRIl SRS RS R B A
BRI E. RIWER. WITHRER. 2R CT FRAGR LGB EHIE. BB S HI 4.
BHEAESAIS 18] UL KB AL GLE . TORRHIE RO A 5545 R

2.2. ETF XGBoost B A M Ab4 48 2= Fm = 8
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Figure 1. Procedure for calculating the time taken from the moment of the hematoma expansion event to the moment of the
patient’s onset of symptoms
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Table 1. Performance comparison of algorithms with different number of features

= 1 FRFHERERNE A RETEL

T FEIF SR e 2 AUC FEHR AE R F1_score
LN i
103 T3 0.80 0.37 0.80 1.0 0.89
XGBoost 7
103 T 0.70 0.41 0.78 0.87 0.82
L . il
HeAr S5 45 Tt 0.80 0.66 0.80 1.0 0.89
XGBoost 32 7 0.80 0.68 0.80 1.0 0.89
16 T 0.80 0.59 0.80 1.0 0.89
Table 2. Optimal hyperparameter value of the model when the number of features is 32
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learning_rate 0.07
n_estimators 200
gamma 0
reg_lambda 1
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Figure 2. ROC curves for hematoma expansion prediction models
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Figure 3. Confusion matrix for predictive modeling of hematoma expansion
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