2655104
2023 4F10 A

BAETHE  SOFTWARE ENGINEERING

Vol.26 No.10
Oct. 2023

SEHRS :2096-1472(2023)10-0001-04

DOI:10.19644/j.cnki.issn2096-1472.2023.010.001

& T 5 & RS R = S SRS IR 4R b

kg, PRipE

GLAMEXFHENAFE TR2FR, WA F5
X zhangfeng@ sdust.edu.cn; ¢jj202083060002@ 163.com

266590)

OB YA LR R R A S S I B A T 2R IR 2 o) B T X SR R PLER
S BOR BN R A T R TR A . SCEE Y Se A 20 S T WL 2 T R A 27 A &5t ST 00 A6 70 f) S AR G A 5
U AR GE AT B THLs 7 > HOR B RGN AR T 80 27 > Bs AR AL, I 23 3 T AR o R R il R A i A 4

B FEOE R ST T TAE 5 550 J5 43 BT FLE S (8 1 P22 ) R 5 A 7 B 3 11 A

JEER,

SRR AR ARV s SRR RRAE 5 R A2 B s G Tt

FE 5K S:TP391 RS A

IR AR T T A

QO

4
Overview of Learning Data Features Applicayv%)\!dent Performance Prediction

ZHANG Fen @ngj ing
é

(School of Computer Science and Engineering, Sh g

D} zhangfeng@sdust.

Abstract: Currently, in th
types of learning data. Bas
students' grades. Firstly, t
technique is introdu

technique is systematical

fve sity of Science and Technology, Qingdao 266590, China)
; €jj202083060002@ 163.com

S o'online and offline learning, students' learning activities generate various
ata, machine learning technology can be used to train prediction models for
ocess of building student performance prediction model based on machine learning
the learning data features used in performance prediction based on machine learning

reviewed, and the research work of performance prediction based on non-process data

features and process data features is introduced. Finally, the shortcomings of using the two types of learning data

features to predict performance are summarized, and the prospects for future research work is presented.
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(Performance prediction process based on
machine learning technique)
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based on machine learning techgique '
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