%520 HH 1 BRIV K2R (TR AR) Vol. 20 No. 1
2020 4E 3 H JOURNAL OF NANJING NORMAL UNIVERSITY (ENGINEERING AND TECHNOLOGY EDITION) Mar, 2020

doi:10.3969/j.issn.1672-1292.2020.01.006

L2 YLK S s I eV B 1 I DTSR O 5
x| 4, TR
(T AU R 2 R B2 B, V195 F At 210023)

(FE] TELe I Db 2R T T 3 T T G AR 2 2 A RE A P 3 11 B MR SR A 2 i, (EL A
P I RS R  F) B) TE DP A AR AT AR Ryt T AL e > BRIV R B e A [T AR R A S B SR By
PO B A SO BRI b ST BT OB RO S O R I, SRS A6 L T bR iE S A5 R eI 2
B 1A X SO R A T PN A, R LAAUL & D0 RE 58 UG B2 75 22 R4 J7 1 22 D F A Al B3 2008
B D LAB S R0 R 27 ) B A < BR - 5 (R 2% e A 5 44 ) IRFR 1Y 575 A0 R Bl B, Sl T M 4%
B2 A AU AR 7 5 2R A IBURI A i Jor ) A AR I TR PEAY . S e T, B0 HE RSB T Il S 332 g i M AR
PERIOE T A SRR RS % IR Y BEAE AN 5 A>3 SCA b W B AR DG AR IR 2 B2, BT ek ARSCHE (N SR &
M BEFRFERE AT RO S B SCAR Bl [ S, DT Ry B8 60272 A Fa2 Wi (L RE 1.

(KR ] Hlavssd  SORBER I BEESC R A fELss T AR X T

[RESES G434 [ XEIREB]A [ XEHS]1672-1292(2020)01-0033-09

Regression Model Research on Posting Quality Evaluation
in Online Learning Community
Liu Jinjing, Wang Liying
(School of Education Science , Nanjing Normal University, Nanjing 210023 , China)

Abstract : In the online learning community , postings based on open topics in a variety of teaching contexts enable students
to articulate the progress of self-knowledge updat, but with the increasing costs of reading, evaluating and analyzing these
posts. To alleviate it,the machine learning theory is applied to construct a regression model for posting quality evaluation.
Firstly ,the model constructs five dimensions of text quality evaluation and the conceptual relationship diagram on which the
calculation depends. Secondly,combined with the expert scoring standard and the scoring result, the model uses multiple
fitting regression algorithms to predict and evaluate the text quality. Finally, the algorithm is evaluated by coefficient of
determination , cross-validation accuracy and mean square error. This paper takes 575 posts of the“Shu Ke” platform which
advocates knowledge construction from*Network Security and Maintenance” course as a dataset. The model can realize the
feature extraction and predict the posting quality evaluation by means of conceptual relationship diagram. The experimental
results show that the accuracy and stability of the gradient decision boosting tree regression algorithm are better than those
of other algorithm models. The regression model can effectively realize the automatic evaluation of text quality based on five
characteristic dimensions that are significantly related to text quality: readability, relevance, cohesion, professionalism and
exploration, thus reducing the burden on teachers and helping students with self-diagnosis.
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Fig. 1 Research framework of posting quality evaluation in online learning community
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Table 2 Explanation of evaluation indicators of online posting quality
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Table 3 Feature values of evaluation indicators and scores
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Table 4 Partial indicators scores and manual scores of posting content
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Fig. 4 Path of selecting optimal machine learning algorithm
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Fig. 6 Predicted and true scores of posting evaluation
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