557 B 3 W KON K F F R(E FR) Vol. 57 No. 3
2025 4 5 H J. Zhengzhou Univ. ( Nat. Sci. Ed. ) May 2025

KEHSH TETERNMBIUXZRIAZ BT =5

F &, ®Fz, A F, MEM, HEH
(AIETAL R AR SHOREBE %8 A1 230601)

FEE . UA INEHS B K 2 36 T 78 40 19 25 A5 UBHE S AT 2 W, SR T 300 50 v 2 A 10 8080 E S) A B 5 1R S
S R OCHR BB R A A, BB 43 2 AR OB R i /D B 40 A b R S B AU R R Bk, R
B2 — A3 T2 AHALSCE R G IA IS WA | 58 5e 2 AE R 280 i Sk 4 R B DT I R B i S aE A 3 AR
MOPIAR LR B I 2 ARG R o AT A2 P9 AR LG 2858 5k 56 3R ] 45 BRI 46 0 Sk 40 A BG4 R 4
U0 R Y A5 AT G R I M 5 G 0 R R R 12 B R BT 12 T

KW WHSW; KES; AR, BRAMKEER,; BB

hES XS, TP391 LRKFRERD: A XEHES: 1671-6841(2025)03-0035-07

DOI: 10. 13705/j. issn. 1671-6841. 2023115

Cognitive Diagnosis Model Based on Intra-layer Similarity with
Long Tail Distribution
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(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

Abstract; Most of current cognitive diagnostic models that existed in the past predominantly relied on a-
bundant student response records for diagnosis. However, in reality, the interconnections among
students’ response records, items, and knowledge concepts exhibited a long-tail distribution. That meant
that some students had a limited number of response records, and some items were covered by only a few
knowledge concepts. This challenge was posed for model training. To address this issue, a cognitive diag-
nostic model based on intra-layer similarity relationships was proposed. Using a simple matching coeffi-
cient, the similarity coefficients of students, items, and knowledge concepts were calculated based on
their response records. This process established intra-layer similarity relationships for students, items,
and knowledge concepts. These intra-layer relationships were then utilized by the model, and a relational
graph convolutional network was employed to propagate information from head nodes to tail nodes. This
approach aimed to improve the sparsity of inter-layer relationships in the tail nodes. A diagnostic function
that incorporated knowledge point representations was used for cognitive diagnosis.
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Figure 1 Construction of the intra-layer similarity relationship
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Figure 2 Framework of cognitive diagnostic model based on intra-layer similarity relationships
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Table 1 Statistical information of three data sets

AR Mooper ~ ASSIST JunYi
#Students 1 001 2 493 10 000
#Exercises 7 218 17 746 835
#Concepts 3271 123 835
#Responses 31 581 267 415 353 835
#Concepts per exercise 3.7 1.2 1
#Responses per student 15.4 107.27 35.38
#Tail nodes of student 531 1133 —
#Tail nodes of exercise 2 735 14 660 —
#Tail nodes of concept 1230 — —
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Table 2 Experimental results of methods on three data sets B %
Mooper ASSIST JunYi
LY
AUC ACC AUC ACC AUC ACC
IRT 67. 34 61.16 69. 81 64. 26 77. 41 67. 68
DINA 62.91 57.12 67. 63 65.22 60. 27 62.39
NCD 74.13 69.78 74. 47 65.79 78. 44 74. 35
RCD 76.87 69. 89 76. 16 72.05 81.76 76.71
KSCD 78.24 75.35 73.54 71.53 81.52 77.73
ISCD 80. 37 79. 32 73.43 69. 42 81.05 76.19
ISCD-S 81.34 80. 38 74.57 72.23 82.14 78.17
ISCD-E 80. 62 78. 85 74. 14 72.09 81.92 77.33
ISCD-K 81.06 79. 21 74.26 71. 81 81.97 76. 84
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Table 3 Accuracy by considering different relationships AT %
Mooper-S ASSIST-SE Mooper-SK
kil
ACC BT ACC ACC BT ACC ACC B Ace
ISCD 78.32 76. 39 69. 42 60. 11 76.78 73.12
ISCD-S 80. 41 79.27 72.17 66. 87 77.14 74.94
ISCD-SE 81.11 79. 56 72. 64 66. 67 76. 25 75.05
ISCD-SK 82.94 78. 87 72.43 66. 85 76.59 74. 89
ISCD-E 77. 88 77.07 71.09 61.74 76. 38 73. 81
ISCD-K 79.24 76. 48 71.59 61.92 76. 12 73.25
ISCD-EK 81.72 76. 63 71.77 63.21 76. 68 73.82
ISCD-SEK 82.74 80.22 72.41 67.22 77.13 75.08
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Table 4 Comparison of diagnostic effects of different

parameters and establishment methods on tail nodes

« smc Jaccard %L A AL
0 0. 601 0. 601 0. 601
0.3 0. 641 0. 635 0. 632
0.5 0. 644 0. 640 0. 647
0.7 0. 645 0. 636 0. 650
1.0 0.643 0. 639 0. 648
1.3 0. 642 0. 637 0. 645
2.0 0.631 0. 628 0. 643
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