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3 .3 60
30 1 2.
5x2x3x2x3 5 HDD MMR
(5) . (2) . (3) . 0.90 PMR
(2) HDD 3 PMR HDD
1 21
R B w
PMR MMR PMR MMR PMR MMR
100 0.8533 0.973 0 0.844 0 0.970 6 0.848 7 0.971 8
500 0.844 7 0.971 0 0.844 1 0.970 7 0.844 9 0.971 0
1 000 0.846 0 0.971 3 0.843 1 0.970 0 0.844 1 0.970 4
100 0.8227 0.966 3 0.8257 0.967 3 0.828 0 0.968 2
500 0.8251 0.967 6 0.826 1 0.967 7 0.827 3 0.968 2
1 000 0.8311 0.968 2 0.834 4 0.969 2 0.8356 0.969 5
100 0.708 0 0.938 7 0.719 0 0.942 8 0.707 7 0.938 6
500 0.711 0 0.941 8 0.728 5 0.947 7 0.708 2 0.940 0
1 000 0.709 7 0.939 0 0.730 4 0.946 3 0.700 1 0.9351
100 0.616 0 0.922 3 0.627 0 0.9253 0.632 3 0.926 9
500 0.629 9 0.927 7 0.644 9 0.9315 0.646 3 0.9319
1 000 0.622 0 0.924 9 0.636 5 0.928 8 0.638 3 0.929 4
100 0.562 7 0.916 5 0.560 0 0.9159 0.561 3 0.916 1
500 0.562 7 0.916 0 0.562 2 0.915 8 0.563 8 0.916 2
1 000 0.568 3 0.917 4 0.567 4 0.917 0 0.567 5 0.917 1
100 0.8130 0.963 5 0.8340 0.970 6 0.790 7 0.9557
500 0.823 4 0.965 4 0.843 6 0.972 1 0.801 2 0.957 8
1 000 0.819 1 0.965 7 0.8379 0.9717 0.800 2 0.959 5
100 0.806 7 0.963 6 0.822 3 0.967 9 0.791 0 0.958 2
500 0.812 5 0.965 3 0.8325 0.971 2 0.802 3 0.961 5
1 000 0.810 5 0.964 3 0.830 5 0.970 2 0.798 2 0.960 4
100 0.670 7 0.933 5 0.670 3 0.934 7 0.658 3 0.927 4
500 0.658 2 0.930 3 0.669 9 0.934 4 0.641 5 0.9213
1 000 0.667 2 0.9327 0.677 5 0.936 5 0.6530 0.9257
100 0.571 3 0.9212 0.5657 0.920 1 0.5557 0.911 0
500 0.566 7 0.918 6 0.567 1 0.9190 0.5554 0.910 2
1 000 0.572 2 0.919 1 0.573 8 0.920 0 0.559 8 0.910 6
100 0.543 0 0.913 3 0.538 3 0.912 8 0.5437 0.914 0
500 0.5310 0.909 0 0.528 1 0.908 1 0.5307 0.908 7
1 000 0.522 3 0.906 8 0.5213 0.906 6 0.5227 0.906 9
3.1 3 ( 0.02 0.792 9.
1 ) 71 0. 806 4.0.788 8) 3
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2 42
R B \
PMR MMR PMR MMR PMR MMR
100 0.945 3 0.991 3 0.944 3 0.991 2 0.9457 0.991 5
500 0.944 2 0.991 6 0.941 3 0.991 0 0.942 7 0.991 2
1 000 0.944 1 0.991 5 0.942 8 0.991 2 0.943 7 0.991 4
100 0.927 3 0.988 5 0.924 7 0.988 0 0.924 0 0.987 8
500 0.928 6 0.988 8 0.927 1 0.988 4 0.928 1 0.988 8
1 000 0.927 1 0.988 4 0.927 2 0.988 5 0.927 8 0.988 6
100 0.802 3 0.960 1 0.814 7 0.964 2 0.803 3 0.960 7
500 0.792 9 0.958 8 0.806 4 0.963 3 0.788 8 0.957 3
1 000 0.806 2 0.962 2 0.819 8 0.966 8 0.798 8 0.959 3
100 0.693 4 0.939 7 0.701 0 0.941 4 0.707 3 0.943 5
500 0.691 4 0.938 2 0.708 2 0.942 9 0.710 3 0.943 3
1 000 0.712 0 0.942 9 0.724 5 0.946 3 0.725 8 0.946 7
100 0.646 0 0.9335 0.642 0 0.932'1 0.646 0 0.9329
500 0.643 9 0.932 6 0.6419 0.931 8 0.644 0 0.9325
1 000 0.645 1 0.9315 0.643 1 0.9311 0.646 2 0.931 8
100 0.943 3 0.991 2 0.946 0 0.991 9 0.944 3 0.991 3
500 0.943 3 0.991 3 0.945 5 0.991 8 0.941 5 0.990 7
1 000 0.929 8 0.989 0 0.933 6 0.990 0 0.927 17 0.988 5
100 0.924 0 0.988 3 0.9253 0.988 6 0.920 0 0.987 2
500 0.918 9 0.987 0 0.924 5 0.988 5 0.916 9 0.986 4
1 000 0.9197 0.987 5 0.9225 0.988 2 0.918 9 0.987 3
100 0.757 17 0.952 7 0.764 7 0.954 5 0.760 0 0.952'1
500 0.776 4 0.958 5 0.780 7 0.960 2 0.765 9 0.9539
1 000 0.753 6 0.9525 0.760 1 0.9547 0.739 6 0.9457
100 0.6353 0.930 4 0.628 7 0.927 9 0.6307 0.9255
500 0.639 8 0.9322 0.637 3 0.9322 0.630 1 0.9259
1 000 0.6353 0.931 3 0.6357 0.9317 0.624 7 0.924 6
100 0.587 0 0.918 3 0.578 3 0.916 4 0.584 7 0.918 3
500 0.5953 0.9199 0.589 5 0.918 3 0.594 7 0.919 5
1 000 0.5951 0.920 9 0.592'1 0.920 2 0.5951 0.921 0
3.3 42 21
21 PMR 0.843 7
42 0.942 8
0.10.



398

2017

3.4

HDD

HDD



0.06(0.876 8 0.802 5)

4 399
4 0.02 0 ~0.001
HDD 3
( . ). ( 4.3 HDD
. ). (R.B.W)3 5
HDD 1 000 ~2 000
512
5
48
4.1 HDD
HDD 100. 500
1000. 3 3 HDD 3
13 HDD ORP
IRP ORP . HDD
IRP
ORP IRP CDA .
4.4 HDD
~ ~N 15
11
R 14 , Q 5
Q R Y ~
" HDD . : DINA |
42 21 : : > ° '
0 ’1 GDD  DINA_HC
R . . .
4.2 HDD
3 GRCDM
HDD ORP IRP s HDD
( ) Chiu Chia-yi
HDD GRCDM
\\% G
i 4.5
W (13 ”» .
6 B B 7 5
R HDD
© 5
HDD B \HDD R
.GDD; HDD B R B 7 S
GRCDM :
R _ 4.7.9 20 PMR
HDD 3 R B 92.5%.97.51%.98.78%  GRCDM
\% 3
0.02 B $ GRCDM
6
15%



400 ( ) 2017

5 J . Journal of Classification 2013 30(2) : 225-250.
6 . 0
I 2015 47(2):264-
> 4 272.
( . . . , o
) HDD 3 (R B W ] 2011 43(9): 1095-
) . : 1) HDD 1102.
8 .
: . . . . J. 2016 48(7) :891902.
; HDD 9 :
.2) HDD . 100+ 500 U 2015(2) :2532.
1 000 HDD HDD 10 Leighton J P Gierl l.V[.J Hunka S M. The.at.trlbute hierar—
(:hy method for cognitive assessment: a variation on Tatsuo—
.3) HDD R . .
kas rule-space approach ] . Journal of Education Meas—
-B W urement 2004 41( 3) :205237.

.4) HDD 11 . AHM  DINA
J . :
2011 35(3):8791.
6 12 .
- PDINA J. 2010 42( 10) ;
10114 020.
13 . 7.
2012 44(2) : 249262.

1 . M .
2010.
2 Vapnik V. The nature of statistical learning theory M .

New York: Springer Science & Business Media 2000. 14 ) .
3 Chiu Chia~yi Douglas J A Li X. Cluster analysis for cogni— I. 2011 34(2) :258-265.
L . - . 15
tive diagnosis: theory and applications J . Psychometri- )
ka 2009 74(4) :633-665. ' )
4 J 2013 45(11) : 12954 304.
16 . HO-DINA

J. 2015 47(8) : 10774088.

5 Chiu Chia-yi Douglas J. A nonparametric approach to cog— 1. 2013 36(4):

984-988.

nitive diagnosis by proximity to ideal response patterns

The Influencing Factors of Diagnostic Accuracy Based on Hamming
Distance Discrimination Method

KANG Chunhua YANG Yakun ZENG Pingfei’
( College of Teacher Education Zhejiang Normal University Jinhua Zhejiang 321004 China)

Abstract: In order to explore the advantages of non-parametric methods in cognitive diagnostic assessment and better
understand the properties of HDD Monte Carlo simulation method is used to examine a variety of factors that influence
diagnostic accuracy. Fixed the test measured attributes as five a mixed-factor design is conducted to investigate the
effect of attribute hierarchy test length sample size and knowledge state distribution on HDD three different discrimi—
nating methods( i. e. Random method Bayes method and Weighted method) classification accuracy. And the results
showe that both attribute hierarchy and test length have an impact on the classification accuracy of HDD method the
closer of the test’s attributes relate and the longer of test length the higher of the HDD method classification accura—
cy. And the sample size has little effect on HDD so it is suitable for small scale implementation. There is no difference
between three HDD methods of classification accuracy. Moreover the normal distribution of knowledge state is not nec—
essary when applying HDD to test D,,, it performs a little better when the knowledge state is uniform.

Key words: Hamming distance discrimination method; attribute hierarchy; test length; sample size; knowledge state

distribution



