MRBARZR (HSFIFHR) /Nov. 2013/No. 6

K T BRI L UM YA 2 Wi

»

BT RELT

(@ T] BalAKRZHGAFP W7 kAR R T ERI k00, F 2 RFA A Lt
AT R J g A BRI . AFF R R ARIAL X AR A 09 7 ik TR AT o & I R AR A TR E B
WA KT TRV R SO LW R, TR RN, LA ETANT T ZF AL A TRHETH
N X BATIRAF R 507, %7 R R F R H AR, B FRAT A 09 S A3, B AL
TALT AE A

[X813] ke Wi s BMAE KR A 5 WE L 5 22

NS 2 O BRI 2 ) o W 50 00, B2 DA RO B A R i PR AR A 5 1 7 1, 125k, B
SPEH TR 60 BRI, X LERE TR RS TR ST D7 5 19 (Fu & Li, 2007 ) , il # #R 5 BERFEAS
DT BEAF R AT RE B AE R o IS T F TR T IZ AT DINA 25 (de la Torre,2009,2011 ) g 2 /D75
FRFEA T AT Rupp & Templin,2008) , 111 H. , iz FiX SEAE AL TIA RIS BTN, HAT B4 T4 A%
BT, GIAR A EM 3% MCMC 55 3% 45 388 0 p /2 UM A7 52 B i 12 Wost 3R 4 IR X
MR SRS B i B AT TR IMEAR BN RIS W 535 o IARNZ W 8 AR TR A [ 6 2R 114
AT AR TR MR A A 0T D00 38 ) A4 25 8 S 0 80 S T 49 288531 v, o 3000 6 100 A 22 Isf
e R — IR R, DRI AT L R TR R 3Gl ) D7 2k HEA T IS W, ThT ELZ T 1k 2 AN i 22
PATE S HAG Y, W AT AR IMEA B 25 F T T

—. EHIRIR A

PRE R GR A, MR AEC ANEI U _EAE TARMER A — R R B G, 2R 5 i 26157
B G P ) B — A0 S e B TR AR R AR R B A IR X R h = A — AR
S, LR R OIS AU ( Cetisli, 2010) .

A H AU IR 1 T35 3 e, — SR AT ¥k R ™ B RS e B I ™ A T 02K

* I, BRUB e AR L EFZREIHRLE, RET, BRIBEAFZ LCEZRZER B LS, 210097, AXAERE
SRFREETE (BBA80050) \ER B AR FEETIE (71271093 ) R R MR,

098



FEIE A T30 S A 5 — 2R R Ty
R IR PRI AN AT 2, EEGE R T
R ATE WK . A HNIS WS AR A0 11k A £
BT IHAT AR TR IR ) VR 2B AT Y
SR T A I N 6 HE AT 4028 1T it
SETT IR A ORI A 10 W B AR S R 1 U R
G353 3055 NG JBE e R R A S A 26
H)h ( Pathak & Hiratsuka,2011)

i AR I 30 88 o H0A P B N 30 32 A TG
U RE AR WAL B . A AEIR I U = [ul,u2, -,
un| FABBIGE A FB, TR TR R ECH N
(A,B), 2% Fft Wl 3 2 9 31 55 22 XU F (Saadat-
pour, Afshar + & Afshar,2011,) ;

L. i WY 30

N(A,B) =1 “%’ii' A(w) - B(u,) |

2. R IR 3
N(A,B) =

1 - 12
1 -— A(u) - B(u))?
ﬁ(Z((l) (u))?)

3. KE I R

N(A,B) = (A= B) N\ (A@® B)

K, (Ao B) WEHISE A F1 B 9N,

(Ao B) =V (A(u) A B(u))

(A @ B) WEMILE AR B HFMH,

(A®B) N (A(u) V B(u))

AT S 8 e i 5 T A A58 4 22 ) ) 4
IR T B 3 R B R i T
FHB— i, 2 AR 4l LA 1 ) R K 22 ( Giusti &
Marsili-Libelli, 2009 ) , BIFF 5 ¥ B 45 21 1) A 5
e AR R —

= EHERECIRAA RS BT A R B 5

PATIZ I A 5 2 AR A0 0 8 1K 1) ) o R
LAY, QAT 45 BBl A2 18 5 32k (9 ) o SR
We? oo il B AR R T B AL UL T vk
(de la Torre & Karelitz,2009 ; Kalyuga,2008 ) , 1%
7 AT LG BB Y LS R VRS A

IS W 0 R 0 45 A AT 1 S R
ARASIEAT HCEE, i mT LAAS 2% K032 W 7 1 1
PR, T, BT BE S X A 56 S BT
PAE TS B A A TR S5 0 R 1 0 o 5, 3 xf
bR TAE AR B X .

FESEBRIRVERT, B2 i HTEUR S A N B
AR LA At AT R E R A RN SR A
FA AT DL, B AT R e AR TR Y (Wil
son,2008) . TR R A U FINE SC L (2010) 42
WTY M Q MRS 75 nl kB R 2 Q
R ) T IS 3 ) RO A AR
RS A AE— X — A G R AR %L,
AN Q A M AL T RIIA M R, A8 4 # K
A0 I TRCHR S AR AT P — X 7 1 AL R A
2, FIAET e SR, gk F B WL i I A5
FORERAR S A R A T LR T DA T 3B X
— L IMVEEA IR o T LR (2011) 44
Tis T B TN S W ik . TEE &
ST — R S Ry A5 2 5 FAR Sz o A X ] A
SR i H A S /)N o )k 3 ) OB 8 I
BT o0 28, U T80 O RIOR . TE 5L BR 1
I R v, TRl A 1R B AT — 5 AR
P, QSRR RO A X U 1 vk e Btk A 7
AN G, I I S B — 2, AR B S
KRS AURE L Jr %, BT i A A =R
BTN HNS Wt 00 E B 258, 763207 5 19 A R0k
RNIGAE LS , O B S52 19 s R 17 A
B,

A AR RN A BRI 5T 25 SR AN T

1. 00 6 1 J )2 TR Ay

Leighton 45 A (2004 ) K A 112 Wi I 55 v )
PEIZGLE R A0 0 ELR R SO0 | & B R TG
SERL TR AR SRR 0 56 R R HOR R B R 2
— B, A 8 R 2% 2 A0 56 R P AROR A5
%Y 5 A TR A R 4

2. AN Q R AR R HLAR B A

SRS PME A Lok UM L 2F V5 L8R (2011)
MR 5 A3 80 T AL 7 FE 5 Q
WM., FEULILAE I35 ) MATLAB i & 40 F2, 3675
T 26 AR AR

099



3. AR AR

iz Jfl MATLAB % 72 £E Ji 1000 />4 481 1) ¢
i, LU - ORI 56 G 22 T A5 0 A 0 T
M AHTR] BRSO R AR AN [ 1, 2R - 3 73 i
N T

4. A A A

AR # DINA FERL, 7 25 1000 > H 3k g WL 456
B iR, 2 B S I I o

DINA 578 2 25 if B 82 )92 1A 2
Wit Al ( DeCarlo,2011) , A5 RY ) K 2R «

P(Y;~lla,) = (1-s,)"g ™

R T ERBN o PR XTI
HjBIREAR ik 70 R R R IH j 5 4%
HIBTAT B YRR DL .S, Fon BT H j B R R
AHER , PR MBS 19 25 4R (slipping) 20,8, &
ANBARAEIH j 5 X AR, B A R F 4
(guessing) 24,

TEARBESE Y, N T 4l 7 K 5% iR 2 HOm
TS BGERR T ¥ 280, 9 1 25 54 A [A) fi
BB HORAT T W FIHER R e AT 20 0 e 0.
05.0.10,0. 15 F10.20, #24f DINA 7Y 5 51
1000 /> 1 0] 000 58 100 F 1E B A1 250 114 4B 5 4 1
PR E R ICR 532 A BB [ U
FHIF)AL ' B 70 2 AR F AL, R e A i T ik A 0
SN T U R iy BB
WL H#EAT T 30 AL, 1531 30 4~ M5 S5 4
8

5. TR S AR S BRAEL SR AR 2 I
pU°S

FERAIAR I Ffr 38 R FH Vi P N 3 2
R FRG s 0 2 A Ot 30 38 SR B #5042 1) 4
ERREE, T X EANTH S W e R R 1T HE, A
W5 ia Flk =7 i 23 58 T L s A
FIBRLAR S AL AT L, 3% 1 BT 7 1) DAy T D D
IR

KPRy CL,C2,-----, €26 J2 26 AR S
B, EATX R T 26 B A [ IR &S,
X0001,X0002, -+ , X1000 J2& 1000 4~ %1k, %
BT ARZR T X 1000 A i i 45 S I A X
5 AR S A5 X2 TR] 4 Vi I T 8 (ot T X 2

100

—> 1001 x 27 [AE 3% B A H T H A Y
OIAE) o ARAE BRI IR, 3X 1000 A>3 H] LA
G NGRS S NIVES I

x1 BRAMEE

Cl1 (07 C26
X0001 | 0.8357 | 0.7639 | ------ 0.6398
X0002 | 0.9017 | 0.4386 | ----- 0.7128
X1000 | 0.7582 | 0.6439 | .- 0. 8265

SRR J5 s, #5315 X 1000 9k
5526 T AR Sz vy A5 2 22 ] 1) B PR U 0 32 RS O
AT RE (T MR T AR, AR ), SR IS M A 6
WA TR T 202

6. T FIMER

% F AR XA v 22 ( Pattern Match Ratio ,PMR)
& A J M (Attribute Match Ratio, AMR) i~
FEbR, H & % 510 2 X T 0 BT A s 1 AR AR
RYHIMERE B, 5 & 2 75 590 T B AN i
PR HIERR L

N
3N,
PMR ==
R N

Arf, PMR O AR, N O sl B 4L
N, A F s i S R A X AN K

P, AMR D Jg PEFIMESR K O @ P4 N
AR EEL, ny R T4 kA I A X
NEL

TFEE 30 YR UL 45 SR 0 4 00 o 0 ) o 1
{E, BRI 2 PR

F®2 BRIERNTHE

RS A | g IIMGE L | BREQIGIERE | A I
0.05 0.9731 0.9814 0.9921
0.10 0.9527 0.9586 0.9654
0.15 0.9018 0.9241 0.9418
0.20 0.8835 0.9017 0.9321
- 0.9278 0.9415 0.9579

B 30 ORI 45 0 P 40 5 7
{1 I R 3 BT



R3 BUHAERNTHE

ik 2% | NG | WRERIGATEE | A% I
0.05 0. 9865 0.9916 0.9974
0.10 0.9851 0. 9856 0.9963
0.15 0.9832 0.9841 0.9937
0.20 0.9754 0. 9805 0.9916
- 0.9826 0.9855 0.9948

RS R R W], Jo i i A A T R R
PEHERR  FEIX 3 b U 3 1 b, s OOl 3 2 A ) e
AR R Y

=, SRRER A RS B R SOER R

IREUT TR B i PO = T
AT LA R HE AT VB 14 43 2, e R SR A%
U3 ) B, I ME SR s . Tt is X
D7 IEX A o AR G A R T 1 Dk
TINFIZ W, AP IRINE

L. 0 56 1 T8 PR 5 RN 2 TR 254

Zoa AT R IR0 BE 2 B R L TR 43 #r
e T 6 AN ZE AN AR Y BT =Z R 45
P 2 BRI o

2. A I Q R R R F AR S AR

KA TR R A U, T30S0 (2010) 32 H
T ARG Q AERE . AR M, il T 20
IR IR , 18 F§ MATLAB 35 5 4 fi
AT 12 FE AR S A

3. A A 2 AR S by AR

K LR SR IR ) h ARG R A AT
B M BRVEE A TR AR J5 , 15 81 272 (A 5K
e

4TRSS AR 2R ELAE B I AR 2 1 0
i} 3

Rl A A PULAIE 5T 14 45 5, i A U 3
HEATAORIAR 2 TR0 114 0 o 38 B g, BT O X it
I A I B 8 B AT USRI A T R AR
J52 oA X ) B4 A T S0, 25 SR N3 4 TR

Ty CL,C2, e ,C12 2 12 A FAR J
Fizl:, X001,X002, -+---- , X272 2272 AR,

FRIRCTARER T X BB WL B A 5 5 B
RO B A 322 [ B 0
Fz4 P EREEASE RN E

Cl (07 C12
X001 0.4863 | 0.8529 | ------ 0.7154
X002 | 0.6238 | 0.5329 | ---ee- 0.6428
X272 | 0.5637 | 0.4168 | ------ 0.3271

5. INHIZ W4,
ARAEBEIL SN, 3% 272 ANEAE B o BRI T
&I 3T B fe R 92, Ak 5 F o
x5 AAMBLHER

B NE F (%) | AR
Cl 4 1.47 100000
C2 13 4.78 110000
C3 3 1.10 101000
C4 72 26.47 111000
(03] 2 0.74 101100
C6 1 0.37 101001
Cc7 13 4.78 111100
C8 25 9.19 111001
C9 1 0.37 101101
C10 1 0.37 101110
Cl1 7 2.57 111110
C12 130 47.79 111111

FOMma DUAR I E R 45 5% A X 1 X 4% 26
FEATHCA

m. &igfRE

ERBRTE R, FE A RIS Wil 5 s A
R R 7 vk mT DL O MER o X B kA 70
5, o L TR W O 1 o R B A MER . % T
AR AE R, ek T H AR 2 B0 A
WY G 5 AT B A 2 Rk T IR M R
INEEAR S TR AT AR

AHIEFE H AR A AU A A R
PEESF 2R AF T W1 DLEEAT TS, 5 ) AT L4k
SR ELLR R WS SOR A G 45 b TR 2 At s 7 4
T2 T RIS W EA TR

101



S 30K

TR I E L, 2010« CATIARE I AE DA RIS I 56 4 ] v 4 o 280 D), UL PR IR R 24 ( 5 R
BEFRO 56 5 39

PIMERH KIS 3 DR, 2011 CHE T Q ZEFREFNT SCHEES ARSI T 12:) , GO BA R0 5 9 #.

Cetisli,B. ,2010, “Development of an Adaptive Neuro-fuzzy Classifier Using Linguistic Hedges ; Part 17, Expert Sys-
tems with Applications ,vol. 37 ,pp. 6093 —6101.

DeCarlo,L. T. ,2011,“On the analysis of fraction subtraction data;The DINA model, classification, latent class si-
zes,and Q-matrix” ,Applied Psychological Measurement ,vol. 35 ,pp. 8 —24.

de la Torre,J. ,2009,“DINA model and parameter estimation: A didactic” , Journal of Educational and Behavioral
Statistics ,vol. 34 ,pp. 115 —130.

de la Torre,J. ,2011,“The generalized DINA model framework” , Psychometrika ,vol. 76 ,pp. 179 —199.

de la Torre,J. and T. M. Karelitz,2009, “Impact of diagnosticity on the adequacy of models for cognitive diagnosis
under a linear attribute structure: A simulation study” , Journal of Educational Measurement ,vol. 46 ,pp. 450 —469.

Fu,J. and Y. Li,2007,“ Cognitively diagnostic psychometric models: An integrative review” , Paper presented at
the Annual Meeting of the National Council on Measurement in Education, Chicago, IL.

Giusti, E. and S. Marsili-Libelli, 2009, “ Spatio-temporal dissolved oxygen dynamics in the Orbetello Lagoon by
fuzzy pattern recognition” , Ecological Modeling ,vol. 220 ,pp. 2415 —2426.

Kalyuga,S. ,2008 ,“ When less is more in cognitive diagnosis: A rapid online method for diagnosing learner task-
specific expertise” , Journal of Educational Psychology,vol. 100,pp. 603 — 612.

Leighton,J. P. ;M. J. Gierl and S. M. Hunka,2004,“The attribute hierarchy method for cognitive assessment ;A
variation on Tatsuoka’s rule-space approach” , Journal of Educational Measurement ,vol. 41 ,pp. 205 —237.

Pathak,D. R. and A. Hiratsuka,2011, “ An integrated GIS based fuzzy pattern recognition model to compute
groundwater vulnerability index for decision making” , Journal of Hydro-environment Research ,vol. 5,pp.63 —77.

Rupp,A. A. and J. Templin,2008, “ Unique characteristics of diagnostic classification Models: A comprehensive
review of the current state-of-the-art” , Measurement ,vol. 6,pp. 219 —262.

Saadatpour,M. ,A. Afshar and M. H. Afshar,2011, “Fuzzy pattern recognition method for assessing soil erosion” ,
Environ Monit Assess,vol. 180,pp. 385 —397.

Wilson, M. ,2008 , “ Cognitive diagnosis using item response models” , Journal of Psychology,vol. 216, pp. 74 —
88.

(RIERE: HAE)

A Fuzzy Pattern Recognition Based Cognitive Diagnosis
QIAN Jin-xin, YU Jia-yuan
Abstract: At present, most of the cognitive diagnostic tests are based on the statistical methods. They
require large sample and complex parameter estimation. In this study, fuzzy pattern recognition was
used to classify the subjects. The simulation research showed that assorting based grid closeness has
higher diagnostic accuracy. Empirical research demonstrated this method could diagnose the cognitive
pattern of eighth graders in mathematical study very well. The principle of this method is quite clear,
and the calculation process is simple. It is also applicable when the sample is small.

Key words: cognitive diagnosis; fuzzy pattern recognition; closeness; psychological measurement
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