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Abstract  Fuzzy analysis method has been widely used in medical domains including auxiliary

diagnosis of mental diseases. Attribute reduction methods play an important role in filtering
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redundant information and extracting essential information, and facilitating the whole decision-
making process. Valuable information extracted by these methods can reveal underlying medical
knowledge through a novel perspective of clinical medicine. It is difficult for many untrained
participants to identify the fuzzy boundaries between the options in psychometric scales, i. e. , it
is difficult to distinguish options with the same meaning and different degrees. The noise data are
generated due to the intrinsic fuzziness of clinical psychology and the psychometric data. If the
attributes of psychological data are viewed as the condition attributes of an information system,
the key attribute can be obtained by attribute discriminant methods, which will simplify the
clinical screening process for suspected patients. This study focuses on the extracted key
attributes or the attributes with high weight values, in order to quickly discover the patients with
abnormal key attributes and give them prior treatment. A Fuzzy-Option based Attribute Discriminant
method is proposed, called FOAD, which contains three main phases: data collection, fuzzy
option selection and reduction as well as sort and extraction of key attributes. In regard to
psychometric data, each sample contains several physical symptoms, which can be viewed as
attributes, then it selects an option for each attribute. It is necessary to take the number of
samples and the meanings of options into consideration simultaneously when selecting fuzzy
options which will be removed. As the key part of the whole approach, the fuzzy option reduction
algorithm can merge fuzzy options into other reserved options in order to reduce the fuzziness of
psychometric data. Two real clinical datasets are used to verify the performance of FOAD
algorithm. The key attributes are obtained from datasets by multiple categories of attribute
discriminant algorithms. Then, it classifies samples by logistic regression based on the key
attributes and diagnosis results, which are viewed as conditional attributes and classification
labels, respectively. The experimental results on the real datasets demonstrate that the prediction
accuracy can be improved by 3.3% — 14.1% without increasing the computational complexity.
Although the operation of option reduction loses some information in datasets, the option
distribution becomes clearer by the merging operation. Linear Discrimination Analysis (LDA)
under FOAD is sensitive to various parameters, especially to the number of reserved attributes.
The prediction accuracy of LDA is increased from 6.7 % when reserving the least attributes to
14.1% when reserving the most attributes. Principal Component Analysis (PCA) algorithm
chooses the projection direction with the maximal variance of data and retains the maximal
information. Due to the poor classification performance, PCA can hardly be improved through
FOAD. The prediction accuracy of PCA degrades even under some specific conditions. Moreover,
LDA based on FOAD demonstrates better prediction accuracy than other fuzzy attribute discriminant
methods. It is concluded that it is difficult to process the fuzzy clinical psychometric data by
conventional statistical analysis methods. The special preprocessing methods, such as the state-
of-the-art fuzzy set and rough set techniques, can eliminate the noise of data and improve the

clinical diagnosis effect.
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1. 0"<0—0’

2. FOR EACH i€[1,m] DO

3. FOR EACH s€ 0" DO

4 ny<o(Tli],0);

5. FOR EACH ¢, € 0" DO
6. w(gj +0) < Calcln fluence (; o) ;
7. END FOR
8. Omae <M w0 vo ) B KL I 5
9. sum, < i w(op »0) 3

k=1
10. FOR EACH 4, €0’ —¢,,, DO
11. w(o; s0) < Calcln fluence(s; o) ;
12. n<wlo; s0)/sum, ;
13. nj<|ny Xpls
14, Label_j(T[i]o,0;.n;);
15. END FOR
16. n, < ny— E w(o; ,0);

JE€EO0 o\

17.  END FOR
18. END FOR

19. FOR EACH :€[1,m] DO

20.  FOR EACH j€&[1,s] DO

21. IF T[i,;] labeled as Change_k THEN
22. T[isj]l<ors

23. END IF

24. END FOR

25. END FOR



14 fle BRAE. — R TN L IO AR A S B R TR B U i 197

F 2 P URASET &2 m X s A, R
Bom ANFEARR s A @k B B 4.

S 2 B SEA TEAR Y

(DO O  AMNE AR-AF T 75 22 B A 1 701 (56
11D,

(2) X HEAFAS v 75 BN B 1) BE 90, 7B — A i % 3
TRUXH I 1) Ja A AL T A Ay OB A R B R (5 2 ~
18 171).

(3) AR =X (13D THER AN R B8 1Y 3 T 32 I Bk
T T (14 5 WA B (5 5~7 47).

() B4 5 B e KA BT 0 A o, G 8 11).

(5) VH T A 4 B8 TR I A 5 A B 22 RN 26 9 47).

(6) Fric % M B 2 200 X6 Ry 1) S P T 08 R BR
G LA G BIR A O B R 00 (55 10~15 7).

(7) 55 13 A7 1) F B, Ay DR TIE T A3 ) M {4
A LAAS S A0 B b A oK 32 ) B3k 5 T % R 1) 8 S oK A
IR YERRIC N 0, 5 16 7).

(&) B 5 BT A5 5 ) o3k 326 0 O A 3 1 £ B 3k o
(% 19~25 7).

18 B T A 1 I0AT 2 Xt N IR 32 3 A R L O
LR AEAS 11 i P Ay 4 1 B0 4% 328 T 1) B 3
T I 3 R R R T A B S DR BGER 9 AT AT
A P B 1 U6 BRI o (1 5% B 22 R TS AN A
AT B2 BRI X o 1 B W E 22 AL

5 XBREER

5.1 BIE&ENA

NEUE FOAD 3% i PR RE - 52 56 b >R F Y1 R
ARV R e e Bt i S dE 4R L Ol 2

(1) PTSD $dask. i i PHQ-13 3, o]
PLPPAL 2013 4R D0 1| 52 2430 58 5 /S H I =2 A7 & 1Y
PTSD(Post-Traumatic Stress Disorder, €| 15 J5 W
e A AR 0 R R AR AR PHQ-13 R — A
P 2 o A G 13 AR 20 5l F T Al 13 Fh
HRAMARE IR R B B0 B — A [ R f A 2 5 3 G
PNELAS 3 35T Hh 32 HE — > 45 3 B4 30T LA 3 A A % R
PE R AR X A T ) D BeA N
QA KW, OF R . AR . OFTR
RIFPE. PHQ-13 SR A/EH EE L BOEH B A S A
TG I PO A B R — BRI BR U A B IS A
PEAE AL HE 3099 A KA, o 51.9%0 S &,
87. 56 S DU A N 14 % B 91 & W47 I8 5 52 .
I )0 JRRBE I 2 L 5 T AR TE AN T X = R AR

H 5 PTSD A H K IR 8k Ayt PTSD #y
KA B BRI R, % 5 & PTSD Ul Ly 4544 .
53 1R 7 78 T 83 A REASHR AL 55 41 0 2% Ff e
ARSI 258 . HrP 2 B 458 19 0 KR R B
1 7R .

(2) K M BRI 200 4R i B0 SR IR T 191 4
A B AT R A H % Y H R TR
R ) 25 FfRE AR AT DA 9 ¢ A SR 2 4 e XU [
RK.20752 i 6 & 16 ¥ T DAFES 5 T AWM,
flafi 1 Yo [m1 %% CBCL [/ 4 (Achenbench JLE 4T K
()35 ) » B A0 50 BILEE AR A ThT iR P A5 2 812 S
CBCL [l B AL 5 113 A~ [l , & A~ [ B 5 3 4>k
B OFk.Q — . O&a®. 25 FHHE
MR WA Y 2 B g A [ i 5 — > L .
CBCL g 4 1 X 22 RS #2500 149 70 A » o 4 /N iF
FEFE L BT 5 Bl AT A SR 23 A TR
. 55 PTSD Bdf 4 L. i Ko 2 o f & 2k TIE
RIZ 45 e

£S5 PISDHiIB&EHLEW
FEA LB 2.8 3. UBOR - 13 REERAE WS
FEAS 1 2 1 1 2 0
FEA 2 3 3 2 1 0

FEAR 100 5 1 5 2 1

Fe T O B R AU AR (2 W ad AR AT LR
RANER RS S={U,.CUD,V, f}. H D REoeik
JE RS B2 W g SR AT LU O 01, 43 ] R R 2 W
RTINS AW C & 4 1FJm PE 4 PTSD $dli d b 4
B A3AKMIEECCl=13) M Bt 17 8 Bds 4 1
23N EMRMEACI=23). UiecunV.H V.
Horp V. RoR R o WMEE 78 PTSD £odli 4 h i 1
B SRR EE 0 f TQRIRE M TEBGETT A
B AR P 2 3R JE IR 53 0 A 1 QR SR R
PR f TR PR R 6 4T WA B A B A
2EE.

R6 WMIYEENBRER

B4R PTSD i AT R
R i % PHQ-13 CBCL
FEA S 3099 20752
J& M5 13 23
B I KL 5 3

5.2 ITLbE®
ASCHK FOAD 5 i 347 5040 1AL R 5 #0508
YE Ryt A % I IE 12 5 % % PCA (Principal Com-



198 iHom

Bl

1R’ 2019 4

L
&

ponent Analysis, F B 43 H1%) #1 LDA (Linear
Discrimination Analysis. 28 V£ [ 4E 23 #7132 53X
P B A R 19 20 SR RE Y R T, AT 3524 FOAD
Ti B k. Sy TR R AT HE R X E A B i
AL AR LN U7 3% W) AR Dy — Rl R AL 2R 5
5 VeI ZY f] 5 i Ak 240 187 20 ) B X AS ] 1) 280 90 4 52
HEAT AR S PRk Y DT G ol R TR RS 4 09 J8 7k 2
] S AT T I

(1) SPSF-LAR (Similarity Preserving Feature
Selection-Least Angle Regression, 3 T 5 /N ff J& 1]
VST A AR DL O B AR AE 4R O L 7 i M 2 i e
BT R TUAY R T T 8 M A LM 1 41 A P Ak
T3 JF R ey R B 22 5t 1A O vk L LK B = 2
(g E I DRENIR

(2) QIFS' (Quality of Information based
Feature Selection, J& F {5 B JiT &t (1 47 i $& %),
I J P 0 DX 20 B it 2 Jas 1k =2 [ 9 22 ) i AT
2y fa.

N HE— B 5 T FOAD )& 1 42 B3 3 1Y
I3 ZRPERE KR LR 8 ORI 4 IO 2 2R AT X L

(1) FDA (Fuzzy Discriminant Analysis, 15 5] f§
oMot . 55 LDA R FDA &4~ 4
I BT AN ) B AR S A A oy H o S A R L X
1% FDA 7E1F 2 55 TR T LDA.

(2) FLMDA (Fuzzy Local Mean Discriminant
Analysis. 58 Jey 30 24 8 B 45 4> #r )™, FLMDA
TR B E T BOW) R T E 5 O B RO 2y
A3 22 5 e R AL T 4R B B A6 723 6] 5e ik 17 FDA
S5 Al 8 15 R A A S 1k 7 Ak 3L Ry T AROR B A0 I 1) SRy
FRAE.

(3) MF-LDA(Markov-random-walks Fuzzy Linear
Discriminant Analysis, 2 [ FE LT E 0O 28 PR %
e Mo BB RIE ST K BE BL I A A
ROR) SR B2 A ME A&, w] DA e R s Ok B R AR S 4
Jay Y GETHRRAE L I HLRT DL S50 A 4% 5 208

TR ERITA AN EERERBKR S X 5.

R T NILEENEERE

PUNER RS BT AR BT RO 4R T
FOAD+PCA i & SR REAR B TR AR AE
FOAD+ £ ¥k [ 15 i = J&EHET
FOAD-+LDA N ps LIRS 5N
SPSF-LAR £ e EZ G E
QIFS = D 5l R M X 5
FDA & ps AR A E
FLMDA 7 & B DA 43 A 25 R d R AE
MF-LDA & & 51T KB AE
5.3 MWiRAE SR B =S e IR S e . & 4 FTEL S 43 ) SR

AR SR 0 5 AT AR AR B et B3040 2 T
AR BE L AR A 7E 12 W 2ok 2 o B T A Y OG5 )
MK R DA 5 3R L8 1 3 45 500 1Y) T b 4 e
ROR

(D) {2 7 19 45 i A £ USR] D0 3
L AT AR B AR IO B I 1k

(2) LA Q) i 1 6 B 1 1 S 2 1R s
LLiS B 4510 A5 o 4 2 bm 4, ) FH 32 58 1] 19 5 3k o)
A BHE HEAT 4 2.

(3) 3% A [ F Ja 4 42 BBCARE 32 1 T (4 20 of
B 252, v F0I o A S

Accuracy= N/ N,
HA N A0 FR W IEFIREAS . N R BREA

D3t 3k B R B T 38 U UE TR K BR AN AE T
ESOELE SN
5.4 FOAD Fisb 2R3tk

FEfE FH PTSD 4 5 F0 e i 47 ok 500 4 1 4y

T A [ B3 A T A B A0 A R L B 4

WE 4 FE 5 B . FOAD 553k J& P 52 JU5E
AR TR 70100 0 T A A R L e — 11 B3]
HhJE PCA 5k, PCA e —Fh S B S0k 1%
MR T m s 2 K IR ME R R R,
A4 R0 5 2, B Il FOAD 23 18 e v F 42 &5
PCA By 1000 e A 2. 76 18 5 (h) B A SIS 00 F o 3
T FOAD 5|2 PCA 43 JE i B B AR 09 1% B0 B4k
B HCOR R T 2 TR AR R A B R L H
JE B JFASTRY 358 I {fF 6 T 43 A7 B I M. G Sk, LDA
XiF 4% il 2 BOORG , Ot IR X R 81 A 1 9 %L LDA
{18 3000 74 A o3 MR B8 B TR PR I R R 6. 700
FHEVR B I 2 8 PR 140 100, fy 4 [l
VA AN 2 — b SR Ja P R SR O  JE M e AR AR AR K
HEM R EMEAE 7. 198 9. 4% RN EF
e gh.



199

100

— il 2 T RRY) 1 TS AR YOG B S A 4R BB ik

FRAE .

.,
fg

14

100

| | oo yw
T Dz - B & & T T T
- ’ % R ) nT,m Swi
- i 230
2z |BII &3
% = ® = ||Z5553L IRRRRERRERFRRRRARARRN
: ¥ = B = olelelajeic
(A m ﬁ.i @l MFWFFM Q\
o) | X = ¥ = g
S & U~ % #Hg K mm NEZIIED
3 = I TN
s H B SnosmE |
ol =3 ozl
s E TR eg=2g5 |
€5 e oo o
$ % = | e mAEZ N~ |
= ~ 2 B = il ,
% g8 i £ 85 <%%%E+ﬂAﬁ%
T 5T R + ¥ ¥ & — o Ao IS
A A A =2 A A/ A 2 99 m ;oS — = Fetetetoltetstotetetetetetetetetetetototototetete
<= Z=z << <L T By lkE F
EEXESE EJM mmwmgﬂ% Sl g BE M B k k k
N % NN 7 m N~ A % S = s =
%r/\\\; .ﬁw %W&& E [daat = o 0 ~ ©
/E\BEE c \m = = e = I = 4/ S A
& % &= 2 3 > % = B K o K =T
s = e B E v FHo
=R S
E &=
s S Zeosws
.= N BN E WK
- = 2C0ZEE
H A If K T oA
E E e N ﬂ % = o &
12 & | 7 7 ® o g®~gh \
D Il . o n B RS by
g . £E . pxw g
£5 = zEE MR g
[IIIIIIITIOIIIED . = = x £ R 5 o A R
vz S c L a R N = X " )
7 s & c =z BoEZ §
——— E Z © Riased
O o~ 4 (ORa u_._m s = —
A= TT7 i, =2
544 8 a_g B oesgse
S _ SN B oo o
SEE e vk [EE = S i iie
NN Z NN 7% Y oK
= S S HE ML @ R %MM > %0 ) © o =
& 3 = > = & [ > = o/ sz B A i L
%5/ SR w HEEKE
ws EE 8 K

LG IR AEEITE S

7 JE AR SR I Y 23 S v R L A

PTSD¥## 4

UG WAE€ITE S

PTSD¥ 4
FOAD J5 1 5 3k F HURE 4 1) J& 4 29 1) Jr i % e

&l 6



200 it "

Bl

1R’ 2019 4

L
&

F R A A ME R R REAL, I T FOAD 1y
PCA B M i 2. LDA(FOAD) & 3 5 PCA
(FOAD) 553k Z [ AF 7R 58 R 25 85, 43 9l 23. 7%
(PTSD ¥4 #1 17. 5% (Wil A7 AR 42). BR
2Bk B 1H (FOAD) H LDA (FOAD) 1y #E i % ik
6. 8% (PTSD %4 4) #1 11. 3% (I 17 M EIE 4 ,
R RT A T A & MR 47 HE ) 1A AR B T i
o G . HL b AR R A B ik R AR B T R R Ab
BRIV AR R AT IR AR 25 B3R I (R] A BT OC & L R 43
KRR 5 LDA(FOAD) 8 4 i 2.

Ja P AN B A RO A R A BR Y, e
PHQ-13 fE& A 13 M@ M A 5 Ak, [N 7 2.
W 3 1 A~ 2 B LR T LA B FOAD i i i) &2
FBER Oy . kT ] LAAS 31 53X JUF JE 14 AR 42 B
BRI A e E R O | 8 A 8 T A
[vi) Jo P A 44 B vk 7 A 50 0 v ) s ) 9 R

30 T

FOAD+PCA
BRI FOAD+LR
FOAD+LDA
EFDA M
[T FLMDA
[ IMF-LDA

251

N

Z

10

PTSD¥d 4 /s KA dEdE /min

8 Jm PR B2 I 1 Y I (] LG

80

T T

—— FOAD+LDA
—O—FDA
—/—FLMDA
—C—MF-LDA

60

1
10 20 30 40 50
e/%

(a) PTSD¥#4E

Horp PTSD %fa 5 LURD A Ay 5F (8] 545, i Mo 47 A
Bt S 0 i IE] LAy BT L& B FOAD 9k 75 2
7 oAt S 4 B 1k 0 3 Atk T AR AN A B bl
TN EITA I o PR AR AR T A 53 . Lotk [l A
(FOAD) 1y 751 0 #E 5 % Fn s (8] 1 € #6 . F PCA
(FOAD) . J5i R J& PCA RE4ERI R B T i 2 115 B &
T4 3 2 0 R de 2% L [l RE FLMIDA 4 T80 74 A =5 1
Bt ) S 26 2 fE T MF-LDA. % F- 3% 0 24 fa) B 4F Fb 4%
FERT , = A0 5T FOAD RO 5 12 A0 bb L Ath = Fh 55
DM FERT R TE 2 75 W A B 4R LR B 2 AR 2
5.8s # 3. 0 min.

Skt BB B AR M L uT DA E D s e
T M R B B e R m X s 1 AL M R L
Hom il s 43 )2 Wk 7 RE A B0 LR M R m =
me L e J2 M TR BOHE 7 4G B0HE 1 L ). ax s g
T RO A EL AT AR 0 PR R L B S IR 12 W A e
P9 J2 AN () 1 Ja SR i U 3 7 A B3l 4R P i
Fae tE A, W DL A B &0 FOAD Hil kb B 5 1)
LDA B3k i FaoE v B 8 48 F b JLFP 5 . LDA
(FOAD) SIETE e B/ T B2 1% , Bl J5 76 2096 ~
30 0 Iy X [H) PN T B ARV B JE O O faL 7R A
1026 ~5020 1 DX 18] P9 AR B T 24 5 %0 1 i o
R EME AR AR KR R MR A (e =50%0) » H: 101 00 o il %
8K 3% B S FOAD Jy 23 5 [ AR 378 191 fig A6
IR T H R D3R i FOAD oA — & ) 4 4%
R AEAL T — 2 L] M 7S R B AR LA R AT Y
TN A R B e BB R L L B 3 A T o
T A S DR T i o 76 M 75 40 LL 138 31 50 0 2
Tk I TAE.

75

—{— FOAD+LDA
—O—FDA

—/\— FLMDA
—— MF-LDA

70

[=2)
Ul

TR R 2 /%

D
<

55

1 1
10 20 30 40 50
e/%

(b) BuhiAT M EHE SR

B9 Jm PR 4R IR i Y A RE M e A



14

cad
puuy

FRAE . — Pl T RO e T 5C AR 1Y OC B I A 4R By i 201

AR SCHIAT 1 TOUAR A 32 25w A A, T
Jib R e T 8] 9 5 28 5 00 A O 2K B L B X080 o
A TCAR B A SRR T —Fi K FOAD i 2 T 6L
8 0 5C 2% Y O i P 4R U5 k. X B S I Y 4 R
7R %7k At i Y B 3 FL A AR AL A I ] A2 O
J&E AR T REA SR v o S HE R K.

> BB 932 W B0 B AT B A O 1 —
AIGETH o0 B 07 iR AE A AN BE AT 1 5 22 A9 25 21 L B i A
0 AR 48 7532 o 0000 2 47 J A B AT L IR K ol
Bl W . R T Lt — 25 R R R 5 AR A B
JO7 P T L 12 1T LA ARAT SRS 6 9 12 B 45 0e

2 % x #

[1] Sumathi M R, Poorna B. Prediction of mental health
problems among children using machine learning techniques.
International Journal of Advanced Computer Science &
Applications, 2016, 7(1): 552-557

[2] Chen H L, Huang C C, Yu X G, et al. An efficient diagnosis
system for detection of Parkinson’s disease using fuzzy
k-nearest neighbor approach. Expert Systems with Applica-
tions, 2013, 40(1): 263-271

[3] Son CS, Kim Y N, Kim H S, et al. Decision-making model
for early diagnosis of congestive heart failure using rough set
and decision tree approaches. Journal of Biomedical Informatics,
2012, 45(5): 999-1008

[4] Kessler R C, Aguilar-Gaxiola S, Alonso J, et al. The global
burden of mental disorders: an update from the WHO World
Mental Health (WMH) surveys. Epidemiologia e Psichiatria
Sociale, 2009, 18(1): 23-33

[5] Zhang J, Zhu S, Du C, Zhang Y. Posttraumatic stress
disorder and somatic symptoms among child and adolescent
survivors following the Lushan earthquake in China: A
six-month longitudinal study. Journal of Psychosomatic
Research, 2015, 79(2): 100-106

[6] Masri R Y, Jani H M. Employing artificial intelligence
techniques in Mental Health Diagnostic Expert System//
Proceedings of the International Conference on Computer &
Information Science. Kuala Lumpur, Malaysia, 2012, 495-
499

[7] Rahman R M, Afroz F. Comparison of various classification
techniques using different data mining tools for diabetes
diagnosis. Journal of Software Engineering &. Applications,

2013, 6(3): 85-97

[8] Seixas F L, Zadrozny B, Laks J, et al. A Bayesian network

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

decision model for supporting the diagnosis of dementia,
Alzheimer’ s disease and mild cognitive impairment. Computers
in Biology & Medicine, 2014, 51C(7): 140-158

Khemphila A, Boonjing V. Parkinsons disease classification
using neural network and feature selection. World Academy
of Science, Engineering and Technology, 2012, 64 15-18
Dabek F, Caban J J. A neural network based model for
predicting psychological conditions//Proceedings of the
International Conference on Brain Informatics and Health.
London, UK, 2015. 252-261

Lopez J, Maldonado S. Group-penalized feature selection and
robust twin SVM classification via second-order cone
programming. Neurocomputing, 2017, 235.: 112-121
Pawlak Z, Skowron A. Rudiments of rough sets. Information
Sciences, 2007, 177(1). 3-27

Wang C Z, Qi Y, Shao M, et al. A fitting model for feature
selection with fuzzy rough sets. IEEE Transactions on Fuzzy
Systems, 2016, 25(4); 741-753

Wang F, Liang J, Dang C.

data sets. Applied Soft Computing, 2013, 13(1): 676-689

Attribute reduction for dynamic

Fan J, Jiang Y., Liu Y. Quick attribute reduction with
generalized indiscernibility models. Information Sciences,
2017, s397. 15-36

Zhao Z, Wang L, Liu H, Ye J. On similarity preserving
feature selection. IEEE Transactions on Knowledge & Data
Engineering, 2013, 25(3): 619-632

LiuJ, Lin Y, Lin M, et al. Feature selection based on quality
of information. Neurocomputing, 2017, 225, 11-22

Wu X H, Zhou J J. Fuzzy discriminant analysis with kernel
methods. Pattern Recognition, 2006, 39(11). 2236-2239
XuJ, Gu Z, Xie K. Fuzzy local mean discriminant analysis
for dimensionality reduction. Neural Processing Letters,
2015, 44(3): 1-18

Zhao M, Chow T W S, Zhang Z, Random walk-based fuzzy
linear discriminant analysis for dimensionality reduction. Soft
Computing, 2012, 16(8); 1393-1409

Zhang J, Zhang Y, Du C, et al. Prevalence and risk factors
of posttraumatic stress disorder among teachers 3 months after
the Lushan earthquake: A cross-sectional study. Medicine,
2016, 95(29) . e4298

Lee S, Ma Y L, Tsang A. Psychometric properties of the
Chinese 15-item patient health questionnaire in the general
population of Hong Kong. Journal of Psychosomatic Research,
2011, 71(2): 69-73

Qu Y, Jiang H, Zhang N, et al. Prevalence of mental
disorders in 6 — 16-year-old students in Sichuan province,
China. International Journal of Environmental Research &.
Public Health, 2015, 12(5): 5090-5107
Candes E, Li X, Ma Y, Wright J.
component analysis? Journal of the ACM, 2009, 58(3): 11

Robust principal

Sharma A, Paliwal K K. A deterministic approach to
regularized linear discriminant analysis. Neurocomputing,

2015, 151(1): 207-214



202 it "

Hl

S

1R’ 2019 4

XIONG Xi, born in 1983, Ph. D. .,
lecturer. His current research interests

include data mining, machine learning

and social computing.

\

QIAO Shao-Jie, born in 1981, Ph. D., professor. His
current research interests include big data, moving objects

databases and complex networks.

Background

This work is a part of the “Research on Influence Factors
and Propagation Mechanism of Users’” Emotion in Social
Networks”, which is mainly supported by the National Natural
Science Foundation of China under Grant Nos. 61772091 and
61802035 and the Youth Foundation for Humanities and
Social Sciences of Ministry of Education of China under Grant
No. 17YJCZH202. These projects focus on the analysis and
modeling of emotion in social media. The current research of
sentimental analysis mainly utilizes the method of natural
language processing, which does not consider the influence of
various factors on users’ complicated emotion generated in
their real lives, which is more trustful and helpful to this
study.

The offline emotion data can be collected by psychometric

tests. However, the intrinsic fuzziness of clinical psychology

HAN Nan, born in 1984, Ph. D. , lecturer. Her current
research interests focus on data mining.

YUAN Chang-An, born in 1964, Ph.D.. professor.
His current research interests focus on data mining.

ZHANG Hai-Qing. in 1986, Ph.D.,

professor. Her current research interests include data mining

born associate

and decision-making systems.

LI Bin-Yong., born in 1982, Ph.D.. lecturer. His
current research interests include big data and cloud
computing.

and the psychometric data has hindered the application of
artificial intelligence in the analysis of users’ emotion. Currently,
the information extraction method on psychometric data with
fuzziness has not been extensively studied. This research
focuses on extracting valuable information and obtaining key
attributes from fuzzy psychometric data, which can facilitate
the analysis of users” emotion. This paper proposes a fuzzy-
option based attribute discriminant method. As the core of
the whole approach, the fuzzy option reduction algorithm can
merge fuzzy options into other reserved options in order to
reduce the fuzziness of psychometric data. The experimental
results on real clinical data sets demonstrate that the prediction
accuracy can be improved by 3. 3% —14. 1% without increasing

the computational complexity.





