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Sommart Aungkaseraneekul 2012: Automated Thai-Language Essay Scoring. Master of
Science (Computer Science), Major Field: Computer Science, Department of Computer

Science. Thesis Advisor: Associate Professor Chuleerat Jaruskulchai, D.Sc. 116 pages.

Machine learning research has been applied in the daily life including automatic essay
scoring. The concept of automatic essay grading is comparable to the documents clustering or
classification according to a set of essays. However, the preparation of the training data needs to
include every category of the answer sets which is impractical. The training data usually includes
the appropriate essays and it might be available only for some types of data. Additionally, the

number of clusters may not be known in advantage.

In this research, EM and Cobweb algorithms are used to discover automatically the
number of clusters for each question. The similarity score of each of clusters was calculated using
cosine function between each representative of clusters and its one solution. We used query
expansion and LSA techniques in our work; query expansion technique was deployed in order to
solve the problem of synonyms and LSA technique was used to find a latent semantic meaning and
reduced data dimension. The results from tests were compared with the learning algorithm such as

K-NN, ANN and Bayesian.

The effectiveness of the algorithms is assessed with seven questions of object-oriented
programming test with total of fifty-five students’ answers and applied only a single solution for
assigning score. The experimental results showed that the total average accuracy rate between

unsupervised algorithm and supervise algorithm are very close.

Student’s signature Thesis Advisor’s signature



paanssulsema

Y
v A o d

a a 4 N YY ] A g 1 =
’JVIEJWqu!‘ﬁﬂ‘U‘UuﬁHﬁ%ﬁiJ‘Ujﬂ!ulﬂﬂ’ZJt’Jﬂ’ZJHJLN@W]HLaZﬂ’NN‘Iﬂ’JEJL‘Ha@LﬂufJEJNﬂmﬂ

o Ay ¢ W o A a N s A Y} ¥
TFONFMTATIVITY AT.YATAU ITANAVY ﬂﬁg‘ﬁﬁ«lﬂiﬁﬂﬂ']iﬂ']ﬁ;ﬂ‘HTJVIfJ"IHWH‘ﬁ ‘l/lﬂ?il!'lﬁh’iﬂ’ﬂllg

E] q

o

o dy 9 1 1 A ya a o~
ATLHSUT BUUSHUINN ﬁaemuma%ﬁe‘uLmzuﬁnlwammmma@] o lvINeHNUTY

9 4 = ] a Y v YR 2 AN Yo I 1 A
ANUYNADNTUYITULASHAUAININIFING E!'J%ﬂgﬁﬂ%’]lﬂﬁ]ﬁiu@]'nuﬂ§m11’]llﬂﬁﬂlﬂu@fJ'NfN

Y
=1

JvenTwvoUNTEAMed g1l a Temail

4 a a a 4 ' {y ¥ <
YONT VYD VNI AUABINTINIAIFIINGINTABUNAABINNMIY N IABUTUTIdOU
Yo g ¢ 1A o ) o
uazuounNuioudulsz Teniedsgelumsi il lds: Temineli nazvevounu
£y Y a a a 4 1 AW Y ¥ 1 A Y o o 1
i e Inemsaeuiuaesnniy il laldanusiamaenas Tddumzinieg

I 1
Wueean

Aauv It a 4 Aa aou o
VONTIUVDUNIEAM AT.ITUN amuiﬂﬁum Uag AT.ONTNUDS LUSIATHY 31N

o w o

a 4 = 1 a A~ o o 1 A
mummw&munwmmﬁmuammiuiammwm (@IN%Y.) ﬂﬁ’mmiuazﬂmuzmmm N

Fluse Temiluauise

a A a

YoUILAM AUNAA Yuain danlSyguenaniineinmneuiunei

Q

[

a 14 a 1% Jd A Y o = Y
AUSINYIATNT U NINUAUNHATAITAT Wﬂ@ﬂiﬁﬂ?ﬂ?ﬂﬁ?iﬂﬂ?ﬁﬁﬂu LLﬁ%ﬂTi!LﬂﬂﬂJﬂﬁflu

Y I o

1 Y Y k) 1 S A o
ADIUNITUANG @]a@ﬂﬁ]uch/iﬂﬁﬁuﬂﬁiguul‘ﬁW’J%EJ%]LN?JLLW?Wﬁﬁullﬁ%@WMWiuﬂﬁﬂﬁ%ﬂgN

U

a o a o g
’J%TﬂTii%ﬂUuTUWGD'W]llﬁ}ﬁHiﬂ

[

Y TN A Hq v 1 y
magau M’mmaﬂsmmauWszﬂmummsmw“lwmsammam@, ‘l‘ﬁjﬂﬂ"lﬁifl”lx‘lﬂ"li
= Yo o 9 o 9 1 aA AA Y

ANHI “l,‘wmaﬂmmﬂwmiﬁuuauu‘lunm ATUAADANTDYTIAUN VDVDUUYIANUDN LA
an 1 1 D an a a o 1 4
HaawgulSyanIn taziidalSyguenanninensneuiaunesnnniu aasaauious

Aay ¥ Aq ¥ ' A o o q Ya A ¢ o A g o
‘V]ll]lﬂlﬂﬂunlll‘n‘lﬁﬂfnllﬂf]f]lwaﬂllazﬁuuauu@]aﬂﬂu1ﬂ11W3ﬂﬂ]uwuﬁﬂﬂﬂulﬁjﬁ]ﬁuujmiu

=h.

q0

AUNINT DIAIATAND

NHENIAN 2555



[ J o

MoTuedyanyallazi1go

A1
o 4
Tgilszasn
MINTINONANT
4 ast
9Un3slagInns
4
gUnsal
ay
T3
a 4
Hauaz 130l
Ha
a J
791301

ajtuazdorauonus
a31l
9
Torauouu
PNATUAZ AI019D9

NIANUIN

a3vsy

MARNUIN N 518921DIANANITNARDY

MANUIN U HAITUATII
MARUIN A 19819 TUsunTuATITR UM EA 11 1N

15230mMIAnYT a1

(1)

(1)
2
(6)
(7

20
20
20
36
36
58
61
61
62
63
70
71
87
113

116



a
AN

10

11

12
13

14

15

16

17

18

a3UYMIN

@ [] I~
$10819U7N POS
anavesioya
$10819MABLVDIUNITEU 3 AU
maunumaeuluzlanudvesd

) = o 1 %I o Y
maunumaeyluzilanudvesdazaaimiin Iagly TF-IDF
maunumnevlugianudvesdnlny
Taglgwauynsudungeudlayminsailiduniiou
@ [ 19 o’d’ 9 ) [
A1081Nas NI N laanmalszaianadivsumnsa A
manuiu lunaazdolumssundresanosnuy K-NN
1 [ o [l 9 aa 9
manuuuud luaazdenstinlawauynsu
Tumsswunaedane3iu K-NN
1 1 ) 1 9 o 9 [ Aa R
aanuuua lunaazvs lumssuunalesanos Ny K-NN
SAUNUINALA LSA
1 [ o [l 9 aa 9
manuuuud luuaazdonstinlawauynsu
TumIsuuna1e9ano3 NN K-NN 521/ Umaila LSA
manuiu lunaazdolumssuundlresanosny ANN
fl [ o 1 9 aa 9
manuuuud luuaazdonstinlawauynsu
Tumssunaiedanainy ANN
1 1 ) 1 9) o 9 [} Aa <R
aanuuiua luaazie lumssuunalesanasny ANN
FALINALA LSA
1 [ o 1 9 AAq Y
manuuud luuaazdonsainldwauynsu
TumssunaiedanaInyg ANN SR UmMALa LSI
manuivi luuaazde lunmssuunalesane3iu Bayesian
aanuiud lunaazdensain lswauiynsy
TumssunAIe8anes Ny Bayesian
' ' o ' Y ° Y [ a R .
manuuud lutaazdo lunsduunae9aneINY Bayesian

FAIALINAUA LSA

2)

18

24

26

26

26

28

34

36

37

37

38
39

39

40

41

42

42

43



3)

M5UYAII9 (A0)

4 v
M5190 i
1 1 o 1 9 ~ A 9
19 manuuuud lunaazdonstinlawauynsy
TumsTunAIeoane3iu Bayesian SIUAUINALIA LSA 44
' Y
20 MANUIUTUNAYIINDTD 1-7 VOIITNITAANTAULUAIAL
Y
1AZOANDINUNT LLNNGUNT 2 iF09ANF9AT Threshold A HUUUNA 49
v Y
21 MANUNUGUN AT INTD 1-7 VOIITNIAANTALULUAIAL

9
uazaaﬂaiﬁummmﬂqum 2 (589MUTIA Threshold A

al o Y o
LL“LI'U‘]Jﬂﬁi’JlIﬂ‘]JWﬁ]u'liélﬂiiJL!,ﬂﬁﬂulﬂ'lﬂHWﬁ@u 50
1 ] ) 4 9 a 3’, a
22 ﬂ1ﬂ'ﬂiJL!,3JufJ'lLﬂ§ﬂi’JN6UE] 1-7 ﬂlﬁ]ﬂﬁ%ﬂ'ﬁﬂmﬂiﬂuﬂﬂﬂﬁmﬂ

Y
1Az 8aNe3 NUNSULNNANNG 2 iF0901F29A7 Threshold A
uuuldmnaiia LSA 51
v 9
23 MANUUNUSUNAYIINDD 1-7 ¥9IITMIAANTAULUAUAL

9
uazaaﬂasﬁumsumﬂ@um 2 (5890 1W%F9A1 Threshold A

upuldimaiia LSA saunuwamynsuuntymisumilon 52
24 Usz@nwansdanqualesanesiin EM 53
25 UszAnSHanstAnquAI88anes iy Cobweb 54
26 manuuiuuaza MSE mavsmluidazsanes i

Y axy a [
AYITNITAAUNTALUUAIN 56



M519INUINT

Nl

N2

N3

n4

N5

o6

n7

N8

N9

10

N1l

nl12

13

M5UYAII9 (A0)

MANUUN UG UDIUADZFII Threshold A V9ITON 1-7
as Y 3/ a
luAsms I nsauuuaA
AMANULNUGIUDIUADZFI Threshold B UdI10N 1-7
as Y ?,’, a
1135mMs Wnsauuuaaa
AMANULNUGIVDIUADZFI Threshold C YpIT0N 1-7
as Y ?,’, a
1u35mMs nsauuuaaay
MANULUN UG UDIADEFII Threshold D ¥9T0N 1-7
ay 9 3’, a
1135mMs Insauuuaaa
MANUUNUGIUDIAAZFII Threshold F U03909 1-7
Aax Y Z’, a
1uAsms IMnsauuuaA
MANVUNUGIUDIAZFII Threshold A V9ITON 1-7
as ] 1 9 (% a R
ludsmstianguAedanaI Ny EM
AMANULNUGIVDIUADZ I Threshold B UpI10N 1-7
as ] 1 Y [ a R
luAsmstianguAIedanaI Ny EM
AMANVULNUGIVDIUADE I Threshold C VdIVON 1-7
as ] 1 9 [ a R
TuAsMstianguAIBdanaI Ny EM
MANUUN UG UDIAAZFII Threshold D Y9IT0N 1-7
asy 1 1 9 [ a AR
TS MstnguAIedaneI Ny EM
AMANUUUUEIVDIAAZSI Threshold F ¥93909 1-7
asy 1 1 9 [ Aa R
TS MstnguA8oaneI Ny EM
MANUUUUEIVDIAAZSIN Threshold A UDIADN 1-7
TuAsmsuLianguAe8ane3 iy Cobweb
MANUUUUEIVDIUAAZSI Threshold B ¥99909 1-7
TuAsmsuangudledanesfiy Cobweb
MANUUUUEIVDIUAAZSI Threshold C ¥9IU0N 1-7

luAsmsuLianguAle8ana3 iy Cobweb

(4)

72

73

74

75

76

77

78

79

80

81

82

83

84



M519INUINT

nl4

n15

M5UYAII9 (A0)

MANULUN UG UDIUAZFII Threshold D U9IT0N 1-7
TuaTmsutianguaedanesfiu Cobweb
MANULUN UG UDIUASFI Threshold F Y0399 1-7

] 1 9 [ a
TuAsmsuianguAI89anes iy Cobweb

(5)

85

86



a
MNAN

10

11

MNHUINT

Al

f2

AUy,

IGERGERR Perceptron
Y
HHUNINATUADUMIAZNTZUVUMTATINTo AU N1 Ine
[ wAaAas d'
UV TUNAIDNTA 1
Y
UHUNINATUADUMI AT NTLUVUMTATINTO A0 UM N1 1N
at ST,
HUVOR TUNAITNITN 2
1 [l A A 9 o I a ] a
#A1961uN3 NN laviaannmsuaniumnsnesslumaiia LSA
A108191A59018 Taaa Naive Bayes
#0819 159519101 Multi-Layer Perceptron
[Y] o 4 1 { [ ) o [} 4
asmlanudusiusveImaNuAdImAsAUTIUIUA NN Yol
1 1 o A 9 an a 2’, a
AFNAANUUNUGURAYTINTD 1-7 YDIITAMTAANTALLLAUAN
9
1AZOAND3 NUMTULINGUNI 2 (F89A1WFI9A Threshold A 1UUNA
1 1 o d' 9 asy a Z’, a
AFVAMANUUNUSURAYTINTD 1-7 YDIITAITAANTALLLAUAN
Y
1AZBANBINNMIULNNGNNT 2 5890 1529A1 Threshold A
al ] Y o A
suvlndTanunIynIuun Ty ko
1 1 o A 9 as a g’; a
AT NNV URAYTINDTD 1-7 YDIITAMITAANTALLLAUAN
Y
1AZBANBINNMIULINGNNY 2 5890 1F29A1 Threshold A
9 a
uvulFmatia LSA
v Y
ANV USURREIINTD 1-7 VDIITNMTAANTALULUAIAN
Y
1AZBANBINNMTULNNGNNY 2 (5897 1UH29A1 Threshold A

a 1 [ Y o
puuldmaiia LSA sawnunauynsuudtlymsuriion

Tilsunsunstadoaaudaiion v Inea1e9s Classical method

I‘]Jillﬂill@]i’!i]"ﬁjﬂﬁﬂﬂ5@ﬁ8ﬂ1h11ﬂﬂﬁ?ﬂ€ﬁﬂ@%ﬁm EM

(6)

11

21

22

27

29

30

33

45

46

47

48

114

115



(7

Mmetinaddnvainazide

® = Copyright

LSA = Latent Semantic Analysis
ANN = Artificial Neural Network
BBN = Bayesian Belief Network
K-NN = K-Nearest Neighbor

CPT = Conditional Probability Table

MSE = Mean Squared Error



N3NV TDUOATEM B INBUVVOA ) UITA
Automated Thai-Language Essay Scoring
a1

=3 Y [ [ g’/ = [ g’/ v =
mmﬂumsﬁauﬂluﬂﬁ]@uu "lmﬂusmwvuﬂszauﬂﬂm TEAUTUNTIUANH LIS

[

= 1 [ 1 9 v o A Y [ a A =) Y
TEAUYANANYIAN EJEHJT]J’J'Iﬂﬁ’B)E]ﬂ‘ll@ﬁ’f)‘ﬂlmﬂﬂﬁuﬂlWﬂﬂlsﬁiuﬂﬁ’JﬂﬂigﬁWﬁWaﬂ'liliﬂug
I~

o

1 9 o 4 9 v v
Yourisoulidnsnimuinnnmseendodouuuuilsie iesnndeaeunuusatioilumsen
o o Y Y. Y] a o
Maoy ARG U TOUAANNHENNAMNAA ADIWTT HAZANNAINITD TUMTTEY
] d A a Eal 9 1T 9 ] 1 1 <3 A o
Fuaszinionsinzriag launniveasuuuuisiie uaedralsnamuiiosiuiu
Y = A%I 9 A A ~ n YA ~Aq Y 4’3
dodouilsuamniu dasrvvznulymnnanaeslilane nanldlumsasiaunniu
A A 9 9 A ~ o 9
AAANUILDIAIVDINANTI 1z UIARNUNBINTITUMTATIV NI TR TUAILAZANNFAN

] a

1 ~ 9 I 9 ~ 1 dy o Y v Aa 9
ANNUUNYIUDN L‘]J‘Ll@lu fl]’lﬂﬂﬂluw'nﬂﬂa'ljll’lu ‘1/1111fiuﬂ2]i1t’lwEﬂEﬂiJﬂﬂﬁiNiZ‘Ll‘lei

X g

v W @ o a J 2 o a ast
Gli')ﬂﬂT@ﬁﬂU@GIUEJL!UUE]G]TuiJGWQ{'JEJﬂ’E]iJW’JLGI@i%uTﬂﬂm'ﬁ)\‘mull@sl}iﬂﬁﬂﬁL!u3ﬂﬂlla3’)‘ﬁﬂ1i
LA o o w o o o '
AIIVVINYBY 1B Glﬁﬂ%uuu1@ﬂ@iﬂﬂﬂ1ﬁ1ﬂiy ANUNAY LASITNANHUSATIAD VLU VAN VDN
) 1 o 39 4 o a s o Y 3
pﬂ«mﬂmmammmmuu L’]J“L!G]‘Ll LquiﬂﬂGluﬂi]i]l‘U‘L!ﬂ'E]iJ’IN’Jm@iﬁ1ﬂ1iﬂﬂ1\11uulﬂi’3ﬂli’3

1 [ ] o 9 [} (Y] [ 1 d’
nuaneuin M nlsevdanar Ussvdansneins Lgasa@ﬂmmmm"lummmﬂums

1A A 4 'Qt%l

A329 M3 zaouiume lilisosvesensual Anwidn uaganuiisedrimnaduluuywdun

A g
NYIVDI

selsnITMInsIveasusainuusn Tuiarzadredumsunenas Tag
o J o [ 1 [ X o J {
STuunNguiAeUMUTZAUANUAAIBYDIARZTEALINTA TUgAToyaToUTZUY FasuTlud
wAoadigatoyaaouszuvva lugme lddmiuadwuuuiiaesmsiinenz iy @061
' Y
sruumMInsIvteaen Uiz NI WY ST Project Essay Grade (PEG) Qﬂwwu1%u1ﬂﬂ Page
Yo ° A Y P ' o 1 o Aq U

(Page, 1966) TaglganyazmnduNAIUNTATINAGUYBI UL IZALINTA 15 A7 9
o o o o A 3 Y Y3 o
Maev uIUm lumaon anwedtlss Tea taznsosruiedssanou udu ulsilued
)5 luupus1aed Multiple linear regressions tWal¥lums Iiazuuuluuaazdiney aeunlas

a . . . 3| 70 9
N13AATZUY Electronic Essay Rater (E-Rater) (Attali and Burstein, 2006) L‘]Juﬂﬁﬂ’wQﬂGlGlG]f

(UVI1ADIVDY Multiple linear regressions e uIAZLUY IﬂﬂLLﬂuﬂgﬂﬁ1ﬂ@Uﬁ}ﬁﬂﬁﬂHm$



d I .
vsogUuuuveslse Toa uaz lensal Wludu 192320 Intelligent Essay Assessor (IEA)
= . . 2 g a { f
(Landauer ef al., 1998) 1¥imAtin Latent Semantic Analysis (LSA) Faudlumaiianinsl¥eda
Y
UNTHAENIIATUMTUTENIANANIEIFTTUTIA UNUFIUNIA Singular Value Decomposition
2 3 ax = a A o v J ' o [ o
(SVD) HuiuATMInnisadia iiounuaNNaNNUSIzHINgamaunum lumaou ag
a a d‘ 9 o 1 o L% [ d' o Y 2 a dyl
anuuve s naui Idunud luunazMaoy uadinsansuzidiag 13 Senwuniniin
dy A a . 9 a l-dy o G o
WUNITIAMUNUIY (Semantic space) tag Iunn Inui lumsmiunensomulIuaz Uy
o o Y Y o Y dal [ AR A o FY
Moy M lims lazunumeovgndeawnnyu Tagdanssnuniunlgluszuums
9 < [ a R Y A . ] ~ Y A
A3797000V1TUSANDINUNINAIY Machine learning 1M NTIANNIBEUT RO

o a R ~ 9 A 9 [ a KR = 9 a9
@aﬂ@iﬂNﬂ'ﬁﬁﬂugll‘U‘]ﬁJaﬁ@u Llﬁ3'E]aﬂ'ﬁ]ﬁﬂﬂﬂ’liliﬂuguﬂﬂquulﬂﬁ@u

sanosnuMsisouinuUllfaon 15U 6anesfiu Artificial Neural Network (ANN)

(Loraksa and Peachavanish, 2007) 98 nOINY Bayesian (Rudner and Liang, 2002) HALOANDINY

I3 o & 4 o 0w
K-NN (Bin et al., 2008) 1iludu s1iludedldyadoyaaouszunmodirauuuiiaesdmsy

] o AR A o Y} Y o vy . . '
M3 Iazuuy sanesnuminnlenisdunissangudenay (Test-categorization) 131
o L 1 o H a

Bayesian independence (Larkey, 1998) gmiiunlizgna 5 lumsuennguiiaouiigniagiia
2901071 TaglHuunT1a94 Linear regression 14m3 1nzunumaon wazldmaiia LSA 1

J

a A o o J 1 9 1 ] < a = 9
’J!ﬂi”ﬁ‘I(ii‘ﬂL!‘U‘U‘Hi@ﬂ??ﬂﬁﬂWHﬁiHﬂi%Tﬂﬂi’JﬂJﬂ’JfJ LL@]?JEJNllﬁﬂ@'mmﬂUﬂ LSA 8313nn0Y

U

9
ﬁf’) ”lilﬁﬁ'luallf’)\‘]ﬂ']ﬁ'llﬂ5']8ﬁajﬂﬁx‘]ﬁ%}'l\‘]ﬁéﬂﬁo']ﬂﬂslli’)\‘]ﬁ'ﬂu?hﬁ@‘ﬂ ANUUINAUA Probabilistic
Latent Semantic Analysis (PLSA) (Tuomo et al., 2005) (tag Syntactically Enhanced Latent

Y [
Semantic Analysis (SELSA) (Kanejiya ef al., 2003) gniinaueduiouddymainann

[ a R =} 9 a9 ] [ a R

paneanumsiseuiuu lulidaon 191 9ane3 Ny K-means (Chen ef al., 2010) 9n
o o o a . 4 [
whuszgnald lumnimatetla (Open-ended question) titeianuinlaniensuaaani
a & ) & o ° Ao 3 v Yy 9 A
AaiuveIdnol Femasuvesmamlszianil isuiludesldgadoyadouszuursoya

F
maglumsIiazuuumiaon uavzivegnuszauanuaaivuesdaouludanesiu Voting
) ' ' v

TagiunouEUAUILAIUUAAUUUITUAY (Initial score) 1INIUIUALAL AN 1T A1 11

AL LazAZUUUGANY (Final score) Aun 1A1INGaND3 N Voting

9
nuATeihitaueszuuMIaItedeusmion Ine Tasldgadasuindnyus

A

9
mownuulaetla Anwenmeeunudy naassnuoanes numMsSeuiunuliddou Ao

@ a KR . [ a R =~ 9y a9 A @ a R
NI NY K-NN ANN (iag Bayesian uaz’aaﬂaﬁﬂnﬂmﬁﬂuguuﬂuwﬁ@u f19 9ONDINY



EM 1ag Cobweb lagldinafinmsvensminy (Query Expansion) azimatia LSA $iualely

a 4 A = Y a9 A ~ @ a KR = 9 1
NITAUNIICHING LW@LIGEJ“]JWI‘EJ‘UEU@WUEJWEJ uazﬁgﬂwam”lﬁ’“lueaﬂeimmmﬂuggmazu‘uu



U

Tagilsvasn

1. 11i91182ane39 1 K-NN ANN 4ag Bayesian 3119 1umsinneazuuumaey Tag

o i 4
Tdygadoyadouszuun oyaf Ao UNKIUNTATINNNNYLE

2. 1iVe118ane3fin EM taz Cobweb i ldlumsimisngudinoy Taeldyamnas 1 90

TumsIdazuuulungaznguiney

4 o a o . F) [
3. Lﬁ@uuﬂﬂuﬂﬂTﬁlﬂ'lﬂﬂW]@ (Query Expansion) ﬂ’JfJWi]‘IHL‘!ﬂﬁJENﬂi]E—UlVIEJ uae

a ] A a A Y o [ A
maUn LSA NT“H'JEJLWM‘]JﬁgﬁTI‘ﬁﬂ'IWGluﬂ'lﬁclﬂﬂguuuﬂ'm@ﬂllﬂﬂﬂﬁiuuG’I

4 Y 9 9 v o Y o Y
4, Lﬁ@ﬁﬁ’l\?jﬂﬂlﬂii\lﬁuuﬂUﬂ’li@]i'ﬁ]m@ﬁ'ﬁ]ﬂﬁ]ﬁuﬂﬂ’ly'l]lﬂEJLL“LI“UE]G]TL!?J@] Iﬂfﬂﬂ)’

o o a a3 o g‘/
anvazmoutuulaieile vazidlumaouuuuay
r.’d' 1 Vo
szlarunmanazlasy
[ Iy} @ J ] a d'
1. ¥1ea519%0d0usAen 81 Inouag InazuuuuMULYBEE19gAT T TUIEZININTY
A v Yo o
2. 9ANNIUREATUMTATI NN UNYBE

<3 @ o o
3. 74EAIN TIA437 !Lagﬂﬁgﬁﬂﬂna']ﬁluﬂ'ﬁﬁﬁgﬂ 1’]'lclﬁzﬁ'lu'ﬁﬂgﬁ’Jﬁ]eﬁjﬂﬁﬂﬂm@\juﬂﬁﬂu

1815 nanng
VDUVAUAZ VDD INA

vy v v A a o kY o 9 Ao
1. Gl‘]f"ll'ﬁ]’(?f’f)ﬂ’E)G]uﬁl')clﬂﬂ']iIﬂillﬂilll‘]ﬁ')@]Q@'Jﬂﬂ'l‘kﬂ%']’ﬂ MUIU 7 VD UMDY

v A

@ ° I = ° H
UNLTYU 55 AU I@ﬂaﬂﬂmgﬂ'lﬁaﬂlﬂullﬂﬂﬂa'mﬂ@ AN ULV VAU

2. Mygadoyaaouszuy nazgamaslumsIdazuuumaounaz fallsz@nsnaluna

[ a

=4
ACaANvdINY



a J [ ) 1 o v A Y ax v o Y )
3. n5ed luszaum lutaasmaeuveinisou AeIsmsaamaie 1Usunsuaam

A1 Ine Taglumtladeaiduveamluilse Ton



N13A3IVONAT

Y %

ada av
NYHHNNYIVDINVIIUIDY

aA o Y 9 v o g o Y A a Y
‘m]ygmumﬂﬂuizuumimfswaﬁauamuﬂ LL‘]J\TLTJ‘H 2 Y11UD A VIQHQV]1Q@1H

J

a Aq v o ci 9 ) ¢ a v a
matanlslumsdSunlasudeyaringlununnees tagngugmiedulyaiszavg

a3

o . - o o
(Artificial Intelligence) N3182DYAAIU
a 3 v ! d
1. ngumemumnaiiaildlumsdsSunasudeyaringluuunnmes
1.1 Latent Semantic Analysis (LSA)

X . < A A o 9 Y
Latent Semantic Analysis (LSA) (Furnas, ef al., 1988) Wumaiianiiunlgnieaiu
NLP (Natural Language Processing) TuszuumMsAuANaTa UM (Information Retrieval
~ s A 9 A A 1 9 4
System) IylszasfmpanvuInveIgavoyarsegaenasnivua vy uazlylse Towd
1 A 1 1 a 4
vinmsaavail lumsm Iassadraneanurneigousy lugaonais Tasinsen
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Y =g(U-)=—Bu_ (6)

1+exp_ |

Taof B Ao AIANFY

Id
WijncW = Wijo + LR . ej . Xi (7)
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4) Why (1'lu) Wumownaesmsmasy lumalvmena
- I o d’ﬂ/ o <3 A
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ms19h 2 adavestoya

o uIUM IUIUM IUIUM Num wum Uszan
endnwal  gegalu fgalu ey Twnas  dowm
(Unique mMaoy mMaoy Mo
words) YGIR TniBeu nideu
1 161 70 2 22.2041 38 What
2 285 78 1 31.8810 43 What
3 217 85 2 23.9756 41 How
4 124 68 10 33.0833 33 How
5 243 78 6 30.9744 16 What
6 173 70 1 14.0408 35 Which
7 199 89 1 28.5500 53 How

NI 2 UAAIUIUAIFIFA dga TIUANRAY tazilsznnmaiy Tay

o o @ ~ o { 1 % o [ o 1 o
s lanamsiuanuavesin lusvseduenanyal luudazaaol
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w. feanihminvesiii i lumaeuvesinSouaud j
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A o o % A o F
N Ao MurumaeunImuaninlglumssnaaes

. A o o v A = o A K ]
DF(i)) f® mmuﬂ”mammumiﬂum1J31ﬂ;]ﬂm 19g
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d‘ o li' o
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WniSey  Msaunen MIAUAD  abstract class polymorphism object fauls

aui
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3 1 0 0 0 0 2 1

Y { ! ?ol v
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v A
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2.2 mizmuﬁmauuazmaﬂﬁaﬂmﬂﬁﬂ LSA
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3. NIZUIUMSIAAZUUUAINBLAIIDANBINNMFIFEUFUVD Supervised (35M3T 1)
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3.2.1 MINHUAMWITIADS 1UBaN0INY K-NN azmuuaa K = 3 uaz e

< [ @ a
@UN13 Euclidean distance Lﬂuﬁuﬂ']ﬁjﬂﬂ']ﬂj']llﬂg']ﬂtluﬂaﬂﬂiﬁll

o 1 a J @ a o a
322 ﬂ'lﬁﬂ'lﬁuﬂﬂTWTﬁiJm@'iTLlfJﬁﬂf)iﬁil Bayesian %gﬂﬂﬁﬂ\‘liuﬂﬁﬂ@iﬁﬂ
BayesNet TuTy5un351 Weka ttaz 191 Default Tagfvua estimator U1 SimpleEstimator a
A 1 a 1 1 I 1 o Y o a K Y
alpha wsomuszmumanuunzduluaiss CPT m1nu 0.5 l¥oanesnumMIsAUKILUL K2
° L . < o q ¥ Y . Ayy & .
HagNIMUANI initAsNaiveBayes 1l True 14 Tassaingues Bayesian 1Azt unny Naive
[ { ( ' o a g o 1 o ! o
Bayes mmwﬁ 5 LL’G’f@NG]’J@EJN!,‘H{{]ﬂ1imﬂlﬁ]ﬂﬂ15tﬂﬂﬂluﬂ]@ﬂﬂ1ﬁ1\3ﬁGluﬂ'lﬁﬂll Glmmazmﬂzﬁ
a1319 CPT 1 ldnnmsizondlugadoyadouszuy nazlidudonszninaInua class 11649

o 1 < LAY 2 1T o 1 Ao 1 3 a 1w
Tnuamiaiae wiulandwlsnand (class) Yuasanemaiee Tashimaiedudaszaeny

Usznm 1 eilHa asTILeE 57 Tulsunsa

| 2] Probability Distribution Table For char =5

dass "(4nf-0.28605] (0.28605-nf)’
A 0.625 0.375
0.875] 0.125
c 0.125] 0.875
0.875] 0.125|
E 0.875 0. 125!

MNN 5 @19819 Ingau18 Tuaa Naive Bayes

o 1 a o [ a
3.2.3 msmmuammnimes Tudanesin ANN TumsnaaesazldmsGond
o o I 1 1 o . o g}/
1101 Back-propagation Iag ¥ TnuaiidniuTnuannudveanaazd Fealandns 7 9o
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Hau Tnuminduanaanuluuaazdoaall 161 285 217 124 243 173 a2 199 AIUEIAL
~ o w P = 1 ) Aq ¥ a = o Y A
(Geadauande 103 7) daulugateyanlamaiin LSA azli Tnuaiuduives 3 Tnua
° a2 . I v A A
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aw X Yo a R . =2 A ' v
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A29819990 1NN 6 1ag THUAMAI9N1E1eAD IHUAN 1HUAATINA1NAD IHUALY LAy

o [YR-L %
TruadauAe THUANAANTY 5 THUAMINTLALINTA
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MNA 6 @08131A79931390W 1 Multi-Layer Perceptron
] 0 Y o A= Ny i an =
4. DIZVIUMSIAAZUUURINBUAIWOANBINNNI58U3IVY Unsupervised (3501311 2)

A g’/ 2 Y A v Aax A g}/ v
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aa1enu e lunguiaednu TuaudvelazmmsuenmineuNLAIANLANENUYAR A

' ' A ° o ' ° < A 3 o A o FR
1731 0.01 ﬁlﬁlﬂﬂﬁ]uﬂﬂzuﬂﬂﬂﬂﬂqm Llagﬂqwuﬂlﬂiﬂlﬂu F L‘L!ENiﬂﬂlﬂuﬂ1ﬁ’0u1ﬂ’mllﬂﬂ1ﬂ’nu

Y o = ' o Y v ' Y o o A A o v Y o
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4.1 MSULINGUA8DaND3 N EM

ganesiu EM lianuanio lumsaumsiuiunguiagnsusanguiyy
[ oA o a 4 1 a P 1
9a 1uga TagmsmunuamslneIaznaaeImIAINlmesNuIzay Iaegainaing
~ [ [ 1 9 a A Y 9 ~ Y
nIzemasraImItangy Iaglsmaimesnlnainsnszaetiosngaulslunminaaes
o 1 a d o [ o 1 1Y VY o a I'd
Tumsimuammaiimes dmsumisumsuiunguuuuda luia wwfvuawsiimes

g o H 1A ' 4
numCluster (14 -1 91UIUTOVYDINTIU AU 100 (maxIterations = 100) AININTLIYN

o A

asoseusu lavudAe 0.001 (minStdDev = 0.001) uazgﬂu‘uu (Pattern) Y04ANNDA1 11

9
%

o o I
mma‘umwumﬂu 119 A543 (seed = 119)
1 U 9 [ a KR
4.2 NITUINNQNAIYDANDINY Cobweb

[ 1 o a a d H o
MIULINANAI88aNe3 NI Cobweb W13 MBI A1 Afualumsnaansay 19
1 1 1 d' d' [ YA 0 LY
A1 Default ¥041151n31 Weka Taamarudesuuanasgiunamnsosensy laianniny 1.0
1 J v ! o [ o
(acuity = 1.0) A1 Threshold Yo4WeAFY Category utility 7 1Fdmsumsaiisdu ldmssuun
o I { o o o I
mvuaiy 0.0028 (cutoff = 0.0028) tazun (Pattern) Ypan1WdM IumMaoUMHUATIY

9
42 A543 (seed = 42)
4.3 mymumazuuumaeyluinazngy

9

WaIINIANguMABURIBDanes NUMIULINgULE) Tuaouae livziihins

mununzuuulunaazngumaoy IaemuiamnNuAd 183838 N UNURIAD LN LI AIAIY
[ v 9

AuN3 Cosine Famnunaazngumaoum lannaundevestoyalunquiaeiiug t
o oo o Yo 9 w1 9 9 Yy = an ¥
aunungumaounumaslsmaaieny sanuadsszdnlng 1 F3nmIsms lvazuuy
o J 9 9 ° 9 & A A
MADVVOINYBY {03299 1HAZIUMAOUMUAINYNABIVOULDH HIDAAASIUUAUND
£ = Yy 9 & y 0 & A '
iewiinnugnassiosas uenantinms Iazuuumaey Taena 1l azuuuiuinni 80%
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danesnuIHMSUMsIHAzIUUMInY

Jd o ' o
S=1S,,S,....S.} /S UNUANNABIAINAILAAZYO T11IU n V0

Jd o 1 o 1 1 o 1
G=1{G,,G,...., G} // G UNUYANNADIAWNUNIUAINBLLAALNAN I1UIU k QW

/ fnumanuadieliiuuaaznquiney (groupSimilarity) 3219NAMBTAMNUNGY
MmasuugaznguiunmmesdunasluidazYea 18U Cosine (Cosine Sim)
FOR numCount =1 to n // n Aos1UIUYB
FOR numGroupCount =1 to k // k ﬁmﬁmuﬂdu
groupSimilarity[num,numGroup] = CALL Cosine Sim(G[k], S[n])
END FOR

END FOR

SAq Yo @ ' o 9
Threshold € {0.8, 0.7, 0.6, 0.5} // Threshold Aot l¥amsuiaszavaNnuaarely s
[ o 4
FLAUMUINTA A B C D taz F 1agnsmuuanaing
uanaanu llenumanaass

Grade € {A, B, C,D, F} // IN3AUAa2ILAUANUARIENINAT Threshold

// fmuamnsalinuuagnquAIney (groupGrade) WA Threshold NMUA

FOR numCount2 =1 ton
FOR numGroupCount2 =1 to k
FOR index=1to4 // Grade A,B,C,D
IF groupSimilarity[numCount2][numGroupCount2] >= Threshold[index]

groupGrade[numCount2][numGroupCount2] = Grade[index]

END IF
END FOR
IF groupSimilarity[numCount2][numGroupCount2] < Threshold[4] // Grade F

groupGrade[numCount2][numGroupCount2] = Grade[4]
END IF

END FOR

END FOR
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9 AN Y 1 =Y I 9 aov dy o A A
anuaden lanaunuay Wudu luanuideilaznaasamiiua Threshold ¥9AUNIA A TR
0.5,0.55, 0.6, ..., 1.0 AMNA1AUNONABDIN1%IIA1 Threshold Nvanzanunyinlfan Accuracy

A
wnnnga
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The effect on number of unique words
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5. mdalszansea
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Tumsiadszansna 92190230 2 A1 Ao AU (Accuracy) 11ag Mean

[

Y
Squared Error (MSE) U518a2108aA31
5.1 MANUUNUET (Accuracy)

o 1 T ) v o o 4 Y @ {
NITATHIUATIAITULNU YN i]&’uﬂi]?u')uﬂ?@]f]ﬂ‘ﬁwalﬂﬁﬂiﬂlﬂiﬂ@i\?ﬂﬂlﬂiﬂﬁi&’ﬂﬂ
Y Y o a g @ 9 1 kS Y 1 A = Aq Y
Gl’Vi L!ﬁ')ﬂ'lﬂ'liﬂﬂlﬂuﬂﬁﬁ'ﬁﬂﬂagﬂlﬂﬁlmaZlﬂiﬂuulmﬂﬁ'lﬂ'llﬂaﬂﬁ')u mgmiﬂﬂumi
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MUIUAITUNITN (20) Llﬁ$ﬂ’JE]fJ'NWaaW‘ﬁﬁ1ﬁﬂ1ﬂﬂ1§ﬂﬁgﬂﬁawaﬁWTﬁ‘ULﬂiﬂ A 2915190 7

TP + TN
Acc= (20)
TP + FP + FN + TN

A A o ° A Y} 3 a 9 < a v
Tasd TP fAp uumasunszuyIvkatludswaznamasIvnanluasaaie
(True Positive)
A o ° A 9 3 & Y 2 3 v
TN fe Nuumeasunszuylvnatlunavtazwamas lvinailunagie
(True Negative)

A o o ~ 9 I~ a 1 9 I <
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A o o A v 3 ! v & a
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(False Negative)

~ @ ' o Ay Y ) [
MAINN 7 GI’J?]EJNNﬁﬁW‘ﬁﬂulﬂﬁ]'lﬂﬂ1iﬂi$ll’mWaﬁ'l'ﬁi‘ﬂlﬂiﬂ A

[
=\

Y 4' o d Y
Yo 1 WaaNS N 1A 1nIZUY
(Y] dd' Y o o d‘ o o y v
NaaNSN 16 umaeun  aumneunlila
NN ainsa A N30 A
o o d’ 9
NUIUMADUN IAINTA A 7 (TP) 2 (FN)
o o d' 1 9
NuIUmMaoun hi'ldinsa A 5 (FP) 41 (TN)

A Accuracy(%) = 87.27
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7 M@oY TN 911U 41 MU FN U9112U 2 el 1ag FP 151uau 5 masy Tdan

Accuracy V94IN3A A 114 87.27%
5.2 A1 Mean Squared Error (MSE)
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U a KR =) b4 = 9
1. AANTINAADIVUIANBINUNIIIEHIUV VNN TOU
@ a a Y 1 1o o a KR = 9 a9 [
ﬂ'lﬁ'Jﬂﬂﬁgﬁ‘V]‘ﬁWﬁﬂ')ﬂﬂ'lﬂf]'lllllllﬂﬂ?ﬂu@aﬂ@iﬂllﬂ?ﬁliﬂuguﬂﬂﬂ@ﬁ@u SINSIET! 3
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ANDINY A 9ONDINUY K-NN ANN Llae Bayesian LLEJﬂ@']'lllﬂ/]ﬂﬂﬂﬂﬂ'lﬂ'ﬂﬂfiﬂﬂ'ﬁﬂﬂﬁ@ﬂ Iﬂﬁ]

HANISNAABIULEAAIAIATIT N 8-19

M990 8 aanuuuud luudazdolumsswundlgdanss Ny K-NN

[
Y A

aNn  INIAA (%) 03B (%) IAC (%) NIaD (%) nIaF (%) 1y (%)

1 80.00 62.50 47.50 87.50 76.36 70.77
2 97.56 9.76 82.93 65.85 69.09 65.04
3 97.50 92.50 92.50 30.00 61.82 74.86
4 100.00 97.92 95.83 100.00 94.55 97.66
5 77.78 35.56 97.78 93.33 54.55 71.80
6 95.35 95.35 37.21 58.14 90.91 75.39
7 100.00 83.33 19.05 71.43 72.73 69.31

Total 74.98

~ ] 1 o 1 9 o kY @ a R Y
A1TNNN & memmmunuElﬂul,maxm@GlUﬂﬁmuuﬂmEmaﬂaimu K-NN Iﬂﬁlclu"ll’f]
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im‘umimﬂu 65.04% UoN 3 leiﬂmjmunummawmnmmmﬂimﬂu 74.86% UDN 4 Gh’i
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mﬂ’nmmummaﬂ"ljamﬂimumimﬂu 97.66% UBDN 5 GlﬁmmimmuﬁnmaEleumnﬂim‘u
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MINNN 9 ﬂ"lﬂfJ"lﬂJllﬂJufniuL!ﬁag"U@ﬂﬁﬂlﬂ(l‘]fwfl]u11é!ﬂﬁll Tumsduunaleoanss Ny K-NN

Yol INTAA (%) DIAB (%) 105AC (%) NIAD (%) 05AF (%) 1998 (%)

1 80.00 67.50 52.50 87.50 76.36 72.77
2 78.05 36.59 82.93 60.98 67.27 65.16
3 97.50 92.50 92.50 30.00 61.82 74.86
4 100.00 97.92 95.83 100.00 94.55 97.66
5 77.78 33.33 97.78 93.33 52.73 70.99
6 95.35 95.35 37.21 58.14 90.91 75.39
7 100.00 78.57 16.67 73.81 72.73 68.35

Total 75.03
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75.39% Woh 7 Tnamnnuuuudundsveannszaunsailu 68.35% uazmanuuludunas
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59UN9 7 Vorilu 75.03%

9190 10 Manuuiud luuaazds lumssuundlreoanoiny K-NN 5auiUmatia LSA

Yo INTAA (%) INIAB (%) INIAC (%) 05AD (%) INSAF (%) 1988 (%)

1 80.00 75.00 60.00 55.00 85.45 71.09
2 68.29 53.66 87.80 75.61 69.09 70.89
3 37.50 90.00 90.00 70.00 58.18 69.14
4 91.67 97.92 95.83 100.00 98.18 96.72
5 33.33 73.33 97.78 93.33 52.73 70.10
6 93.02 86.05 65.12 58.14 67.27 73.92
7 76.19 73.81 47.62 47.62 72.73 63.59

Total 73.64
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maila LSA Tagluvon 1 Tvannuumiudundevesnnszaunialu 71.09% 9o 2 1rim
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U 69.14% Goh 4 Tiannuuuudunfsvonnzauniaiu 96.72% 4o 5 Tiaanu
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73.92% Goh 7 Tnamanuuiudundsveannizaunsailu 63.59% uazmanuuludunde

520N 7 Touilu 73.64%
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M1319N 11 mmmmuﬂﬂmmamaﬂsmw‘lﬁvmmgﬂsu Tumsduunaieoanas N K-NN

N UMALIA LSA

[
Y A

Yon N5AA (%) 05AB (%) WSAC (%) 105AD (%) 05AF (%) 1098 (%)

1 77.50 65.00 55.00 57.50 85.45 68.09
2 34.15 95.12 78.05 75.61 67.27 70.04
3 82.50 92.50 85.00 32.50 58.18 70.14
4 89.58 97.92 95.83 100.00 96.36 95.94
5 35.56 75.56 97.78 93.33 49.09 70.26
6 95.35 81.40 65.12 58.14 65.45 73.09
7 85.71 71.43 45.24 47.62 72.73 64.55

Total 73.16

a13190 11 ugasmanuuiud luuaazdonsain ldwauynsu Tumsswundae
(% a R 1 [ a 9 d' Y ] o d' [
9ano3Nu K-NN saunumaiia LSA Tasluden 1 Tnamnnuuuudunasveannizaumsa
& Y A 9 1o A o J g A Y
11 68.09% voh 2 TmanuuiuduRasveINnIzALNIAiY 70.04% Uo7 3 1A
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uuguRdgueInnszALINIATlu 70.14% Fo1 4 Tiamanuuuudundevennszaumsaily
Y A Y1 1o =~ o <3| 9y A Y1 1o
95.94% 107 5 TAmANuuLUdURAsURINNTEALINIATIY 70.26% TBT 6 1HAIAINIIUE
A o 3| Y A Y 1 ) A [ I
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v
Y A

YoN IN3AA (%) I0IAB (%) 10IAC (%) 103aD (%) 0IAF (%) 1998 (%)

1 82.50 65.00 57.50 80.00 81.82 73.36
2 97.56 97.56 82.93 63.41 63.64 81.02
3 97.50 92.50 85.00 32.50 61.82 73.86
4 97.92 97.92 97.92 100.00 98.18 98.39
5 75.56 71.11 97.78 93.33 85.45 84.65
6 95.35 88.37 48.84 58.14 94.55 77.05
7 100.00 71.43 73.81 71.43 80.00 79.33

Total 81.09
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VN 1 ﬂl‘l’iﬂ']ﬂ')']llllﬂuﬂ'llﬂaﬂﬂlﬂﬂnﬂﬁgﬂﬂlﬂﬁﬂlﬂu 73.36% UDN 2 Glﬁﬂ']ﬂ')']ﬂJ!LiJllfﬂLﬂaﬂ‘Uﬂﬂ
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o < Y A Y1 "o A o < Y A
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M1319N 13 mmmgmuﬂﬂmmazm@ﬂsmmhwwmﬂm Tumsdunaleoanas Ny ANN

Yon 1030 A (%)

INIA B (%) 1050 C (%) 03AD (%) 05aF (%) 1088 (%)

1 82.50 65.00 57.50 75.00 85.45 73.09
2 97.56 97.56 80.49 68.29 65.45 81.87
3 95.00 90.00 85.00 30.00 60.00 72.00
4 100.00 100.00 97.92 100.00 98.18 99.22
5 77.78 80.00 97.78 93.33 83.64 86.51
6 95.35 93.02 53.49 58.14 94.55 78.91
7 100.00 73.81 78.57 71.43 78.18 80.40

Total 81.71
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9anvInu ANN Tagluden 1 limanuuuudundsvennszaunsaiii 73.09% Jom 2 4
1 1 o ~ 1% <3 9 ~ Y [} o ~ [
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M99 14 manuuiud luuaazds lumssundlesanssny ANN SN UMATIA LSA

[
Y A

Von 1IN5AA (%) N5AB(%) 105AC (%) NIAD (%) 13AF (%) 1988 (%)

1 95.00 62.50 55.00 45.00 83.64 68.23
2 100.00 85.37 85.37 41.46 63.64 75.17
3 97.50 95.00 85.00 27.50 56.36 72.27
4 93.75 100.00 93.75 100.00 96.36 96.77
5 77.78 82.22 97.78 93.33 78.18 85.86
6 93.02 81.40 65.12 58.14 67.27 72.99
7 100.00 80.95 76.19 76.19 92.73 85.21

Total 79.50
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FnUmALA LSI

v
Y A

YoN IN3AA (%) IDIAB (%) 10IAC (%) 3D (%) 05AF (%) 1098 (%)

1 95.00 67.50 60.00 45.00 83.64 70.23
2 100.00 80.49 82.93 48.78 67.27 75.89
3 95.00 87.50 85.00 35.00 54.55 71.41
4 97.92 97.92 93.75 100.00 94.55 96.83
5 77.78 77.78 95.56 93.33 83.64 85.62
6 93.02 83.72 62.79 58.14 60.00 71.53
7 100.00 83.33 66.67 73.81 92.73 83.31

Total 79.26
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v
Y A

Yol NIMA(%) 1NIAB(%) MIAC(%) NAD (%) NIAF (%) 1088 (%)
1 92.50 57.50 55.00 92.50 76.36 74.77
2 100.00 51.22 80.49 29.27 69.09 66.01
3 97.50 30.00 65.00 70.00 61.82 64.86
4 95.83 95.83 95.83 100.00 96.36 96.77
5 24.44 84.44 97.78 93.33 58.18 71.64
6 93.02 51.16 62.79 58.14 67.27 66.48
7 100.00 80.95 71.43 45.24 72.73 74.07
Total 73.52
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: Y I ' 1 o ! ¥ 3
lﬂaﬂﬂl@qnﬂigﬂﬂlﬂiﬂﬂ]u 74.07% llﬁgﬂ’]ﬂ’nj\llluuﬂ’uﬂaﬂi'nJ‘VN 7 GISJJ’f)Lﬂu 73.67%

4' [ [] o [ 9 A A 9 o k) Y] Aa K
139N 17 mmmuuuﬂﬂmmasm@nsmmhmumnm Tumsdunalgoanas N

Bayesian

ﬁi’iaﬁ INIAA (%) 03B (%) 0IaC (%) NIaD (%) 1n3aF (%) m'ﬁig (%)

1 92.50 57.50 55.00 92.50 76.36 74.77
2 100.00 51.22 80.49 29.27 69.09 66.01
3 97.50 25.00 75.00 70.00 61.82 65.86
4 95.83 95.83 95.83 100.00 96.36 96.77
5 24.44 84.44 97.78 93.33 58.18 71.64
6 93.02 53.49 62.79 58.14 65.45 66.58
7 100.00 80.95 71.43 45.24 72.73 74.07

Total 73.67
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Wom 7 TRAIN NV UTUNDEVBINNTEAVINTATIU 74.07% HAZAIANUUNUTUNAITINNG 7 V0
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M5199 18 Annuuiud luuaazdelumsuundledaneas iy Bayesian 30N UIMATA LSA

[
Y A

Von 1IN5AA (%) N5AB(%) 5AC (%) NIAD (%) 13AF (%) 1998 (%)

1 80.00 62.50 55.00 52.50 85.45 67.09
2 100.00 2.44 80.49 63.41 69.09 63.09
3 2.50 92.50 92.50 70.00 61.82 63.86
4 100.00 97.92 95.83 100.00 94.55 97.66
5 24.44 84.44 97.78 93.33 58.18 71.64
6 95.35 74.42 60.47 58.14 67.27 71.13
7 100.00 61.90 83.33 42.86 72.73 72.16

Total 72.38

M15197 18 uaasmanuiui lutaazde lumssuiunalesanes iy Bayesian AL
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FWNUNALA LSA

v
Y A

Yon IN3AA (%) IDIAB (%) 0IAC (%) 103aD (%) 0IAF (%) 1998 (%)

1 80.00 62.50 50.00 52.50 85.45 66.09
2 100.00 2.44 80.49 63.41 69.09 63.09
3 2.50 92.50 92.50 70.00 61.82 63.86
4 97.92 97.92 93.75 100.00 94.55 96.83
5 24.44 84.44 97.78 93.33 58.18 71.64
6 95.35 67.44 62.79 58.14 67.27 70.20
7 100.00 61.90 83.33 42.86 72.73 72.16

Total 71.98
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0.15 41.07 39.29 48.21 87.50 48.21 25.00 43.64
0.20 39.29 39.29 48.21 85.71 48.21 19.64 38.18
0.25 37.50 39.29 46.43 85.71 48.21 17.86 38.18
0.30 35.71 37.50 46.43 87.50 48.21 17.86 34.55
0.35 32.14 37.50 44.64 87.50 48.21 16.07 34.55
0.40 26.79 37.50 44.64 87.50 48.21 16.07 34.55
0.45 23.21 37.50 44.64 87.50 48.21 16.07 34.55
0.50 23.21 37.50 44.64 87.50 48.21 16.07 34.55
0.55 23.21 37.50 44 .64 87.50 48.21 16.07 34.55
0.60 23.21 37.50 44 .64 87.50 48.21 16.07 34.55

AN NNUNUEN

33U (%) 31.49 38.31 47.08 87.50 48.37 19.16 37.19
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MHUINT N6 AINIWLNUEIVDUABZ T Threshold A votioh 1-7 TWITMsULINGUAIY

9an93 Ny EM

Threshold A AANNUNUEN (%)

Yoii1  dofiz  don3  dedia dems  dehie  den7
0.50 80.00 96.36 83.64 96.36 74.55 34.55 98.18
0.55 80.00 96.36 83.64 96.36 74.55 90.91 98.18
0.60 80.00 9636 9273 9636 7455 9091  98.18
0.65 80.00 9636 9273 9636 7455 9091  98.18
0.70 80.00 9636 9273  98.18 7455 9091  98.18
0.75 80.00 9636 9273  98.18 7455 9091  98.18
0.80 9455 9636 9273  98.18 7455 9091  98.18
0.85 9455 9636 9273  98.18 7455 9091  98.18
0.90 9455 9636 9273  98.18 7455 9091  98.18
0.95 9455 9636 9273  98.18 7455 9091  98.18
1.00 9455 9636 9273  98.18 7455 9091  98.18

MANNUNUEN

33U (%) 86.61 96.36 91.08 97.52 74.55 85.79 98.18
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M 1WUINT D7 AIAWIUEIVOUAAZHI Threshold B voedo7 1-7 Tuatmsuisngudie

9an93 Ny EM

Threshold B MANNUNUEN (%)

Yoii1 domi2 defiz  dofia  donis dedie don7

0.40 60.00 92.73 89.09 96.36 81.82 90.91 47.27
0.45 67.27 92.73 89.09 96.36 81.82 41.82 47.27
0.50 67.27 92.73 87.27 96.36 81.82 41.82 80.00
0.55 67.27 92.73 87.27 96.36 81.82 90.91 80.00
0.60 67.27 92.73 89.09 90.91 81.82 90.91 80.00
0.65 67.27 92.73 89.09 90.91 81.82 90.91 80.00
0.70 63.64 92.73 89.09 96.36 81.82 90.91 80.00
0.75 63.64 92.73 89.09 96.36 81.82 90.91 80.00
0.80 67.27 92.73 89.09 96.36 81.82 90.91 80.00
0.85 67.27 92.73 89.09 96.36 81.82 90.91 80.00
0.90 67.27 92.73 89.09 96.36 81.82 90.91 80.00

AN NUUNUEN

33U (%) 65.95 92.73 88.76 95.37 81.82 81.98 74.05
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M3 19WUINT N8 AIAWIIUEIVOUAAZHI Threshold C ¥oedo? 1-7 TuATMsuLsngudle

9an93 Ny EM

Threshold C AMANNUNUEN (%)

Yoii1 domi2 deiiz  dofia  donis dehie don7

0.30 69.09 52.73 89.09 92.73 47.27 65.45 72.73
0.35 65.45 80.00 89.09 92.73 96.36 65.45 81.82
0.40 65.45 80.00 89.09 92.73 96.36 65.45 60.00
0.45 69.09 80.00 89.09 92.73 96.36 63.64 60.00
0.50 69.09 80.00 83.64 92.73 96.36 63.64 81.82
0.55 69.09 80.00 83.64 92.73 96.36 65.45 81.82
0.60 69.09 80.00 89.09 90.91 96.36 65.45 81.82
0.65 69.09 80.00 89.09 90.91 96.36 65.45 81.82
0.70 65.45 80.00 89.09 92.73 96.36 65.45 81.82
0.75 65.45 80.00 89.09 92.73 96.36 65.45 81.82
0.80 69.09 80.00 89.09 92.73 96.36 65.45 81.82

AN NUUNUEN

33U (%) 67.77 77.52 88.10 92.40 91.90 65.12 77.03
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M1HUINT N9 AINIWLNUEIVDUABL T Threshold D vostioh 1-7 TuITMsuLINguAIe

9an93 Ny EM

Threshold D AMANNUNUEN (%)

Yoii1  dofiz deni3  donia  denis  dene  dei7
0.20 89.09 67.27 67.27 98.18 94.55 65.45 72.73
0.25 89.09 65.45 72.73 100.00 45.45 67.27 60.00
0.30 89.09 6545 7273 100.00 4545 6727  60.00
0.35 5273 6727 7273 10000 9455 6727 7273
0.40 5273 6727 7273 10000 9455 6727 6545
0.45 89.09 6727 7273 100.00 9455 3636 6545
0.50 89.09 6727 5636  100.00 9455 3636 7273
0.55 89.09 6727 5636  100.00 9455 6727 7273
0.60 89.09 6727 7273 9455 9455 6727  72.73
0.65 89.09 6727 7273 9455 9455 6727  72.73
0.70 6727 6727 7273 10000 9455 6727 7273

AMANNUNUEN

33U (%) 80.50 66.94 69.26 98.84 85.62 61.48 69.09
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9 [ a R
AYDANDINY EM

81

Threshold F AANNUNUEN (%)

Yoii1  dofiz deiiz donia dehs  defie  den7

0.10 85.45 85.45 80.00 90.91 81.82 80.00 89.09
0.15 85.45 85.45 60.00 89.09 81.82 78.18 89.09
0.20 85.45 85.45 60.00 89.09 81.82 78.18 89.09
0.25 85.45 36.36 60.00 89.09 47.27 78.18 76.36
0.30 85.45 36.36 60.00 89.09 47.27 78.18 76.36
0.35 41.82 36.36 60.00 89.09 47.27 78.18 76.36
0.40 41.82 36.36 60.00 89.09 47.27 78.18 32.73
0.45 41.82 36.36 60.00 89.09 47.27 14.55 32.73
0.50 41.82 36.36 43.64 89.09 47.27 14.55 32.73
0.55 41.82 36.36 43.64 89.09 47.27 14.55 32.73
0.60 41.82 36.36 43.64 87.27 4727 14.55 32.73

AN NUUNUEN

33U (%) 61.65 49.75 57.36 89.09 56.69 55.21 60.00
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Threshold A AANNUNUEN (%)

Foii1  dofiz  doni3  dehia defis  denie o7

0.50 40.00 96.36 92.73 87.27 74.55 36.36 40.00
0.55 41.82 96.36 92.73 98.18 74.55 90.91 98.18
0.60 96.36 96.36 92.73 98.18 74.55 90.91 98.18
0.65 96.36 96.36 92.73 98.18 74.55 90.91 98.18
0.70 96.36 96.36 92.73 98.18 74.55 90.91 98.18
0.75 96.36 96.36 92.73 98.18 74.55 90.91 98.18
0.80 96.36 96.36 92.73 98.18 74.55 90.91 98.18
0.85 96.36 96.36 92.73 98.18 74.55 90.91 98.18
0.90 96.36 96.36 92.73 98.18 74.55 90.91 98.18
0.95 96.36 96.36 92.73 98.18 74.55 90.91 98.18
1.00 96.36 96.36 92.73 98.18 74.55 90.91 98.18

AN NNUNUEN

33U (%) 86.28 96.36 92.73 97.19 74.55 85.95 92.89
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M 19HUINT D12 AINNULLUGIVDUAAZHI Threshold B voeded 1-7 Tuasmsutisngw

#1e9ano3 NN Cobweb

Threshold B AMANNUNUEN (%)

Yoii1  don2 don3  defia  doms dedie  don7

0.40 67.27 92.73 41.82 96.36 81.82 90.91 80.00
0.45 65.45 92.73 89.09 85.45 81.82 40.00 54.55
0.50 54.55 92.73 89.09 85.45 81.82 40.00 54.55
0.55 56.36 92.73 89.09 96.36 81.82 90.91 80.00
0.60 67.27 92.73 89.09 96.36 81.82 90.91 80.00
0.65 67.27 92.73 89.09 96.36 81.82 90.91 80.00
0.70 67.27 92.73 89.09 96.36 81.82 90.91 80.00
0.75 67.27 92.73 89.09 96.36 81.82 90.91 80.00
0.80 67.27 92.73 89.09 96.36 81.82 90.91 80.00
0.85 67.27 92.73 89.09 96.36 81.82 90.91 80.00
0.90 67.27 92.73 89.09 96.36 81.82 90.91 80.00

AN NNUNUEN

33U (%) 64.96 92.73 84.79 94 .38 81.82 81.65 75.37
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Threshold C AMANNUNUEN (%)

Yoii1  doRi2 dom3  dofia  deiis  dene  Aen7

0.30 67.27 54.55 85.45 90.91 40.00 65.45 81.82
0.35 67.27 80.00 45.45 90.91 96.36 65.45 81.82
0.40 69.09 80.00 49.09 92.73 96.36 65.45 81.82
0.45 70.91 80.00 89.09 89.09 96.36 61.82 56.36
0.50 67.27 80.00 89.09 89.09 96.36 61.82 56.36
0.55 65.45 80.00 89.09 92.73 96.36 65.45 81.82
0.60 69.09 80.00 89.09 92.73 96.36 65.45 81.82
0.65 69.09 80.00 89.09 92.73 96.36 65.45 81.82
0.70 69.09 80.00 89.09 92.73 96.36 65.45 81.82
0.75 69.09 80.00 89.09 92.73 96.36 65.45 81.82
0.80 69.09 80.00 89.09 92.73 96.36 65.45 81.82

AN NNUNUEN

33U (%) 68.43 77.69 81.16 91.74 91.24 64.79 77.19
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Threshold D MANNUNUEN (%)

Yoii1  dom2 doni3  doha  dehis dene  den7

0.20 89.09 67.27 70.91 100.00 94.55 67.27 72.73
0.25 89.09 67.27 72.73 100.00 38.18 67.27 72.73
0.30 87.27 67.27 65.45 98.18 38.18 67.27 72.73
0.35 87.27 67.27 54.55 98.18 94.55 67.27 72.73
0.40 89.09 67.27 61.82 100.00 94.55 67.27 72.73
0.45 87.27 67.27 72.73 85.45 94.55 34.55 50.91
0.50 32.73 67.27 72.73 85.45 94.55 34.55 5091
0.55 34.55 67.27 72.73 100.00 94.55 67.27 72.73
0.60 89.09 67.27 72.73 100.00 94.55 67.27 72.73
0.65 89.09 67.27 72.73 100.00 94.55 67.27 72.73
0.70 89.09 67.27 72.73 100.00 94.55 67.27 72.73

AN NUUNUEN

33U (%) 78.51 67.27 69.26 97.02 84.30 61.32 68.76
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Threshold F AMANNUNUEN (%)

Yoii1 domi2 defiz  dofia domis dehie  don7

0.10 87.27 80.00 81.82 89.09 78.18 80.00 87.27
0.15 87.27 80.00 80.00 89.09 78.18 80.00 87.27
0.20 87.27 80.00 80.00 89.09 78.18 80.00 87.27
0.25 87.27 36.36 80.00 89.09 47.27 80.00 87.27
0.30 85.45 36.36 72.73 90.91 47.27 80.00 87.27
0.35 85.45 36.36 43.64 90.91 47.27 80.00 87.27
0.40 85.45 36.36 43.64 90.91 47.27 80.00 87.27
0.45 83.64 36.36 43.64 87.27 47.27 14.55 32.73
0.50 21.82 36.36 43.64 87.27 47.27 14.55 32.73
0.55 21.82 36.36 43.64 87.27 47.27 14.55 32.73
0.60 21.82 36.36 43.64 87.27 4727 14.55 32.73

AN NUUNUEN

33U (%) 68.59 48.26 59.67 88.92 55.70 56.20 67.44
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Automated Thai-Language Essay Scoring using K-NN

o & e ar q

ANNAS DIALASUNG' WAL TRIAU AFANATE

Sommart_Aungkaseraneekul' and Chuleerat Jaruskulchai
UNARED

o

o o =8 2 = o 2 ¥ v ar o ar o
fﬂanm‘wumamuﬁtyzy”nﬂi:m:rﬁnnu’m'1'L°11’Lunﬁa‘mwi:uumimmwamuamummmmiuum

ds U

naNUAESanaINN LU sanesnu K-Nearest Neighbor (K-NN), Neural Network, Latent Semantic, Wa
no 194 Bays Llusin lumAduilidendaneifiu K-NN snduunfaeulaadiouiuranismsaaen
Tnafaau gaAaneuveinGauusiazauuarnaasazgnuniuluinanniaed (Vector Space Model)
TneiaLAmEn (Stop word) aanfieu ieantuinTesininesag szuLiwin AaELesi (Term
frequency) LATANNEIBBNETHNE (Inversed document frequency) ﬁﬁm‘lﬁﬁmﬁummé’ﬁtymm
A lugALNENT MIAMUIANANMIMHANTEHINA R LINFEUNLNA AT AL AT cosine NsuRaudiay
UszAnsnarasdanasnulunisauuniaenisutisnguazuuusanily s ngu uwazinnmasesiuisasy
Fmnstsunsandeingatuon s 48 uay 55 gAAIBLTBIINELU uaTAIAMNLKLEN TN TEUINN
76.73% - 92.73%

ABSTRACT

Many algorithms in the artificial intelligence field have been applied for automatic essay
scoring system, such as K-Nearest Neighbor (K-NN), Neural Network, Latent Semantic, and Bays'
Theory. In this research, K-NN algorithm is applied to classifying the students’ answer sets with
teacher’s answer. Student's answers and teacher’s answer are converted into Vector Space Model,
stop words are removed to reduce the vector's size. To increase word significance, term frequency
and inversed document frequency are applied. Similarity between student’s answer set and teacher’s
answer set is computed using cosine similarity. The efficiency of algorithm is evaluated by classify the
students’ answer into 5 categories. Five questions and 55 students answer from object-orient
programming with written in Thai are used to evaluation and accuracy value between 76.73% to

92.73%

Keywords: Automated Thai-Language Essay Scoring; K-NN algorithm; vector space model

S.Aungkaseraneekul: g5164145@ku.ac.th
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Department of Science, Faculty of Science, Kasetsart University.
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1. m"%'*mﬁauﬁmﬁmuqmmﬂ niagllszuaana AMD Althlon(tm) 64 X2 Dual Core Processor 3800+
2.00 GHz, 3.00 GB of RAM Physical Address Extension

2. Tdsunss Eclipse Version 3.3.2 wazlilsunsy Microsoft Office 2007

3. TsunsudmAn1=lne [11]

4. sxuuiiEnis Microsoft Windows XP Professional

<l
A8nns
1. ﬁagﬂmﬂumiﬂmam

(24
lunimmaaasaiwszuunsma liinzuundeasudrnieii alfeaardsn “nsldsunsudeing
Fen"1119197” TuszALBoy s HUIANENREINERIAENT L1IU NAdTAnaINsAaNfiomas tng
i o I}
ARaanan 5 48 aniauna 17 T8 wiazdeafiAireuteainiFauianum 55 AL Gannnsduinlusduay

Apivetflugluuuindannu (Ind Text) afiAdneuzArau1e9in Faulanfin s 1

A15199 1 anfrasdiaya

dai AUUAFIFA LY druaudshgnalu dwauduaagluy | duaudily
ARALUNIEEUY ARaLNNFaY ARaUTNGEEY \aa
1 70 2 22.2041 38
2 78 1 31.8810 43
3 85 2 23.9756 41
4 68 10 33.0833 33
5 78 6 30.9744 16

AMNFNTNN 1 AMUIUAGIRR, ANEA, LazawIuALade luARauTN Fawn liaannsiueiuau
AFAZ A8 BrulsazALn lAannIsAnA At TdsunsusnAIN = Ing [11] whanrngege, An
AR, LATARALATNAAL
2. mawasguuudayalusiinniaas

o s e o ar =% 1 o = & & = L [} v

’qﬂﬂqmﬂuﬂlﬂﬂuﬂwﬂuﬂqﬂqﬁ’uumﬂﬂh’l‘“LL@:‘/’Q@Lﬂﬂalugﬂilﬂﬂﬁllﬂﬂ‘ﬂ'iﬂuﬂmwﬂ ATABLUFAAZUTBTE]
inFuudaivlugluaweitessn nadausneuuuudmipinisiusaneunusr Ly @ aumideia o
W Asanuandulunisuanmanaieanaszaesan walfiaimisodn lugdaespmainisaiinaans

1 e H k2 L]
18 Ansinslitn ludeaeuuiazdaunufraainunassAn (Term Frequency) Mssuudasunminina i
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ANNAATYTLAYAEAINDI89RNATHNER (Inverted Document Frequency) &un1shl 1 AasiuuiLges
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Abstract

Machine learning researches, including the automatically
essay grading, have been applied in the daily life. The concept of
automatically essay grading is similar to the documents clustering or
classification according to the set of answers. In the past researches, the
examination scoring is based on open questions and the length of

answer is more than a page,

This article presents the automatically Thai-language essay
scoring of closed questions and the length of answer is about 3-5 lines.
There are four score-grading methods to compare the effectiveness, K-
Nearest Neighbor (K-NN), Artificial Neural Network (ANN), Bayesian
Belief Network (BBN) and Latent Semantic Indexing (LSI). Thai-
English dictionaries are also used to solve the synonym problem. The
effectiveness of the algorithms is tested with seven questions object-
oriented programming test, together with answers from fifty-five
students and an answer solution. The result of four methods comparison
showed that the method returning the most total average accuracy value
is applying K-NN together with LSI and Thai-English dictionaries, with

§1.13% as the returned value.

Keywords: Automated, Thai-Language, Essay Scoring, K-Nearest
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Abstract

The concept of automatic essay grading is com-
parable to the documents clustering or classifi-
cation according to a set of essays. However,
the preparation of the training data need fo in-
clude every category of answer sets which im-
practical. The training data usually includes the
appropriate essays and it might be available only
for some types of data. Additionally, the num-
ber of clusters may not be known in advantage.
Thus, EM and Cobweb are used to discover au-
tomatic the number of clusters for each question.
The similarity between each cluster and solution
is used to grade the student’s answers. Exper-
iment is tested on short descriptive answers of
object-oriented programming with total of fifty
five students’ answers. The result of this exper-
iment revealed EM to return a superior average
accuracy value with 80.57%.

Keywords: Automated, Thai-Language, Essay,
Scoring, EM Algorithm, Cobweb Algorithm,
Unsupervised Learning

1 Introduction

While essay writing on the computer is an even
more essential part of the educational process,
methodology of automated essay scoring is com-
parable to that of document categorization and
classification. It classifies essays into two sets,
one of which is analogous to the solution and
another set is to be dissimilar. The students’ an-
swers virtually diverge from the solution, with
a multitude of levels of similarity; therefore the
applications of merely, two clusters arc not suffi-
cient. The scoring method requires large train-
ing data to create a model of score prediction
to assess the levels of similarity to the solution.
For example, E-rater system [1] applies multi-
ple a linear regressions model to predict scores.

fscichjlku.ac.th

This paper represents an essay with word fea-
tures, grammars, styles and specific vocabulary
usage. A number of machine learning algorithms
have been applied for automatic grading. For ex-
amples, supervised algorithms are a neural net-
work [2], a Bayesian network [3], and the K-NN
[4] algorithms which use training data to create
a model for scoring. Text-categorization such
as Bayesian independence is applied to distin-
guish "good’ and ’bad’ essays, and then linear
regression is used to assign score of essays [5].
To identify patterns or relationships of terms and
concepts contained in an unstructured text, LSA
technique is deployed [6]. LSA applied Singular
Value Decomposition (SVD) to discover terms
with tend to have similar meanings. However,
simple LSA has some drawbacks. Probabilistic
Latent Semantic Analysis (PLSA) technique [7]
and syntactic information which is a word order
given by the part-of-speech tag [8] has been pro-
posed to automated essay grading system.

Open-ended essays are used assessed stu-
dent’s understanding or ability to express stu-
dent’s opinion. This type of essay does not re-
quired solutions and may not required training
data. Thus, the scoring is based on the similarity
of essays, an unsupervised learning and voting
is reported in [9]. The number of unique words
and sharing terms between essays is assigned as
an initial score. The final score is obtained from
the voting algorithms.

This paper presents the automatic Thai lan-
guage essay scoring with single solution and no
training data. An unsupervised learning such as
Expectation Maximization (EM) and Cobweb al-
gorithms are investigated number of cluster. Fur-
thermore, the study of effect of similarity to as-
sign essay score is investigated.



2 Related Research

Automatic essay system has been implemented
and use as a tool for human for many years. Sev-
eral issues have been studied. The first issue is
a comparative study grading between human and
computer grading [10][11][12]. The current re-
search has been proved that the computer grad-
ing is correlated significantly with human rater.

The essay writing can be classified into two
types of essay. The first type of essay writing is
used to test writing ability of students. This type
of essay which called open-ended questions does
not need human answers. Thus, natural language
processing and some intelligent systems are the
main approaches to score these essays. Finally,
the close-ended questions, it is required short an-
swers or training data to grade.

Several researches of automated essay scoring
system have reported with diverse of techniques.
E-Rater system [1] from ETS, Princeton Univer-
sity has been used for scoring the Graduate Man-
agement Admission Test®Analytical Writing
Assessment (GMAT®RAWA) since 1999. This
first version was trained on a sample of essays
written on the same topic that had been scored
by human readers and composed of two applica-
tions, e-rater engine for scoring and Critique for
diagnostic feedback. In 2005, Burstein et al ex-
tended the E-Rater system by using information
extracted from previous version by standardizing
some features with regard to essay length. The
three most importance to improve modification
are feature section, model building and score as-
signment algorithm. Feature selection is based
on statistic usage and national language process-
ing technique. The E-rater evaluated its effec-
tiveness by benchmark with human graded es-
says.

Another view of essay scoring, it can be
viewed as text classification. Bayesian inde-
pendence and K-Nearest Neighbor (K-NN) al-
gorithms are applied to automatic essay grad-
ing [5]. The Bayesian independence classifier is
distinguish essay into two classes. Then linear
regression is applied to assign score. A neural
network [2][6][13] and K-NN algorithm [4] are
used to divide the essays into number of cate-
gories. The most importance of automatic essay
scoring is features selection and transformation
essays into vectors.

To identify patterns or relationships of terms
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and concepts contained in an unstructured text,
Latent Semantic Analysis (LSA) technique is de-
ployed [7][8][14]. LSA applied Singular Value
Decomposition (SVD) to discover terms with
tend to have similar meanings. LSA has been
extended by adding syntactic information [8].
There are various ways to define the syntactic
information such as a full parse tree, a shallow
parse, POS, and tag sequence etc. This paper ap-
plied 45 tags from Penn tree-bank.

This paper evaluated their results using an-
swers from the essay of computer science ques-
tions. The results from the SELSA approaches
confirm the effectiveness of the essay scoring
for text better than LSA. The effectiveness of
the SELSA approaches depends on the syntactic
structure.

For LSA approach, there are many drawbacks
such as the probability distribution. The approx-
imation matrix may contain negative entries af-
ter the dimension reduction, choosing the num-
ber of dimension. In order to solving these prob-
lems, the Probabilistic Latent Semantic Analysis
(PLSA) technique has been proposed to an auto-
mated essay grading system [7]. This technique
uses the Expectation Maximization (EM) algo-
rithm to build the model with maximum likeli-
hood probability of the learning task. They per-
formed an experiment using three essay sets col-
lected from courses on education, marketing and
software engineering. PLSA was provided equal
or better results when the number of latent vari-
able is increased.

In supervised approaches, a training data is re-
quired to build the training model which is cost-
ing and infeasible in some environment. In prac-
tice, the essays can classify into two classes.
However, there exists partial corrected answer
which is not in both classes. Yen-Yu Chen et al
[9] proposed an unsupervised-learning approach
based on a voting algorithm. At the initial scor-
ing step, all essays are assigned score based on
the number of unique terms of the essay. Then
the iterative step, the score of an essay is voted
by the other essays. In this step, the score is
recalculated based on the similarity measure is
based on the number of sharing term between
each essay and the previous score. The algorithm
of scoring is an iteratively until the score in not
change in some number.

The first paper of Thai essay scoring [2] re-
ported in 2007. This work explored the human



grading and machine grading. A Backpropaga-
tion Neural Network (BNN) and LSA are pur-
posed. 40 high school’s essays are used to train
amodel. Features section based on the word seg-
mentation and IDF weight. However, there is no
information about characteristic of input data. It
is proved that the BNN with LSA give the best
performance.

3 Algorithms Used to Categorize Essays

Unsupervised learning algorithm was applied to
cluster essays by the similarity. The essays
with similar words were possible to be in the
same cluster. In this experiment two algorithms
were selected; expectation maximization (EM)
and Cobweb algorithms, to automatically cluster
without the initial amount of cluster. They can
solve the problem about the received contingent
cluster number such as in the case that all exami-
nees give the correct essays in the same question
resulted as only a cluster. Detail of such algo-
rithms is displayed below:

3.1 EM Algorithm

The Expectation Maximization (EM) algorithm
was first introduced by Dempster et al [15] as an
approach to estimate unknown parameters. Typi-
cally, EM algorithm performs in two steps. First,
the log likelihood is computed with respect to the
current parameter estimates. Then maximize the
expectation computed in the first step. This ex-
periment applied the EM algorithm in the Weka
program [10]. The definition of the number of
cluster was performed by means of cross valida-
tion testing with the steps outlined below:

Step 1: the number of clusters is set to 1

Step 2: the training set is split randomly into 10
folds.

Step 3: EM is performed 10 times using the 10
folds the usual cross validation way.

Step 4: the log likelihood is averaged over all 10
results.

Step 5: if log likelihood has increased the num-
ber of clusters is increased by 1 and the program
continues at step 2.

Upon the definition of the essay cluster, the
initial essay from each cluster was randomized.
The subsequent step is to cluster the left essays
with the application of the EM algorithm in two
steps:

e E-Step
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Computation of the membership probabil-
ity of x in each cluster: with equations (1)
to (3)

Wi x Pri(z )

Prcle) = Pri(z) W
Pri(z|c) = B S
(2m)d x | X
enT [ (2)
(x —m®)" x (z —m°)
X exp ( 2% ¥ )

k
Pri(z) =Y W/ x Pr(zlc) (3)

c=1

where Pr(c|x) is the probability of cluster
c in essay X, Pr;(x|c) is the probability of
essay x in cluster c at iteration j, Pr;(x) is
the probability of essay x at iteration j, W
is the coefficients that represent the fraction
of the database represented by the corre-
sponding cluster, x is parameters of essays
in each record of all essay, m is the average
value of the parameter in the essay, d is the
dimension of Gaussian probability distribu-
tion, and X, is the variance value of cluster
C

e M-step
Update of the mixture model parameters
and verification of the condition to stop the
process as equation (4) to (6)

Wittt =3" Pr(clz) )

e}

il Y wen® X Pr(clz)

Z:::ED pf’"(:):‘(:) (5)
EJ‘ _Z:UEU PT’((‘|T) s (T — m] 1 1)
- > zep Pricz) ©

x(z —mitHT
Z.L‘CD PT((,|J‘)

Verification of the condition,
if |[E; — Ej11| < e stopElseset j =7+ 1
and repetition of the identical process. £



1s the log likelihood of the mixture model
at iteration j as equation (7)

k
B = Z log (Z W % P‘rj(:r|c:])

xzeD c=1
(7)

For example, EM algorithm was used to
classify the text from labeled and unlabeled
documents [16], with Expectation Maxi-
mization for Weakly Labeled Data [17].

3.2 Cobweb Algorithm

COBWESB algorithm constructs a classification
tree incrementally by stepwise insertion of the
objects into the classification tree. Upon inser-
tion of an object into the classification tree, the
COBWERB algorithm traverses the tree top-down
initialized from the root node. At each node,
the COBWERB algorithm considers four possible
operations are inserting, creating, merging, and
splitting node and subsequently selects the one
that yields the most superior CU function value
[18][19] as equation (8) and (9)

cU(C) = % x Y A(C,A) (8)

Cy)’

A(C|A;) =D P(Cr) x Y P(A; =V
k=1 j

=D P(Ai= V)
i
©

where CU(C) is the category utility function in
cluster C, C'}. denotes cluster k, A; refers to the
frequency of unique words in an essay at position
1, n is the number of clusters.

For example, Cobweb algorithm was used
in Conceptual Clustering Categorical Data with
Uncertainty [20], Incremental hierarchical clus-
tering of text documents [21], and Web docu-
ment classification with the application of ma-
chine learning clustering algorithms [22].

4 Experiment

In Figure 1. Shows the processes of automatic
Thai language essay scoring system. Details are
in the following paragraphs.
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4.1 Data Set

Experimental data used in this paper were
collected from the examination of an object-
oriented programming course. The data set was
manually typed and consists of seven questions
with each question composed of 55 students’ es-
say. Most of the questions required a short de-
scriptive answer. The score range was defined as
*A’ thru "F’, with "A’ as the best answer or close
to the solutions. A sample question is "How
does Java language support Dynamic Binding or
Late Binding?”” to which the appropriate respond
should have been a short explanation such as "It
defines the value of variable at the stage of exe-
cution.”

4.2 Preprocessing

The preprocessing step is a process to transform
textual information into a word vector. Since
Thai language differs from English as it does
not employ spacing between the individual items
of vocabulary; therefore a Thai word segmenta-
tion program [23] is needed. In previous work
[24], it has been studied Thai stop-word should
be removed. To solve the rare terms, TF-IDF
is utilized. Since, each Thai essay may con-
tain transliterate word or the synonym problems,
these problems are solved by a Thai-English dic-
tionary mapping. Finally, LSA technique was
also applied to replace vectors with semantic
space. Thus, this work applied all best features
which have been done in our previous work.

4.3 Unsupervised Learning Algorithms

Unsupervised learning algorithm is applied for
cluster the similar essays into a same group.
Thus essays in the same cluster will be graded in
the same score. Since number of cluster will not
know in advance. The algorithm EM and Cob-
web clustering were applied and detail as fol-
lows:

4.3.1 Expectation Maximization (EM
algorithm)

The EM algorithm is both capable to discover
number of cluster and solving the missing val-
ues. Experiment with WEKA, a number of pa-
rameters need to supplied to the system. Sev-
eral experiments have been explored to find the
best parameters. To automatic identify number
of cluster, numClusters is set to -1. Number of
iteration is less than 100 (maxIterations = 100),
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Figure 1. The processes of the automatic Thai language essay scoring system

a minimum acceptable Standard Deviation value
of 0.001 (minStdDev = 0.001), and a vector pat-
tern of word frequency in the essay set to 119
times (seed = 119).

When all clusters have been covered, a vector
of cluster is the average of TF-IDF of the essays
in the same cluster. This vector will be used to
find the similarity of the cluster and a solution.
Detail of scoring algorithm is shown in Figure 2

43.2 Cobweb Algorithm

Clustering by Cobweb algorithm using
WEKA, number of parameters is given such as
Standard Deviation for accepting a model in this
experiment this parameter is 1.0. The threshold
value of category utility function that is used for
node cutting is 0.0028 (cutoff=0.0028) with the
frequency in vector pattern of word frequency
sampling set to 42 (seed=42).

4.4 Essay Scores Calculation

When all essays have been grouped according
to the clustering algorithms, the scoring is per-
formed. The score criteria in this work are based
on the similarity of a cluster and a solution. If
the cluster and the solution have the some con-
tent the similarity measure is close to 1. Accord-
ing to the grading system, the grader may grade
the essay based on the corrected content or re-
duce a score when content is inappropriate. Ad-
ditionally, the grading system grade the highest

score as an excellent (A), score is lower than 50
is graded as fail (F). Thus, similarity is measured
by Cosine equation as given in equation (10)

e
] Whi X Wiy
s 5 T
ZL—lukz pIy 1“'A;

where Sim(c;, s;) is similarity value between
cluster i and solution j, wy; and wy; are fre-
quency of word k among cluster i and solution
j-

The algorithm for scoring essay is shown in
Figure 2

15'{(3‘4{,.‘5'}') = (10)

4.5 Finding the similarity range for scoring

Since, the scoring is based on the similarity mea-
sure a cluster and a solution. There may have
some factors affecting the similarity such as the
transformation word frequency vectors. Further-
more, if there is an essay which may contain
words out of the content, does this affects the
similarity values.

When number of unique words increase, the
vector size increases as well. If these unique
words are not related to content of essay, the
score of these essays should be reduced. Figure 3
showed the etfect on number of unique words. If
number of unique increased (words are not used
in the corrected content) the similarity value is
drop. However, the vector size increases due to



Algorithm for scoring essay.
Scoring function
Given K 1s a vector of a corrected answer
S = {Gpueery Gyl a set of essays which is grouping by
their similarity and centroid of cluster is average of
all essays n a cluster.
sim{K. G)) using ¢q. 10 Computer similarity between
cach group of cluster and answer kev (K) using
cosine similanty
¢ = 10.7. 06, 05, 04 } /¢ is a score criteria by
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Figure 2. The algorithm for scoring essay
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Figure 3. Relationship of average similarity val-
ues and the effect on number of unique word

the unique words, the corrected essay and a solu-
tion do not effect from this unique words. Thus,
to solve the problem of synonyms, the synonyms
words must group into one attribute.

Finding the similarity rage for scoring, the
essay gets highest score should have similarity
closed to 1. Based on this information, the score
is divided into five points ("A’, ’B’, ’C”, ’D’ and
"F’). Each interval of each range is in between
0.1 and the score of A’ will starts from 0.8. If
similarity less than 0.5, score is assign to "F’.

5 Effectiveness Evaluation

An accuracy measure is used to evaluation the
effectiveness of this experiment. This measure is
to compare the results with manual grading. The
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equation for accuracy was given in (11)

TP+TN
TP+ FP+FN+TN

Aeccuracy = (11)

where TP is the number of essays with both
‘true’ result from the system and ’true’ result
from the solution. (True Positive), TN is the
number of essays with both ’false’ result from
the system and ‘false” result from the solu-
tion. (Truc Negative), FP denotes the number
of essays with "true’ result from the system and
“false’ result from the solution. (False Posi-
tive), and FN refers to the number of essays with
"false’ result from the system and ’true’ result
from the solution (False Negative).

6 Result and Discussion
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Figure 4. Accuracy values of classical method
and two algorithms ordered by the determined
ranks of Threshold A
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Figure 5. Accuracy values of classical method
and two algorithms ordered by the determined
ranks of Threshold B
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Figure 7. Accuracy values of classical method
and two algorithms ordered by the determined
ranks of Threshold D

The effectiveness of the clustering algorithms
presented in Table 1. Accuracy of each algo-
rithm is compared with group of human grading.
Although human grading has set up a fix point
for each grade, a set of essays may not contain
all score level. For instance, there are all level
grades except level 'D’ in data set D4. Addition-
ally, some data set, the number of essays in each
cluster may be unequal (see data set D1). Ex-
amining the context of data set, it is found that
some data sets need more than one solution be-
cause writing an essay may use different vocab-
ularies. Furthermore, some essays use the same
keywords which are the same as solution but se-
mantic of context is different. Thus it is grouped
into the same cluster. This means that a bag of
word lack of ability to explore the semantic in
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Figure 9. Average accuracy values of classical
method and two algorithms ordered by the deter-
mined ranks

the context.

Although, the level of similarity for grading
has fixed to 0.8 according to similar content and
meaning, this may affect when using the centroid
of cluster. Thus, the second experiment 1s to ex-
plore the appropriate level for grading. From
Figure 4 to Figure 8 shows similarity level of
each point and their accuracy. Figure 9 demon-
strates the mean average of score’s "A’ of all data
sets. This can be concluded that the threshold for
scoring A of Cobweb is higher than EM.

The classical method gives the best result
when threshold is 0.7, EM algorithm is 0.75, and
the Cobweb algorithm is 1.0 with maximum to-
tal average accuracy values of 75.75%, 80.57%,
and 79.01%, respectively.

Table 2 shows comparison of all grading
methods. The K-NN approach is our previous
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Table 1. The effectiveness of the clustering algorithms

Data set # Essay Human EM Cobweb
# Cluster Accuracy # Cluster Accuracy
DI 41 4(3/17/17/4/0) 4 3.09% 7 5.29%
D2 34 5(2/2/11/15/4) 1 42.73% 5 6.66%
D3 36 5(4/6/6/13/7) 2 43.75% 3 41.05%
D4 12 4 (1/2/4/0/5) 1 41.67% 8 27.78%
D5 36 5(14/9/2/2/9) 1 41.59% 1 38.89%
D6 42 5(5/5/19/11/2) 6 48.41% 2 47.39%
D7 39 5(1/11/10/14/3) 1 39.12% 4 3.62%

Table 2. The total average accuracy of classical method, EM, Cobweb, and K-NN algorithm

Method

Average Accuracy

Classical method
EM Algorithm

Cobweb Algorithm

K-NN Algorithm

75.75%
80.57%
79.01%
81.30%

studies [24] which require 5 training data sets
with respected to score rages. The results of
the supervised and unsupervised algorithms are
not significant. However, the unsupervised algo-
rithms do not requited training data set and the
procedure to rater is the same as human rater.

7 Conclusion and Future Work

This article presents the automatic Thai language
essay scoring with a single answer and tested
with a short descriptive essay. The EM and Cob-
web algorithm is applied to group the similar es-
say. Several research problems have been ad-
dressed. For example, the similarity level may
effect from the number of unique words, cluster
representation and synonyms. Scoring is based
on the similarity of a cluster and a solution.

The results of the experiment showed that it is
not significant between supervised and unsuper-
vised learning. Additionally, the unsupervised is
more practical when the assessment of student is
to evaluation the student writing ability and the
ability to recall student’s knowledge.

For further research, there are a number of is-
sues to investigate such as Thai written struc-
ture and word-ordered. Moreover, such a sys-
tem needs to test by the alternative unsupervised
learning methods to increase accuracy. Further-
more, a set of data is needed to verify the accu-
racy of essays to written words added in addition
to the solution.

Acknowledgment

This work was supported by budget for over-
seas academic conference from the faculty of
science, Kasetsart University and the graduate
school, Kasetsart University.

References

[1] Y. Attali and J. Burstein. Automated es-
say scoring with E-Rater. J. Technology,
Learning and Assessment, 2006.

[2] Chanunya Loraksa and Ratchata Peacha-
vanish.  Automatic Thai-language essay

scoring using Neural Network and Latent
Semantic Analysis. /EEE, 2007.

[3] Lawrence M. Rudner and Tahung Liang.
Automated essay scoring using Bayes’ the-
orem. ACM, 2002,

[4] Li Bin, Lu Jun, Yao Jian-Min, and Zhu
Qiao-Ming. Automated essay scoring us-
ing the K-NN algorithm. /EEFE, 2008.

[5] Leah S. Larkey. Automatic essay grading
using text categorization techniques. ACM,
1998,

[6] Thomas K Landauer, Peter W. Foltz, and
Darrell Laham. An introduction to Latent

Semantic Analysis. Discourse Processes,
1998.

[7] Tuomo Kakkonen, Niko Myller, Jari Tim-
onen, and Erkki Sutinen. Automatic essay



[8]

2]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

[18]

[19]

[20]

grading with probabilistic Latent Semantic
Analysis. ACM, 2005.

Dharmendra Kanejiya. Arun Kumary, and
Surendra Prasad. Automatic evaluation of
students’ answers using syntactically en-
hanced LSA. ACM.

Yen-Yu Chen, Chien-Liang Liu, Chia-
Hoang Lee, and Tao-Hsing Chang. An
unsupervised automated essay-scoring sys-
tem. IEEE, 2010,

Salvatore WValenti, Francesca Neri, and
Alessandro Cucchiarelli. An overview of
current research on automated essay grad-
ing. Material published, 2003.

John Palmer, Robert Williams, and Heinz
Dreher. Automated essay grading system
applied to a first year university subject
how can we do it better? Marerial pub-
lished, 2002.

Semire Dikli. Automated essay scor-
ing. Turkish Online Journal of Distance
Education-TOJDE, 2006.

Sargur Srihari, Jim Collins, Rohini Srihari,
Harish Srinivasan, Shravya Shetty, and Jan-
ina Brutt-Griffler. Automatic scoring of
short handwritten essays in reading com-
prehension tests. Artif. Intell, 2008.

Tuomo Kakkonen and Erkki Sutinen. Au-
tomatic assessment of the content of essays
based on course materials. /EEE, 2003.

A.P.Dempster, N.M.Laird, and D.B.Rubin.
Maximum likelihood from incomplete data
via the EM algorithm. Jowrnal of the Royval
Statistical Society, 1977.

Kamal Nigam. Andrew Kachites Mccal-
lum, Sebastian Thrun, and Tom Mitchell.

Text classification from labeled and unla-
beled documents using EM. ACM, 2000.

Yuri Ivanov, Bruce Blumberg, and Alex
Pentland. Expectation Maximization for
weakly labeled data. ACM, 2001.

Douglas H. Fisher. Knowledge acquisi-
tion via incremental conceptual clustering.
ACM, 1987.

Boris Mirkin. Reinterpreting the Category
Utility function. ACM, 2001.

Yuni Xia and Bowei Xi. Conceptual clus-

tering categorical data with uncertainty.
IEEE, 2007.

[21]

[22]

[23]

[24]

112

Nachiketa Sahoo, Jamie Callan, Ramayya
Krishnan, George Duncan, and Rema Pad-
man. Incremental hierarchical clustering of
text documents. ACM, 2006.

Marlon Gregory, Roberto Scata, and Eric
Brown. Web document classification us-
ing machine learning clustering algorithms.
ACM, 2006.

Canasai  Kruengkrail and Chuleerat
Jaruskulchai Jun’ichi Kazama. A dis-
criminative hybrid model for Thai word
segmentation. National Sofiware Contest
Thailand, 2009.

Sommart Aungkaseraneekul and Chuleerat
Jaruskulchai.  Automated Thai-language
essay scoring. National Computer Science
and Engineering Conference, 2010.



113

NARUIN A

o819 1l sunsuasrtoaousatisniv lne



114

MANUIN A

U

% % U W w QA a dq'
Auuuullsunsumsnsiateasudntiunu Inauuuonlueinl uauIdei

Y
quuuuTdsunsumsasindeaeusationiz Inouuuds Tuaialuauideis 1daq
1/52n2a1A59015 IT One Innovation Awards 2011 (http://www.itone.co.th/innovationawards/)

#41A51U5 197 a0 UZIRAD UMD 1

@c UHIdGNEgAaBINLasAaas
j Kasetsart University

ol [V a ¢
LUJU‘YIﬂﬁﬁ]ﬂﬂ?"l&lgﬂ'ﬂﬂﬂ'\ﬂﬂ'\%ﬂﬁ&lﬂ?Wlﬂ‘i

v o o - ot %
201 1: FAWUTZNOURANVDIADNNIADTHNAIN a:17uwa

10!

2 @ A0 hardware WAz software . n
Anay | ldazuww: 1826 /20 , lewnsm: A

Kl

9 o ' o ad ' - '
2N 2: ARIBANMNINNLUL uﬂa:uumwmwﬂ?

2 Wy fa mingenuIos

ne

o . ¥ ™ - L -
MRBY | insamaiidanTm I ldazuwn: 1528 /120 |, lainsa: B
v o o . a0 i
281 3: @191 http daannazls

Hypertext ... %
o ¥ Eg
Aaay Taazuun: 1155 120 , loinsa: D

4|

3 o 9 & P o ad t%
297 4: dsmandayanugwnaansadszmasasdaudslumumonmiindszan azlsing

4 19@ fa int, long, float, double

[l »

o ¥ 9
Aaau laazuwn: 13.00 /20 ,létnse: ¢
o o o - .
doh 5: MENERUaRwITRUNaAaE1sls
17 extand Funaanaaaual = ) .
Aaai | ldazuwn: 723 720 |, leasa: F

T@ﬂﬁﬂmagﬂﬂqmﬁmﬁ%’mammmmnﬂﬂszms

4|

Tdazuwnwsas: 65.40 1100 , Idinsawds: c

a5197 9dDY 29NNNTUSUASH

MWEUINA a1 Tsunsuasindeaeusmioniu Ined1833 Classical method


http://www.itone.co.th/innovationawards/

@’} UHI3NENauINBasMEas

;y’ Kasetsart University

i’\m'mwamsmmai’i’aaaﬂﬁqaﬁ%mﬁﬁ'@némﬁ'\man

2 © T P ' 2 o =
nan 1 ﬁ]"l“‘)“ﬂfrl‘Nﬁ’lﬁlﬂu‘t‘]uﬂﬁlﬁﬁﬂﬂﬂaﬂﬂi‘nﬂ EM:

EYEIREIERESS

2 o o "o = 1 2 (%) = e
nan 2 ‘iﬂ“‘)“ﬂﬁ!Nﬁ’\ﬁlﬂu‘nuﬂﬁlﬁ‘iﬂﬂﬂaﬂﬂ‘i‘nﬂ EM:

\ nqu D \ | nqu F \

4/ o o o < " 2 o =
wav 3 ‘i‘l"l“‘?l“f‘lﬁrl‘Nﬁ’\ﬁﬂu‘ﬂuﬂﬂlﬁ’iﬂﬂﬂﬁlﬂﬂ‘iﬂﬂ EM:

‘ nqu B ‘ | nau F ‘

2 © T P ¥ 2 o = e
nan 4 ﬁ]"l“‘)“ﬂfrl‘Nﬁ’lﬁﬂu‘t‘]uﬂﬁlﬁﬁﬂﬂﬂaﬂﬂi‘nﬂ EM:

\ ngu A \ | naw F \

s o o oo e 1 2 ¥} =
nan s ﬁ]"l“‘)“ﬂﬁ!Nﬁ’l(ﬂﬂu‘nuﬂﬁlﬁﬁﬂﬂﬂﬁlﬂﬂi‘nﬂ EM:

\ nqu D \ | nqu F \

40 o o o < ¥ a2 o =
wav 6 ‘iﬂ“‘}“ﬁﬁ‘!Hﬁ’lﬁﬂﬂﬂuﬂﬂlﬂﬁi’lﬁﬂaﬂﬂ‘iﬂﬂ EM:

‘ nqu B ‘ | naqu F ‘

s o o » o e " a2 o =
nan T ‘il'l‘ltl‘]‘l’lﬂﬁ;laNﬂ']ﬂil]]ﬂuﬂﬂlﬂ‘il'lﬂﬂﬁlﬂﬂ‘iﬂﬂ EM:

‘ ni!rnc ‘ | nﬁ:uD ‘ ‘ ni!'nF ‘

3

| aananldsunsa

AR
Ll

-
ugenvinsanngy ‘

T
ugensvinsannay ‘

—
uamnTvinmsaenay ‘

-
ugenvinsanngy ‘

-
uaensvinsannay ‘

—
uamnTvinmsaenay ‘

PR
udemnsvinsannay ‘

1]

d‘ Y v v 9 o a K
MNAUINN A2 Iﬂiuﬂ’illﬂ‘i’)i]‘ll@ﬁﬂﬂ@GluﬁlﬂTH']vlﬂﬁlﬂ’JEJ@aﬂﬂiﬂﬂJ EM



116

ﬂi%’?aﬂ"liﬁﬂ‘]eﬂ HazMIMau

¥o — wmana AUNIANT  BIAATAIND
[ A = d' a a
MW aeu Y Niha 7T WOAINTYU W.A. 2528
amuina NFUNNUNIUAT
wAa a a J [
sz Iamsanmn M. (MeMInoNNIn3) szaulTyes

UHINGAEATUATUNT I 1@ Useauiing
Usziamsimau Ae1in3se99n3191 Biotec a1 HoaUfiiAms
Bioinformatics dnanuWanInemansas
ma TuTagunama (@Ine.)
numﬁﬁnmﬁ"lﬁ%u lasunusineuenanuinimslulszma
HagANY LA MNVUNAINGIRILAZNIAIV
INNMIADUNUADS WHINNSBABATA AT

(W.A1. 2553-2554)





