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Abstract

This research presents an applying random forest algorithm and graph theory for text
analysing. Herein, 3 - benchmark comment datasets collected from “www.imdb.com”,
“www.yelp.com”, and “www.amazon.com” given by UCI Machine Learning Repository, are used to
evaluate the proposed study. First, the random forest algorithm is applied to extract words from
the comment datasets. Secondly, the comment datasets are created relationship between words
based on a graph theory. Finally, centrality measures, namely betweeness centrality: BC, closeness
centrality: CC, and degree centrality: DC, are used to identify an importance of each word compared
between word extracted from the random forest algorithm and graph theory. The results showed
that extracted words were classified in three groups based on matched words, similar words, and
exception words. From 3-benchmark comment datasets, the matched words contained the average
BC, CC and DC as 94.24010, 2.0369, and 23.5736. The similar words showed the average BC, CC and
DC as 127.6935, 2.0286, 25.1273, and the exception words presented the average BC, CC and DC as
38.5155, 2.1053, and 18.4643, respectively. From the results, BC and DC, here, were more optimal
than CC to text analysing based on centrality of words. Finally, the similar words contained greater

average BC and DC than the matched words and exception words.

Keywords: random forest; graph theory; text analysis; word centrality
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classification [15]

- graph-based text

a o = aa a o
U799 U /N9 NEIUIRY
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NaN13UIBUIBUNITIUUANGNY1I 31U 20 NQY
Graph based text . Do -
Ingudaznquiliiuiuenals 10 wenas laeliey
representation for - TF-IDF - . o o om
2015 Wisun15auunlagldds TF-IDF Au3% dependency
document clustering - dependency graph . N . -
graph Wu31 dependency graph Tkan1sauuny
(6] _
AN
Wiguilgunsanaudnyuzreiteyalaeds sub
Text categorization as a . o Do X
- sub graph graph AU n-gram Iﬂwﬂaamwaa&a 4 N AU
graph classification 2015 4 oaa
- n-gram WebKB, R8, LingSpam LLag Amazon %INU1 35 sub
problem [12] . -
graph @nansaannadnulafndy neram
-TF WIgulgun1591uundeya Reuters-21578 uay
- TF-IDF WebkB fiansanlulsesuminvesaiiiniu lay
Graph-based term o A . ¥ e
- degree centrality WSgUMEUNUNITAIUIUMIUINYNAIBITANY 9
weighting for text 2015 e . y o -
- in-degree centrality nud3snsAuIMnIInnkuuIfA1A3 LU
categorization [8] . . o e em
- out-degree centrality  |AUENANIVBIAINIY degree centrality TAnadNGA
- closeness centrality | 91gn
druundeya TASS 2013 Jududeyasinninnes
Graph-based techniques My Felidnnunguieyansdu 10 ngu lagih
for topic classification - PageRank doyauraireanuduiusatensin lun1sasie
2013 Y 5
of tweets in spanish - HITS ANduiusaoerduldisnisaiie 235 Ao
[13] PageRank ag HITS NaN1SIUNNUIN @111350978uN
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— < . -
-TF NANSUIBUTIBUNTINNLIAYY UBILONENTUBYA 2
Graph-based - . .
- TF-IDF Y M. TASAZ00 Lag Reuters WUI1 N1T&AS1S
representations for 2011 o o . . Y oo .
- co-occurrence networks | AMUELNUSVBIAIAENTINNY 2 35 DA lun59n
text classification [14] o em
- dependency networks | IANYNEININIG TF wag TH-IDF
Enhancing text Wisuiisun1sdnuunngudeniuniwdu 910 15
. ' ' v ~ - =
representation for NG NQuag 20 VaAY NANTTNARBULNBIUSEULNEY
- vector space model . D o om
classification tasks 2011 N193UNNGUVBAINY WU 35 graph structure
- graph structure model y - . el
with semantic graph model T U5z @nSa1nAAN1135 vector space
structures [7] model
WiguweunsiuundeanunwIu 9w 5 ngqul
Graph-based KNN text - vector space model  |[#a151LT0IARNgNABkAzL Al lunIT
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A comparative study of
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HAR dataset using
caret [18]

nearest neighbors on | 2017 |- parallel random forest

- K-nearest neighbors

wWiguifigun1sdnuunteya HAR (human activity
recognition) 31ng1uteya UCH laeideuiiiguan

¥ s o s 9
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U

Comparative study on

data mining
- Naive Bayes
classification methods
for cervical cancer

- random forest
prediction using pap

smear results [19]

2016 |- support vector machines
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Mangrove classification
using support vector
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2016 |- random forest

forest algorithm: A

comparative study

[20]

- support vector machines
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% ANUAIAU

Y Y

UATNIABIENUYBIHARNST AN LA agNIIN

ANUELNUSVDIAN

4. {an1sANIUY
Tudwshdeionfunstiausludiues
namsadramnuduiusvesrilaons a1ntause
narudugudnalsiiedsing q uazseu
Wieuiumiildaindana3iu random forest fuen

o

Aleannnismanudfnlaensin ds1eaviden

o

ADE
She

4.1 Han15a319AuFUNUSVRIA LAY
ns
A15E519N5 1M ANUAURUSVBIANV DY

Yoy aﬁﬂ 3 g uumumm&ﬂwum RS LLNUAITU

duiusvesidiedsd Tnonsmilfegluguuuy
voansuuulafifianie (undirected graph) taz
mmé’uﬁuémmﬁﬁﬁLﬁwﬁumﬂmiﬂimgiamm
#1613 9 (co-occurrence) Tanan15a¥eAI
Fuitusvosmlaensuanadnsned 3

A997l 3 Han1sadeeuduRudves
Flnensmivasdoyaris 3 yaidledmualidiuan
M1 (word) gafign Ae 100 A NANITIATIZIUERS

IﬁLﬁuﬁﬂmmamwuﬁ‘uaqm’lwammw 31 T

€

aagadﬁmmﬁauimﬂummumﬂmmmauwuﬁﬂu

Wfia an lneiansanandnuIudued (link) Ay

e

NUILUU (density) LazAL2A8ANT (average

degree) Mfgsnindoyaynd 1 uaz 2



15815 mermansiazinalulad U4 27 aUvuil 1 unsA - nuAIUS 2562
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Datasets
Characteristics Foyaynd 1 Foyaynil 2 Toyaynil 3
(www.imdb.com) (www.yelp.com) (www.amazon.com)
Network size 100 100 100
Number of links (Edges) 1117 1141 1289
Density 0.1117 0.1141 0.1289
Average degree 22.3400 22.8200 25.7800

comfortable
returned

UM 1 fMegrenanuduiusvesdeyayai 3

M1399 4 fegidinnuduiusiuvestoyayndl 3

. Aidanuduiusiu

" fitl | M2 | M3 | Mifia | fils | i | M7 fil 8 it 9
samsung wife buy | company | phone | great
ipod device find fit thing fine great | wear
pretty made | cingular buy thing work case | phone good car
price battery | sound love option | motorola | product | fine | headphone
headset | headset | back phone days
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Taaraduduaudnaislaensivuag random
forest algorithm (2) ﬂzjuﬁﬂﬁmé’wﬁ’u RUHe AN
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random forest algorithm L9 u “chick” wag
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“chicken” uag (3) nguefilausing vanefs i
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Wugudnairslaensan wie random forest
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M990 5 g nguAfinssiuveteyaynil 1

No. | Weka | Word BC CC DC
1 |acting| actin | 215.809 | 1.7879| 47
2 | actor |actor | 185.394 | 1.8788| 36
3 art art | 13.258911.9899| 16
4 | bad | bad |416.438 | 1.6869| 63
47 | year | year | 118.6232.0101| 22
Max 1719.99 129091 | 112
Min 1.9368 |1.4242 6
Average 112.732 |1 2.0294 | 24.127

M51971 5 Wunadwsvesnguiiingatu
yaatoyayail 1 wuifidinsstuioun 47 f
1ag betweeness centrality A1gagaLviifiy
1719.9943 A1gingaLviniu 1.9368 uavAilade
LYINfU 112.7320 closeness centrality ﬂ"lgjﬁfjfﬂ
Wi 2.9091 Ardgainiy 14242 wagaade
Winfy 2.0294 degree centrality AgsgAvinAy

112 ﬂ"lﬁ’]qmwhﬁ’u 6 LavARALYINY 24.1277

s ! o o

= I )
N15199 6 LUUNAINTVBINAUAN

9

A o A

A1 uYRItaYaYAN 1 wudidA1naaieiuy
Ve 47 ¢ Lag betweeness centrality Angsan

WY 30651469 A1dgALMARY 0.6178 Lag

i =

ALRdYLNIAU 106.6432 closeness centrality

Angaanwinfiy 2.8283 Ardgainiy 1.2525 wag

Y 9

ALade 2.0836 degree centrality AgagaLYviniy

148 ﬂ"lﬁ’]qmwhﬁ’u 6 LazARAYINTY 21.2979



215815 IMemansuazinalulad

U4 27 aUvvil 1 un31p - NUAIUS 2562

A19199 6 seeanguAingeiuveteyayai 1

No. | Wek Word BC CC | DC
1 | abso | absolut | 27.959 | 1.98 | 17
2 act action 22191 | 219 | 15
3 aw awful 43,706 | 2.08 | 20
4 | beau | beautifu | 42.324 | 2.07 | 15

av | writ writing | 14.233 | 1.94 | 18
Max 3065.1 | 282 | 14

Min 0.6178 | 1.25 | 6

Average 106.643 | 2.083 | 21.

'
a

A15199 7 AegenguAnliusingrestoyayn
1

No. | Wek | Word BC CcC DC
1 | Non end 21.8970|1.9899 | 17
2 | Non | ending |51.0562|2.1515| 13
3 | Non |excellent|37.1166 | 2.1717 | 16
4 | Non | pretty |12.0761|2.2727 | 13
6 | Non | totally |31.5288|2.0707 | 19

Max 51.0562 | 2.2727 | 21

Min 12.07611.9899 | 13

Average 30.0609 | 2.1094 | 16.5
Ay

08

GC; [ o

AEuATIRTIAY nguATinaeiu nguemilivsing
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5U# 3 d1ade BC, CC, DC voanguA1ingany

I o A w Y

nauAINAaIeAY LLazﬂfjmﬁﬂﬁhjﬂi'mg

q

=

vosdoyate 1
A151991 7 1 Junadnsvosngudiiilal
Usnguastoyaadl 1 wuhimitldvsngiiamn
6 A1 lng betweeness centrality A1gsgaLinfiy
51,0562 ANAGALIAY 12,0761 LazAlade
LN fiu 30.0609 closeness centrality AN 4e
Wiy 2.2727 Frdngainiu 1.9899 wazaady
Wiy 2.1094 degree centrality AgsgaLviniy
21 eaaiiiu 13 uagAedewiniu 16.5
U7 3 agifuinAadeves betweenness
centrality, degree centrality Wululuiiamaden
fu ude naudfinssfufungudiindefud

a

AnadelndiAsstu daunguariiluvsingdu
Aademstunaziiafing) Jaunnmatuaade
994 closeness centrality ﬁﬂ@jmﬁﬂﬁmaﬁ'uﬁu
ngufindefuiialndides druddilivsngd

P '

ANEINT

U

A19197 8 fegrnauAinsaiuvesteyayai 2

No. | Weka| Word BC CC DC
1 | back| back |[235307|1.848| 36
2 | bad bad [43.3654|2.141| 19
3 bar bar 52.0706|2.222| 21
4 | beer| beer |[12.7626]|2.484| 11
59 worth [ 87.6642 | 1.969 | 27
Max 1253.59|2.535| 85

Min 10.4591(1.626| 9
Average 98.5703|2.115| 21.59

d‘ <, T | Y
H1TNN 8 LUUNaaWﬁ%@QﬂQNﬂqWﬁiﬁﬂu

' v
' [ Y
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No. | Weka | Word BC cC DC
1 | che | cheese |86.991|1.969| 25
2 | chick | chicken | 159.81 [ 2.060 | 32
3 | delici | delicious | 37.458 | 2.151 | 16
4 din dine |59.394 |2.060| 19
34 | wait | waiting | 28.607|2.292| 15
max 986.17 | 2.505| 82

min 5.7306 | 1.525| 7

average 147.41 | 2.061 | 26.647
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Min 235871979 | 13
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614.2871 A1A1gALM1 AU 55022 LayALady
LY1AU 71.4206 closeness centrality 1 gagn
Wiy 2.7475 Ardngainiu 1.5859 uageALady
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84 APNEAWINTU 9 UazARReINY 25

A19197 11 Megaminsaiuvestayayai 3

No.| Weka Word BC CC | DC
1 back back | 70.763 | 1.949 | 27
2 bad bad 44.527 | 1.899 | 24
3 | bluetoo | bluetoot | 152.03 | 1.818 | 38
4 | button | button | 32.227 | 2.000 | 22

46 year year 66.489 | 1.909 | 30

Max 614.28 | 2.747 | 84
Min 5.5422 | 1.585| 9
Average 71.420 | 1.966 | 25

M990 12 fegedfinaneiuvesdeyayai 3

No.| Weka | Word BC CcC DC
1 | batter| battery [226.833|1.777| 48
2 |blackb|blackber|23.1413|1.949 | 20
3 | blu blue [11.7917(2.343| 13
4 | boust | bought |146.963|1.808 | 42
46 | work | worked |19.3835|2.010| 17
Max 3149.61(2.343| 159

Min 8.4985 |1.191| 11
Average 129.02411.941| 27.43
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