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7|l A AARE]= TofE] o] 80% oS- HIAH H|o|H = o]
o|A glom (19 2), 7L FollA= YIAE dlo[e7} ApAJsh= vlF:
& - =, ol 2 ZRAEL A9 uRb Rl 2y
AE SRYElHA BEoke tiukro] AR Aok, AAWT B
4], RFI (Request for Information) 52} o] BIAE 7]4Hlo] v]
75 tole] Fef= ofFofA Qlck,

EIAE QL 72 HIAY lolelE 41517 fleiAl= Ak%lo] A
(NLP)E &3l At¢1o] Fefjo] ElAE Hlo|e & -4 7Fe3h 145}
e wigkobA) Hk Apdo] 22| (NLPK= Al lolet 757
7te] ekt o AR8-8 9fell 7| AlEk5(machine learning)S- -5
HHE7E QI7Ee] ol ofafd 4= Q1w Sl AH¢lo]thChopra
et al, 2016), AR AFAo] A2|(NLP)E ffshAl= Tofof o
9T S, T AR R 2laot o] 3R] (lexicon), 2=
7] (ontology) 2t =2 TR A4 #8714 A Hok
(Kao and Poteet 2007).

Apedo] A 2| (NLP) 712 7|4 0.2 & 712 H4o] wheh 2
sigt=tl, 71l 2fgk ¢lo] A2 As2kE SRt w5t 2tk
S FIAZI7] SRt HA o] T1Ale|tTiwary and
Siddiqui 2008). &, 259 WS AL Qe 71A WY
(machine translation)®] M3} 328 Afo]E A 7)) W
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Aol 22](NLP) 7|48 AR AM(IR, Information
Retrieval), 4% 32(E, Information Extraction) Sofol|4] 2hdk
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(NLP) 24 i =8¢

20 A ApeAo] A2)(NLP) 7]s 83k Sts -4t 4= 9l
On Shg- AIAEIO A ZpAo] Ae|(NLP) 7|es 283t -t
THA] 1) 241 25 Aol ko] Ae(NLP)E 283t 49
(Caldas et al. 2002; Caldas and Soibelman 2003; Salama and
El=Gohary 2016), 2) % 74 A|2glo]| 2¢10] A 2](NLPE 4
L5t 79(Fan and Li 2013; Gao et al, 2015; Tixier et al, 2016;
Zou et al, 2017), 3) BIAE AH 2 A1 220 0ja] 2}¢1o] 7
2)(NLP)E 283t 7J$(Mohemad et al. 2011; Zhang and El-
Gohary 2013; Zhang and El-Gohary 2015; Tixier et al, 2016;
Liu and El-Gohary 2017)& B35+ 4= )70},
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80% Unstructured Data
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Business Intelligence and

Data Warehouses Text Documents
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Web sites

Upward of 80% of enterprise data today is Unstructured

Gartner Report 2015
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Social Media

Video, Audio Files
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Watson> 3/d% SF=201(90t] &) TBM Power 750 AH)& &l th&-e] el (eF 2009 #lo]4] £3)E oz g Apelof 2] gl 2413 A4
shof o A4l koM Aol thet e AlASh W oS HAIA (question answering system)©[T},
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Zou et al, (2017)9] ol A= AL ¥ glofeso] Ao
A AF AL ARIE 7A151R= CBR(Case—based Reasoning) 7]4F

of R RS ANBIHHIE 3. 0] Aol 71 4
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o FAekA| Fgh A ZRAE EANS A 7]?@ Qo FA(semantic analysis)S 7Fs 7 SHRLoH, T1 AT} T 7191=
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3
Pre-defined (= = ey
risk-related WordNet
/
\ /
/ “worker =—p»"aclor”, “prolc”, “prolctarian”, “docr™
“fall” =P failing”, “drop™
“height™=*(allness”, “peak”, “liplop”, “acme”,
“summit”.  “meridian”,  “altitude™,
“pinnacle”, “top”, “stature”,
“elevation™, “superlative”™
ﬁﬁﬁﬁﬁﬁﬁﬁﬁ — Filtering
content
corpus ¢+ “worker”, “fall”, “height”
ge 2 “drop”, “peak”, “summit”, “altitude”, “top”,
“pinnacle”, “stature”, “elevation”
Return the top 10 similar L o o e A
cases to the user o & o o o e e A ]
- qi;\lillﬂr;t\' ;q!cnlu';li:;lil .
O3 3. AL AL S s XHH0| X2I(NLP)E HESst A7 AMf2ll(Zou et al. 2017)
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Sentence

IN — preposition or subordinating conjunction
CC — coordinating conjunction
NN - singular or mass noun

The thickness of exterior basement walls and

S

J8l 4, 23 L THof, F(phrase) X2t

opelA] Al 2}¢10] A2|(NLP)2] 2

Ao g QI S5 AL o) TRt 26 /b AR
 SLICk 3, 4 Bl MY A Pl

O 277} 24002 A1 22 Sl 07 Ak
4-53 ool of2olFiek: Fole, oft= 7 maAlE:
AR A o] giH o] BIAE FE|R o]Fo|49)
o} of&7ba) BRI ok ARYGEHREI T k= €l
o] of 15| The-S el A, B A4 mHIle] ke
E to]ES 2 Gt Hote] 1w s1so] Hg @;—;—
ASS 740]7]5 0}7411;} gaﬂ A4 Eﬂ/\E ﬁjd tﬂ:}oﬂ/\i L g ]
o]E]2] eS¢ A SNS dlo|E] S Zo] Lefel Oﬂ*i AA]
Prom AAEAL Sl ek k2l 1) blo]El(Big Data) b/|kct
= 7ol Sl F dlofe, ZRAE =3 dlofg] 53} o] A
tjEoz AL qfuef glofejolct, ufehx Wit e HolEE
oA D& = e dlolE ol A A oR dhe il
om, F2] wlofElE Fall AH¢to] A2|(NLPE
JASS JHH o] Afedo] B

ju

28 ol 714 Ak
o o)

0Ha ©

o

o [

O
mlm
oHﬂ
%

\

o,
I3
Sy
ol

i
o
kT
un

1%
> o
m o

RO o
==

ro
1o
o e
lo
)
[>

s
T
= <
EEE]—T

STt F23F o| o7 i,

[¢]

4é

=Q

o o
.

O
=

A4

x
r&"

ofel 1% i
aw el s

JJR — comparative adjective
PP — prepositional phrase
ADVP - adverb phrase

QP — quantifier phrase

CD - cardinal number

VB - base form verb
NNS — plural noun
NP — noun phrase
MD — modal verb
VP — verb phrase
DT — determiner
RB — adverb

foundation walls shall be not less than 7 1/2 inches

R0 ofgt HAE

E 2M Al3|(Zhang and El-Gohary 2013)
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