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ABSTRACT

Interest Category Classification of SNS User and
Following Recommendation Method using CNN

Taekeun Hong

Advisor : Prof. JuHyun Shin, Ph.D
Department of SoftWare Convergence
Engineering

Graduate School of Chosun University

With the development of various smart devices, an increasing number of
people are using SNS, which enables communication and sharing of information
regardless of distance and place. Users who used to focus on the functions of
forming relationship and communication are now using SNS for the function of
sharing information. The existing way of recommending following was mostly
based on relationship so there is the limitation of recommending following for
users who use SNS for information. Also, as studies using SNS postings
mostly suggest ways of categorizing interests and recommending following

based on images and texts, it is hard to understand user's intention exactly.

So this paper suggests the way of recommending information—centered
following that finds out user's interests by using images and texts and
categorizing interests of users. This study secured objectivity by defining
DOMZ, which is established as ODP(Open Directory Project), as the standard
for category of interest, and by using CNN(Convolutional Neural Network), one
of the machine learning methods, it studied images and text and divided
interests into categories. It defined users who post many postings as

information providers, established information database and categorized users
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with the same interests. Then it measured the similarity of the distance
between information providers and users and recommended the information

provider with the most similar interests for following.

As a result of categorizing interests of information providers and of users
using the method suggested in this paper, the rate of accuracy was 80% and
79.8% respectively, and the overall rate of accuracy was 79.93%, which means a
good categorization overall. Categories of interest with low rate of accuracy are
thought to be because the meanings were similar and similar data was collected
when images and texts were searched. There seems to be a slight correlation
between categories. Therefore, it seems that there need to be studies on the
selection of categories and standards for making SNS categories, and also
studies on establishing proper CNN models to learn and categorize texts that
are made up of special characters and emoticons due to the nature of texts of

SNS postings.

What can be suggested is to divide user’s interests into 16 categories then
recommend following in order to recommend more proper following for
information—focused SNS users, and by using images and texts together, it was
possible to accurately understand the intention of users. Through the way
suggested by this paper, it is likely that it will be possible to recommend
following that is suitable for SNS users, and categorization of interests will be
used in customized services, which recommend contents and information suitable

for user’s interests, and SNS marketing services.
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B. Convolutional Neural Network
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C. TensorFlow

TensorFlow+ 71 A5 H849dS A3 Googleo A/l e @ A2~ FolH Y
gojm, dHolE F=¢ g WS ARESte] A d4te] 7heskal Pythont
C++& &3 ZE=ad F3do] 7leatth s Al&agom 450 7] wZol
k7ol I= FAHORE tget 7|7|oA CPU =& GPUE AM&3te] ddito] 7b5
3ttt TensorFlowoll 4] dlo]E = tensor® X & 3}al tensors ThaFH 9] 52 vj<d o]
M, tensor7t FE5 LY ZoA 2= AMH At [19 29 HMEES

Lz o] of o] tH31,32,331.

SGD Trainer

sl B B

Update Wh1] [Update bp; | |Update Wsm] [Update hs,,,]

Dol v N

é learning_rate = [0.01]

o_’ %

Classes = [10j

Gradients

Logit Layer

Shape =[784, 1]

(23] 2-9] BlA 29 2eZ 9 o
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TensorFlowE o] &3dte] T2 1:E 13357 934 = TensorFlowel A AF-& 3}
= &5 AHgEioF §tH, olE Fd ME, A% o ol#e ditelut deep
Neural Network 59 %3 +x& 72t Z2a3S Fds ¢ Q. [F 2-1]2

TensorFlowol A AF-&38t+ 8§90 = vepth

[3£ 2-1] TensorFlow £ 9]

Term Contents
Operation(Op) T E e =25 YEhlH. AMbS 9
Tensor EFQlS 7H7 oY wjd oz g A HolgHE dg
Session g EE APEr] Yk A
Variables ad= A8 Al SeEE Agea A
Run Lol A ks A3
Session T Zo A AAXE sty 93 T A
Device ArS AT 7171(GPU =+ CPU) AA 2 A8

TensorFlowoll 51 &= deep Neural Network & #Z2 E33k AxS & 49 =
S 2o A A3E AF=A oldstr] gA =9H, 7 22a9E

A 3slsl7] 98 TensorBoardgl= Al4ts =+E A &3tt). TensorBoarde FE=
Ao gt AHZd =4 A31E FASTH, (19 2-10]7 2t}

input new regex ® - xentropy )

i s: i
Split On Underscore: C Ceskrg. e

220

1.80

Selected Runs: 1.00

data 0.600
0.200
5

0.000 4000 B800.0 1200k 1.500k

[721¥] 2-10] TensorBoard®] 9
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G AEAL] FHolz FEEe dgEY @49 Jhead et ODP= ARSAE
A4 B gy 7)d ¢ Zdx go]Eulo] A% Google, Lycos, DirectHit
o AA QX ™o §) AbolES] AW E Alwstal ATH34IL

DMOZ+ Arts, Business, Computers, Games, Health, Home, News, Recreation,
Reference, Regional, Science, Shopping, Society, Sports, Kids & Teens, DMOZ
around the World®] % 16719 7td gl = 5o lom, [19 2-1019 2

Arts A Business @ Computers
{ Movies, Television, Music.. |"“ Jobs, Real Estate, Investing... i -y Internet, Software, Hardware...
Games @. Health ;/\ Home
’ Video Games, RPGs, Gambling... Fitness, Medicine, Alternative.. ﬁ Family, Consumers, Cooking...
News ﬁ I Recreation Reference
| Media, Newspapers, Weather... Travel, Food, Outdoors, Humor.. Maps, Education, Libraries...
Regional f Science E Shoppin
US, Canada, UK, Europe.. Biology, Psychology, Physics.. ] Clothing, Food, Gifts...
m Society @ Sports . [ Kids & Teens Directory
People, Religion, Issues... Baseball, Soccer, Basketball... 'I" Arts, School Time, Teen Life...

(. DMOZ around the World

Deutsch, Frangais, H#<5E, Italiano, Espafiol, Pycckuit, Nederlands, Polski, Tiirkge, Dansk, f&{#R3T, .

[2¥ 2-11] DMOZ 7} a8

DMOZ+= HeEe gAoz FA5 0] glon, H4e HaEeiy FHekg 19
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Arts

[— Aesthetics

— Animation

— Antiques

— Architecture

— Art History

— Bodyart

— Classical Studies
— Comics

— Archives

— Awards

— Book Shopping
— Chats and Forums

— Contests

— Cultures and Groups

— Crafts

— Dance

— Design

— Digital

— Entertainment
— Graphic Design
— Humanities

— lllustration

[ Literature

— Directories

— Education

— Events

— Genres

— Libraries

— Magazines and E-zines

— Movies

— Music

— Myths and Folktales
— Native and Tribal
L— Online Writing
L Performing Arts
L— Photography

— Radio

— Rhetoric

— Publishers

— Regional

— Web Rings

— Weblogs

— Television

— Theatre

— Typography

— \ideo

L Visual Arts

— Writers Resources
— Museums

— News and Media
[ Organizations

— People

[ Pericds and Movements

— Personal Pages
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1. BAA FHElg A Y

DMOZ+ Arts, Business, Computers, Games, Health, Home, News, Recreation,
Reference, Regional, Science, Shopping, Society, Sports, Kids & Teens, DMOZ
around the World®] & 1670¢] 7elazg]®2 450 low, HA9 ZHEaid =
Uepdth Kids & Teens® 4% Z2%d wo] JejE war 7] wjol sk
E£71%7] Y8 Kids® YeEb ™, DMOZ around the Worlde 79 Worlde} 2-&
o AT = A7 ol Worlde AA o] shw, #h4lAL Jhelate] = A o) g}
[ 3-11=> DMOZe| &9 7HHle]lE A efs aiAL 7 e & ekt

[3£ 3-11 #AAF 7he o

No Category
1 Arts
2 Business
3 Computers
4 Games
o Health
6 Home
7 News
8 Recreation
9 Reference
10 Regional
11 Science
12 Shopping
13 Society
14 Sports
15 Kids
16 World
[ 3-1]9] #AF AR E 7EoR onAs HAES EFete SNS ALS
Aol FHAAE ER A
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[28] 3-5]9l A conv ==%* Convolution layerE uveRY
layerg WERATH mixed == A [17 3-4]9A] AW Inception-v3e] 7]&
TZE 7HAA Y FE2F AE 55 AFHEWU conv 2= B o] =

NE jpege FHIE AAA7]AL oA o] AV E dtr dA] AT]=
A 7F S ET. 1 o]F 5709 conv ==9F 3709 pool ==, 11709 mixed =
2 %3 &538H, softmax B2 o]E3dle] 16719 #AAL FEl e F =R
FEHAY input =E=2 o]Fsto] StgolA WAL e Tt v o

pool =X+ Pooling

Rl

]
Gl

=

>

B

s

T

A
E =AY cross_entropy === SAES 3l accuracy ol A =
dES ARt (19 3-6]2 [19 3-3] 2~E Y oW X2 8}

I
dolHZ o] gste] & =ioA 33 CNNe= o553 Aot

)%

2016-10-26 20:12:53.355588: Step 3930: Validation accuracy = 26.0%
2016-10-26 20:12:53.974656: Step 3940: Train accuracy = 40.0%
2016-18-26 20:12:53.974720: Step 3940: Cross entropy = 1.788689
2016-10-26 20:12:54.835492: Step 3940: Validation accuracy = 32.0%
2016-10-26 20:12:54.648391: Step 3950: Train accuracy = 42.0%
2016-16-26 20:;12:54,648457;: Step 3950: Cross entropy = 1.661950
2016-10-26 20:12:54.708017: Step 3950: Validation accuracy = 30.0%
2016-10-26 20:12:55.319804: Step 3960: Train accuracy = 43.0%
2016-10-26 20:12:55.319868: Step 3960: Cross entropy = 1.840439
2016-10-26 20:12:55.377700: Step 3960: Validation accuracy = 37.0%
2016-10-26 20:12:55.993815: Step 3970: Train accuracy = 40.0%
2016-18-26 20:12:55.993882: Step 3970: Cross entropy = 1.815057
2016-10-26 20:12:56.050870: Step 3970: Validation accuracy = 39.0%
2016-10-26 20:12:56.667216: Step 39808: Train accuracy = 49.0%
2016-10-26 20:12:56.667280: Step 3980: Cross entropy = 1.668399
2016-10-26 20:12:56.725288: Step 3980: Validation accuracy = 27.0%
2016-10-26 20:12:57,345691: Step 3990: Train accuracy = 40.0%
2016-10-26 20:12:57.345755: Step 3990: Cross entropy = 1.783113
2016-10-26 20:12:57.405997: Step 3990: Validation accuracy = 41.0%
2016-10-26 20:12:57.961544: Step 3999: Train accuracy = 42.0%
2016-10-26 20:12:57.961610: Step 3999: Cross entropy = 1.888347
2016-18-26 20:12:58.820140: Step 3999: Validation accuracy = 36.0%

[19 3-6] o]vx] BFE 9% CNN ZHo] a5 2

ojm| Al FFE 9% CNN EPS stgohes A Uebla vk 3 39997
Rals FEst o, AeEo] Aty FgEA v+ Validation
accuracy ¢t o550l dwntt A getA =+ YEtll = Train accuracy, 8t <ol

WA eE olm A o] EAEo] dwhy &4 YERUL= Cross entropy @l #tol 37

Collection @ chosun



el AFEALe] oW

nie
Ji
L)
rlr
P
ftlo
a1
4
32
v
%
/)
)
ko
e,
2
ox
e
2
ot
N
2

2 dgste] B FtH Y E VFor BAAE BFoed, JtH v 1014
o) ArRAFAE A a 2 20709 olwAE FREe] F 320070 onAE &

=
3%
Y

SR 0apRl Z-h-B-Pamgs-8-B-B2RR »
— —
Mo M REEE: v T Ty Uber | ARMUREEE: » T Ty (uh MMy AEEE . T T »
k : L _-: e
3
arts (score = 8.22347) soclety (score = ©,.23089) society (score = 9.230869)
shopping (score = 8,45941) computers (score = 8,37283) computers (score = 8.37283)
args {score = 8.16786) computers (score = @.19951) computers {score = 8.19951)
society (score = 8.25665) news (score = 8.32897) news (score = B.32897)
arts (score = @.44844) arts (score = 9.35489) arts (score = @.35489)
arts (score = 8.55349) mews {Score = @,24908) news [$core = @,24998)
arts {score = 8.70839) news {score = §,19294}) news [score = 8,.19294)
arts (score = 8.34348) home (score = 8.27683) home (score = 8.2T683)
science (Score = 6.2T8ET) society (score = 9,23541) society (score = 8.23541)
home (scoré = @.20632) news [score = B,14698) niws (score = B.14688)
games (score = 9,28088) computers (score = @,28198) computers (score = @.28198)
arts (score = 8,.31926) science (score = 8.23388) science (soore = @.23388)
arts (score = 8.34798) news (score = 8.27513) fociety (score = 8.33174)
recreation (score = @.44848) arts (score = §,36498) arts (score = 8,36488)
arts {(score = @8.31573) news (score = B.42449) news (score = 8.42449)
science (score = 8.46558) health (score = 8,28762) health (score = 8.28782)
recreation (score = @.33854) society (score = 9.23080) society (score = 0.23869)
sports (score = B,19841) news {score = 0,2513:9} news [(score = B,25188)
recreation (score = @.27098) arts {(score = 8.41648) arts (score = B.41648)
recreation (score = 8.23547) arts (score = 8.34B74) arts (score = @.34874)

ol

[19 3-7] 8t 2dS o]

bol w5 et oul4 Astel o
(229 371 Al Wel AT SNS ANZIA 7t 20749 olvAE 47t
o st mAg Eal BN AHINE R Avolw, A% gom EHH 7
Fa oAz} Arht fAEA EFE score
grom FAHC k. BRI A8 4@ oluAgM FsA LFHE oA

BHE 717 ARAZAE AL AL A

o
%)
o
o)
—
@
)
lo,
o
=
o
A\
o
ol
ol
£
N
N
o
Jo
S~
el
e
o

(“Collection @ chosun



o

CHEENAN A JHElaY £ 7

o

st F/ GAIE AXG
gt Bl AEZ =237 9A st dHolH R AHed AHae SNSOl mo] AE
grA o]\ A

1 o
lof
ofo
:(?L_',
>,
S~
>
ofo
L
olf
e
wn J
Z,
n
o,
-
ro,
[»
a,
&
)
A=)
g
o
L
N
il
)

Hr
X
>,
il
1o
=
ofo
o
i)
By
ol
ol
N
Ho
:‘.JL_',
2
>

2 HAES 1,00028Y FHg. o]~
v} 7]9ke] Facebook API Library$l FacebookdjZS ©]83ttl, Facebook4jZ ©] &3}
o AAZe W&y ojm Ayt ojye} I HE g AMEA AR T dHE

WEE FHT 5 AvH4ll AEA ANZE FHF F gD BRe] 99

PlanSponsor article on retirement income strategies. See the Stanford & SOA report Soclety
http://ow.ly/gHUK3B5J1CL http://ow.ly/nIp2365imAg Saclety

Kai Huang, the first person from China to be granted the S0A's General Insurance track FSA, shares his ¢
How to boost your communication skills in a very shert time? Join us in Hartford, Connecticut on Nov. 1:
session, as well as one on one coaching opportunities brought to you by Own The Reom ! Society

“Own The Room has helped countless speakers play at a higher level,” sald Sheryl Sandberg, €00 of Facebt
Register for this unlque opportunity! Soclety

Here's how to stop writing emails that bury what you're asking for under a bunch of inessential informal
Retirement shocks focus of Forbes article, references S0A retirement risk survey Tindings http://ow.ly/l
CBS Moneywatch on research from the S04 and the Stanford Center on Longevity on retirement income http:,
U.S. News & World Report article highlights new solutions developed by a young student. A 12 year old g
prescription drugs. Read about her insights in address this problem. http://ow.ly/RP20305bQjy Society
This week, the SO0A University Outreach team visited Texas A&M University and The University of Texas at
answered guestions from the future actuaries., Society

subscribe to our Facebook event updates and joln us for a university visit near you! Soclety

Walter Updegrave on getting the most out of retirement planning. Read about the Actuarles Langevity IlLi
http://ow.ly/7dzP3B59X05 www,longevityillustrator.org Society

According to Forbes , actuary is one of the most promising jobs for millennials. Society
Becker's Hospital Review article cavers risk adjustments in the ACA individual market. Actuary Rebecca (
http:/jow.ly/QwKT3855ehd http://ow.ly/xaq330855evn soclety

How do data science salaries compare? Find out on 50A President Craig Reynolds' SOA LinkedIn page http
How can you stand cut from other gualified candidates in today's entry level job market? Society
Check out the free recording of the recent 50A Candidate Connect webcast: How Do I Get a Job? Soclety
Congratulatlons to Kal Huang, the first person in Asla to obtain the FSA in General Insurance track! Rei
fields. Soclety

Actuary Steve Tutewohl on applying actuarial skills in health care predictive analytics http:/fow.ly/dv
http://ow.ly/CT443840kuH Society

The Inside Track The Power of Predictive Analytics Society

(17 3-8] 52 Ad +8 F AAAE AN G2E o

_25_

(“Collection @ chosun



olu| X & dhF3dk CNN EdS F5dd AAYH TensorFlows ©]&3fo] H2E
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A G2 dAEE BEseE @A ZE ojux] CNN 229 Convolution layerol A]
filterE Asl= A w23k Ao TS o] 9l FH2 Weksl, 1 o]
Fo] AL ojux CNN Ed3} FAstA Convolution layerg} Pooling layerZ
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33 % conv-maxpool :=EE o] %3t} conv-maxpool ==+ Convolution layer
9} Pooling layer7} Astd F+x2=2 o low, 77 3719 layer= A 5o At
dropout =E0M = ARFSE =357 £ AyE U7 98 AAE
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Fol Ao ANS AHEEA FES Bk BE Ao} e AHgEE A wn
Ao e AFAL AT U FL EHE EE2F £ QuE APoE AgdE

=]
H
=] = = o =
walo] 7] wjitof 3 =Y g s 2T
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AHgEA e AHel e Hes] s AR Adwew Ang vehdd. o
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- = [e) = =] =]
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Evaluation:

2016-10-31T12:16:52.620628: step 660, loss 2.42953, acc 0.278

Saved model checkpoint to /home/hong/git/cnn-text-classification-tf/runs/1477883271/checkpoints/model-660

2016-10-31T12:16:53.609488: step 661, loss 2.77837, acc 0.15

2016-10-31T12:16:54.394091: step 662, loss 2.91881, acc 0.05

2016-10-31T12:16:55.173485: step 663, loss 2.95005, acc 0.15

2016-10-31T12:16:55.949323: step 664, loss 2.49881, acc 0.2

2016-10-31T12:16:56.737964: step 665, loss 2.42411, acc 0.15

2016-10-31T12:16:57.512295: step 666, loss 2.25318, acc 0.3

2016-10-31T12:16:58.287738: step 667, loss 2.49773, acc 0.25

2016-10-31T12:16:59.067748: step 668, loss 2.54982, acc 0.3

2016-10-31T12:16:59.844896: step 669, loss 2.93253, acc 0.

2016-10-31T12:17:60.633005: step 670, loss 2.47822, acc 0.

2016-10-31T12:17:01.419638: step 671, loss 2.41283, acc 0.25

2016-10-31T12:17:02.196254: step 672, loss 2.54989, acc 0.2

2016-10-31T12:17:02.973565: step 673, loss 2.99131, acc 0.2

2016-10-31T12:17:03.759813: step 674, loss 2.71901, acc 0.1

2016-10-31T12:17:04,569156: step 675, loss 2.5877, acc 0.15
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@l 9] scores WEATH

28 -

I~ = o) - - = -
g $38tel % 3200 ¥4 BFAT F 5 step $E 28440W ok,
-0 -B- B e[ »Ea B -@ - U &5 R “SH-B-B- B aR
M MAREed: » | T Ty » PA_PHM“XI’“EJ v T To A M4 R v I Ty
"2 1 L wl i 4 :?.n I T Ll i Tk |- L 1 f 4

=

Fecreation,1 ,0.08769230769231 Recreation,1 ,B.00862068965517 Reference,1 ,0.80724637681159

Sports,1 ,0.00769230769231 ‘Arts,1 ,0.08862068965517 Home,1 ,0.B0724637681159

Regional,l ,0.00769230769231 ‘Home,1 ,0.00862068965517 Shopping, 2 ,0.0144827536232

Business,1 ,0.08769230769231 Shopping,2 ,0.8172413793183 Health,134 ,0.9710814492754

Science,2 ,0.08153846153846 Science,2 ,0.8172413793103 Total number of test examples: 138

Health, 124 ,0.953846153846 Kids, 4 ,0.0344827586207 Accuracy: 0.971814

Total number of test examples: 138 Health,185 ,0.985172413793

Accuracy: 0.953846 Total number of test examples: 116

Accuracy: ©.905172
|
(2% 3-11] ARAFA daEoA B 5 Al o
[ 3-1112 Al el ARAEA SNS AxSelA drEe 48 351
=] 2~ [e) =] =] =
S RS olgdte] BRI HYsE Ao oE wolEth RRE €9rEl W
PN

AR ZHEIALE] 9F RIS, scores EAbE G Est AHdE R g 9%
e HAE BAGAE F 130709 B 53 en, ¥FF A3 Healthw ¥
FH o] 124700] AL science® wHE o] 27] o]t ‘Jr‘ﬂ A EFE M=
Business, Regional, Sports, Recreation®. @ #F5 At HlE4 Ho| score @




3. BAAL FHE| LB & o] &3 HolEHo A F5

2 AoA s o oA FFT oln Ao "dAES #AAAL FHH AL E o] &5t
ARA A dolE o] A~E FEHITE HHAFAY] on A ep HAaE AL ]
o 7b dA% A gol vk g rA A} U]O]Eiﬂﬂo]ioﬂ BERAFTAE] 71221

& ®fd skl A s AL FHE el S ID ghow A ojstel AR A E A}

ANA F-ofetar olm x| &} ElAE ] score ghe AHHE 5117]3}% FH = A4

HAFALY] olm Ao} HAES FHE RnIAFOoEN A Am FF HS ZEXA

shotal =l golahA ul A s
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3F 3-2] BRAEA dlo]E o]~

Category Contents
Arts_2(0.1588, 0.6603) Arts_3(0.7192, 0.6121)
Arts Arts_4(0.1609, 0.8915) Arts_5(0.7069, 0.5983)
Arts_7(0.7509, 0.8752) Arts_9(0.6500, 0.9997)
Business_1(0.7566, 0.9583) Business_3(0.4195, 0.4579)
Business Business_4(0.4579, 0.8012) Business_5(0.2619, 0.7626)
Business_6(0.3360, 0.5913) Business_8(0.5959, 0.7167)
Business_9(0.2927, 0.7542) Business_10(0.1781, 0.7648)
Combuters Computers_1(0.3661, 0.4703)  Computers_3(0.0868, 0.2751)
D Computers_5(0.2946, 0.9085) Computers_8(0.1709, 0.8974)
Reference_1(0.3483, 0.8101)  Reference_2(0.6558, 0.8658)
Reference Reference_4(0.4513, 0.9548)  Reference_6(0.5252, 0.9184)
Reference_7(0.5481, 0.9561) Reference_9(0.0776, 0.6894)
Regional_2(0.6403, 0.9267) Regional_3(0.4495, 0.8502)
Regional Regional_5(0.6492, 0.8678) Regional_7(0.2687, 0.7292)
Regional_8(0.4385, 0.8901) Regional_10(0.3942, 0.6131)
Science_1(0.4776, 0.7738) Science_2(0.6420, 0.9811)
Science Science_3(0.6110, 0.7029) Science_4(0.4934, 0.7216)
Science_6(0.2383, 0.7633) Science_7(0.5806, 0.7374)
Science_8(0.6309, 0.8412) Science_9(0.6171, 0.7659)
Shopping_1(0.4248, 0.6183) Shopping_2(0.5891, 0.8248)
Shobnin Shopping_3(0.5879, 0.8054) Shopping_5(0.5017, 0.7194)
bping Shopping_6(0.4716, 0.9614)  Shopping_7(0.4709, 0.6298)
Shopping_8(0.6997, 0.5612)  Shopping_10(0.3640, 0.8326)
Societ Society_2(0.4427, 0.7823) Society_5(0.5872, 0.9982)
y Society_7(0.3186, 0.8665) Society_10(0.5136, 0.9586)
Sports Sports_1(0.6074, 0.7860) Sports_5(0.4108, 0.9494)
b Sports_8(0.4299, 0.7041) Sports_10(0.6362, 0.8741)
Kids_1(0.3816, 0.8066) Kids_2(0.3404, 0.7435)
Kids Kids_3(0.5665, 0.8703) Kids_4(0.4612, 0.7200)
Kids_6(0.5964, 0.9187) Kids_7(0.3965, 0.6741)
Kids_8(0.5180, 0.6500) Kids_9(0.5760, 0.6680)
World World_1(0.4366, 0.8695) World_5(0.3952, 0.9076)

World_6(0.3096, 0.9777)

World_10(0.8604, 0.9236)
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[3 3-2]= ARAFA dole Mol ~E YErATH #FHAHAAZE ArtsZ 75 o
Arts Zhearg]of] dl @ et A HA Ao A= Arts_nel IDE FoI3tH, ne A&
Ueldith ID9] AT otoll b= o] A9 score# I ElAE Q] scoredtS A
= BjAer Aolth. Arts ZHH| L] Arts 2 AREAFAS] ojm x| e} HAE
score %< 0.1588, 0.6603°] 22 Business 7}H]122] 2] Business 1 A H A& x2] o]n]
Ao} HAE 9] score #h 0.7566, 0.9583 ¢ AS & 4= vh. AHAFA ID ghol
178 A#tebA @ deu cA7E sxA oA i Hofls B &R A
AL BAAL FHEl L 7t dAEA] g Aol

ARE AR A BAAE ZEEIALE] 7|Rbe] R FHS Aestr] ) G EA A}
dlolEjHo] ~ & o] &gttt ALEA}e] SNS AAZlA oju| e} HAES F& 3

F @A FhE A e BRalal 2 BAAE Zte ARATAE FHd
Fo], olnA ek BrEe] score @S VIWOR MY fAR #BAANE 2 A
A FHH
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ID Category Score
User_1 Arts 0.3856, 0.9538
User_2 Business 0.4303, 0.9747
User_3 Computers 0.5597, 0.9462
User_4 Games 0.4321, 0.9548
User_5 Health 0.5564, 0.9600
User_6 Home 0.4843, 0.9000
User_7 News 0.6165, 0.6923
User_8 Recreation 0.5093, 0.9432
User_9 Reference 0.5362, 0.8621
User_10 Regional 0.5266, 0.9680
User_11 Science 0.5445, 0.9808
User_12 Shopping 0.5442, 0.9538
User_13 - -
User_14 Sports 0.4850, 0.9432
User_15 Kids 0.4729, 0.9701
User_136 - -
User_137 Reference 0.3774, 0.9800
User_138 Regional 0.3830, 0.9502
User_139 Science 0.2544, 0.9737
User_140 Shopping 0.5426, 0.9358
User_141 Society 0.5103, 0.9640
User_142 Sports 0.5098, 0.9640
User_143 Kids 0.4269, 0.9879
User_144 - -
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1447 o] A}g-Aboll ths] User_n F21o] IDE Ho3t9 oM, nol+= A9 #S
Fa AIEAE AESAT User_19] 4%l Category= Arts® 7% o]
2 ¢} ANAE Zho]| s]%3li= score #H-S 0.3856, 0.9538¢] B ¥ it} Category$t S
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2. AY AL % #=2d A

AgAsh A SR WS e AnATAs B2d FHa0] 98 A
S JuABA %} ANE ZHBh score #E x% yES 2= 4w How
Aolstn 2o Auaels e ARAFAL A Aole] A fF

A& ol&ste] SAHsH, v 2 A o®E YEd ¢ vH42].
Distance = 1| Y,(p'—¢ ) (2)

T A Pek Q7 A P=(prpepys o 0) Q=01 40,05, -, ¢,) 8 FE FE )
A Atele] AgE At & 5 9l

F2Edet Ay SHHS NA £A4 ghel odHAd A &4 kel wE )
A fFAEE 7 W AF AMSEE Yo s &£A ke e wE gk g
FEFEE TS 49T & gen, A FAHo] stesith

2 A FHH Y E 2t ARA TR} ALEA FoAME THE fARSE A
Abe] BAE 7MW B2 FHE TV H8 fAE A= SAHE s, (&
3-41¢} [F 3-51%= #AAF Fhelmel b Arts® 22 ARA TR} AF&AFe] o]m] A
o} Bl=EE HolFEr)

FUe B e aE] Ule) AEAFA} AMEAe fAIRE SAHE 7] A%
2 (2)E ol &3t ARAFAS} ARG Al fAME AE FA T A (%
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[3 3-4] ®AAF ZHE 2] 7F ArtsQl G B A& 2Fe} AR&2Ee] o] mA] o

Interest Category - Arts

Information

Provider 1D

Contents

Arts_2

User 1D

Contents

User_1

User_17

[% 3-5] BAAF AE 227k Arts?) AR ATAS} AR HAE o

Interest Category - Arts

1) What weight of
fondant did you use?

Information
) Contents User ID Contents
Provider 1D
Can you please do Wow even M etDaa'l
a Michael Jackson th n s l_oymg t-hls cake!
diller cake 11 million views alre
User_1 ady <3
Check out this wee
k's Harry Potter Cak "Learn to Fly” mix
e! ed media illustration.
Arts_2
@walkingdeadame #JosefKote #Directl
premier tonigght"” nsight #Fin_eArt #Priv
ate #Collection
User_17

Good morning Hap
py Wednesday to all

{ZICollection @ chosun
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[ 3-6] ARAlEAe} AFEAZE AY FAHE 54 HeolE

Category | Information Provider ID User 1D Distance Value
User_1 0.3709
User_17 0.4192
Arts_2 User 33 0.2933
User_1 04775
User_17 0.3665
Arts_3 User 33 0.5500
User_1 0.2332
User_17 0.3385
Arts_4 User 33 0.1220
Arts User 1 03737
User_17 0.3706
Arts_5 User 33 0.5484
User_1 0.4801
User_17 0.2535
Arts_7 User 33 0.4801
User_1 0.2683
User_17 0.1781
Arts_9 User 33 0.3808
User_96 0.1231
User_112 0.3124
World_5 ~ _
User_96 0.2012
User_112 0.4045
World World_6 = -
User_96 0.2040
User_112 0.1539
World_10 - _

Collection @ chosun
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[ 3-4]= 2] (2)F ol&3ste] BRA A dHolE o]~ e FrAF e o]
Alof A ES] B4 gt AREAY] A #hs AAREE A ghelth. Arts 7hH aLg
of EAsts AR AFTAE Arts_1H-F Arts_777}xl 6ol Arts ZhElarg]o] =7
3l AF&AE= User_l, User_17, User 3302 & 37)o|th. RE ABATA} =
AREAL Aol o] FAME A E FA S 7HE Tk AR A3 =EE e AT

T2 FHES st Arts 4 FHAFAS} User_l, User 33 AF8-AE 229 FH
dq = 4 Ao Arts 9 AEAFTA} User 17 A4EAE 22 =3 & 4 ok
[19 3-12]& A FAEE SAHete ZE2Y FHo] 7t A& =43 8 A
=3
1 @
| User 33(0.2745, 09358 User_1(0.3855, 0.9538) Arts_9(0.65, 0.9997)
0.9 0.2332
® User 17(0.4991, 0.9052) ®
Arts_4(0.1609, 0.8915) Arts 7(0.7509, 0.8752)
08
0.7
@ r Arts_3(0.7192, 0.6121)
Arts_2(0.1588, 0.6603)
v 06 @
=]
o Arts_5(0.7069, 0.5983)
%
& 05
04
03
02 @ Information Provider @ User
01
01 02 03 04 05 06 07 08 09

Image Score

(29 3-12] ARAFAe} ALEAF ALolo] Al FAE =4 A

AR BAAE BRG] BANE T BRY FHo| AR ge
AL E ALgARe Aol ARAQ BAAL BE S ATk webd 2o
NAE A Atolel Al FAste] A FAE ARE A ARATAES
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Al 5
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: Aol A delE Sgat wAA AHnY BRE 8 s
A3 843 g5 EFE fs TR S dold Al Y doly Alel s
A g,
ok B =FolA Aokt #IAAL FHH Y E 7[HEo R oju| x| et BIAEE
AFEEte] e CNNe 2 B LS E/ste WHol drty g941% A3}
7] 98 1E AR Wt v R 4ES Bk GAES o[ ¥ e WE
TE o83 459 LDAE o] &3 A& Hluson, d2EQ ojnx & 37
AEBAT BAEE NESE o §an BAANE NFoR HYHA e NN
o) Batel ov AT RHEH MWL 1w HTHI10]
2 ATl A AbEg A v 2o
[ 4-1] A3 $HA
Division Contents
CPU Intel(R) Core(TM) i7-4712MQ CPU @ 2.30GHZ
W GPU NVDIA GeForce 840M
RAM 3GB
HDD 200GB
0S Windos7, Ubuntul6.04 LTS
W | Program Java, Python

%l

A. Holg

I Ho A= 2 AFo A AFEE SNS AAZF9 oluA| 9 Blr~ES FH5E W
el sl 7]1& g

oln| x| = A AetaH A FRE Y S Instagram Developerol] A Al &3t API
5 AR el B2 Al Aol EAEY] wiEe] A2 FFEZ= <

Fatkun Batch Download Image

i
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&223l7] 93 BAES WAAN BEZ 9d ARATASt AF&Ae]l o]n X s}
8 AE = Javaﬂ‘?l-‘ﬂ Facebook API¢! Facebook4jE ©o]-&3lo] <=3 3} cH41].

M 3H o2 = JAVA JDK 1.8 H{d& AF83F%1 a1, Apache Maven 3.3.1 H#
7} Eclipse neons A& 3T},

[ 4-2] HAolnfol HrEg} ofnx] 427

Reading reading = new Reading().limit(25);
ResponseList<Post> feeds = facebook.getFeed(userld, reading);

for (int i = 0; i < feeds.size(); i++) {
if (feeds.size() < 25) break;
Post post = feeds.get(i);
mnt num =1 + 1;
String message = post.getMessage();
URL picture = post.getPicture();
if (message !'= null) {
if (message.contains("\n”)) {
String[] m = message.split("\n");
for (int j = 0; j < m.ength; j++) {
System.out.println(i + 1 + "=:" + m[j] + "\t" + tag);
}
} else {
System.out.println( + 1 + "

"

+ message + "\t + tag);
}
}
if (picture !'= null) {
System.out.println(num + + picture);
URL url = new URL(picture.toString());
Bufferedlmage img = ImagelO.read(url);
File file = new File(path + tag + "_" + num + ".jpeg”);
ImagelO.write(img, "jpeg”, file);

Meelt

B. HlE Al

w Aol 2 Aol =T doly Aol wistel dwdin dHeoly A2
Al AREEE WRtell AREE Hloly Al 7] el AMEE dHolH Alew A

Felae Jlwe] BAAE BRA A G5 dolE Ao olmMAE ddxEa
A~
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o} Abgabel BAAE BRe7] @ A9 dolE Ay sEd] At PHow
BYAE BRAI] AT 29 doly Ae dolxRdn FHgon, [E 43S

B ool AREE dA) vlolE A vpeic

[3£ 4-3] AA] dlelg Al

Text Text
Division SNS Image
(Sentence) (Word)
Instagram 16,000 - -
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(32 4-4] ARAEA AAAL 7helae] 257 4

Category Precision(%) Category Precision(%)
Arts 90% Business 90%
Computers 60% Games 90%
Health 90% Home 90%
News 100% Recreation 70%
Reference 80% Regional 710%
Science 60% Shopping 100%%
Society 70% Sports 60%
Kids 90% World 70%
Total Precision(%) 80%

[ 4-5] A8 BAAL AHelae] BF A%

Category Precision(%6) Category Precision(%6)
Arts 89% Business 89%
Computers 67% Games 899%
Health 8% Home 100%
News 100% Recreation 67%
Reference 89% Regional 67%
Science 56% Shopping 100%%
Society 67% Sports 56%
Kids 100% World 67%
Total Precision(%) 79.86%
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