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Recently, deep learning has been rapidly spreading as an innovative machine learning technique
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in various domains. This study explored the research trends of deep learning via modified ego centered
topic citation analysis. To do that, a few seed documents were selected from among the retrieved documents
with the keyword ‘deep learning from Web of Science, and the related documents were obtained through
citation relations. Those papers citing seed documents were set as ego documents reflecting current
research in the field of deep learning. Preliminary studies cited frequently in the ego documents were
set as the citation identity documents that represents the specific themes in the field of deep learning.
For ego documents which are the result of current research activities, some quantitative analysis methods
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ox o
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including co-authorship network analysis were performed to identify major countries and research
institutes. For the citation identity documents, co-citation analysis was conducted, and key literatures
and key research themes were identified by investigating the citation image keywords, which are major
keywords those citing the citation identity document clusters. Finally, we proposed and measured the
e g8,

citation growth index which reflects the growth trend of the citation influence on a specific topic, and
AoFEA FANEEN, FA WENZL A

showed the changes in the leading research themes in the field of deep learning.

7195 99d, 71AIEE, A+ .
715, g AgAF
deep learning, machine learning, research trends analysis, ego centered topic citation analysis,
coauthorship networks, co-citation analysis, citation image keywords, citation growth index
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Learning by teaching: A new agent paradigm for educational software

X xt: Biswas, G (Biswas, G). Leelawong, K (Leelawong, K); Schwartz, D (Schwartz, D); Viye, N (Vye, N)

& XX} Teachable Agents Grp Vanderbilt

APPLIED ARTIFICIAL INTELLIGENCE
H: 19 =: 34 HO|X|: 363-392
DOI: 10.1080/08839510590910200
ETHE: MAR 2005
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This paper discusses Betty's Brain, a teachable agent in the domain of river ecosystems that combines leaming by teaching with self-
regulation mentoring to promote deep léaming and understanding. Two studies demonstrate the effectiveness of this system. The first study

focused on components that define student-teacher interactions in the leaming by teaching task. The second study examined the value of

adding meta-cognitive strategies that govemned Betty's behavior and self-regulation hints provided by a mentor agent. The study compared

three versions: a system where the student was tutored by a pedagogical agent, a leaming by teaching system, where students taught a
baseline version of Betty, and received tutoring help from the mentor, and a leaming by teaching system, where Betty was enhanced to include
self-regulation strategies, and the mentor provided help on domain material on how to become better leamers and better teachers. Results

indic ate that the addition of the self-regulated Betty and the self-requlation mentor better prepared students to learn new concepts later, even

when they no longer had access to the SRL environment.
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a1 3 Hochreiter (1997) NC Long Short-Term Memory
Graves(2013) ICAS Speech recognition with deep recurrent neural networks
Hinton(2006) NC A Fast Learning Algorithm for Deep Belief Nets
Hinton(2006) SCIENCE Reducing the Dimensionality of Data with Neural Networks
1 C2 28 | Hinton(2002) NC Training Products of Experts by Minimizing Contrastive Divergence
Vincent (2008) P2ICML Extracting and composing robust features with denoising autoencoders
Bengio(2009) FaTiML Learning Deep Architectures for Al
s 8 Tibshirani(1996) JRSSBM Regression shrinkage and selection via the lasso: a retrospective
Tenenbaum(2000) SCIENCE | A Global Geometric Framework for Nonlinear Dimensionality Reduction
9 g Breiman(1984) CR Classification and Regression Trees
Breiman(2001) ML Random Forests
5 Huang(2012) ITSMCB Extreme Learning Machine for Regression and Multiclass Classification
Cl5 10 | Cybenko(1989) MoC Approximation by superpositions of a sigmoidal function
Cortes(1995) ML Support-Vector Networks
A Rosenblatt(1958) PR glhghselr)izﬁroni A probabilistic model for information storage and organization
C3 15 | Mnih(2015) NATURE Human-level control through deep reinforcement learning
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C7 11 Alipanahi(2015) NB E;ﬂcnt;ng the sequence specificities of DNA- and RNA-binding proteins by deep
Zhou(2015) NM Predicting effects of noncoding variants with deep learning - based sequence model
4 3 Felzenszwalb(2004) 1JCV Efficient Graph-Based Image Segmentation
5 Achanta(2012) ITPA SLIC Superpixels Compared to State-of-the-Art Superpixel Methods
o 8 Chen(2014) 1J Deep Learning-Based Classification of Hyperspectral Data
Chen(2015) 1J Spectral - Spatial Classification of Hyperspectral Data Based on Deep Belief Network
Krizhevsky(2012) ANIP ImageNet Classification with Deep Convolutional Neural Networks
6 16 Srivastava(2014) JMLR Dropout: a simple way to prevent neural networks from overfitting
Lecun(1998) PI Gradient-based learning applied to document recognition
4 LeCun(2015) NATURE Deep learning
Timofte(2013) IICCV Anchored Neighborhood Regression for Fast Example-Based Super-Resolution
Cl10 12 | Dong(2016) ITPA Image Super-Resolution Using Deep Convolutional Networks
Yang(2010) ITIP Image Super-Resolution Via Sparse Representation
B Wang(2010) PCI Locality-constrained Linear Coding for image classification
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ClZ | 20 |Dalal(2005) PCI Histograms of oriented gradients for human detection
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6 Laptev(2005) LJCV On Space-Time Interest Points
Wang(2013) IICCV Action Recognition with Improved Trajectories
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Ji(2013) ITPA 3D Convolutional Neural Networks for Human Action Recognition
ol g Cheriyadat(2014) ITGR Unsupervised Feature Learning for Aerial Scene Classification
Yang(2010) P1SI Bag-of-visual-words and spatial extensions for land-use classification




22 BEAB|A] A34A A4z 2017

(autoencoder) 5= 53l &7 As %
S HAE =
2= Ut &
SHEE A AEEES

S st
AAo Az, 7 C79] nle|exm g S}
o] Sd 8 Fole ¥FETh 3 C39
+ AlphaGoE 7I'&st Google DeepMind B9l
S AslelES oE =l XgET: Ui
Al &gk 87 AR oA 7P 7kl
AT AL C201H Felg =Fo] E#H It
olF A HAFAARA Az FAdol 7t
e A 9 AT E AR e E
E£E g9 G. Hinton 247} 200613 23t
5

rot
4
&)
lo
rir

-+ “Reducing the dimensionality
of data with neural networks”(ZHolA+=
"Hinton(2006) Science’) @} “A fast learning
algorithm for deep belief nets” (L™=
‘Hinton(2006) NC) 24 &5 2149 g5
Aes IN7IE 78 A0l HeE e
2 o2y AT 71ASKE 7HeEA Helde
WA 710 Agtoks St AT 99l

ko,

fo
o
i_lll

%
M
l.t (
off
>
rg
g
J_l
111
T

O
o,
>E

[¢) o
Z At ek A B°ﬂ —ﬁ.\—“-ﬂ S
T2 A A AL Hokl 4 2
TG EFS NA 2l AEE £ E]
23, $Ad3417 S (convolutional neural
network) ©Jv} EFoR(Dropout) # 72°]
< g8 EHY e 7IHE e wdlo] X
gtelo] tk 2y Boll &3 770 A73 39
A e AFFES ololFe T 9 sl
A Coolm A FAARI At 7FAAd o
M e AL AT IFNEES o]&alA

I 7 A5 grls ol53 “ImageNet
classification with deep convolutional neural
networks” (ZZHIAE Krizhevsky2014 ANIP')
O ZM o] = 9A] Hinton WHo] L3I
o}, &3 Cooll= Heldel Aok (overfitting)
AE FEskEH A 719 EEoke 71
S Alokst “Dropout: A simple way to prevent
neural networks from overfitting” ( 2l A
+ ‘Srivastava(2014) JMLR') &= 25H o]
oAl Hinton xRS dAtolnt o)A d EE
E 8t G. Hinton w2 d7&o] 9y
Y AollA FE Faske & FAA
ds T IS o= %Eﬂoﬁ 949 dTE
g5t l UrE}”E‘r

ﬁﬂ*é & ?ELOﬂ

RLINS = |
7 ﬂ@% EF-— Google DeepMind €¢]
ilver (2016) NATURE) o]

Ir
S o
S =
B o ©
o M
83
"UPI
u>£
O
s
M“
Er
H
NLI
XN
o

1d
i H—M aaw day a7 #74
i oMi Al



Aok 34 FA ASEAS FE WY ATEF B 2
QA st Role, el 23914 27} P Qg AN BT 72U F
g2 Q1 om|A] 719 E A1 Wyl whet AE skl (I 9ol AAsaitt (1™
M zh AR 2R 8] KL-teolwd 9= 19170 w3 o] FAINE FH2vIe vE
2 g9l 590 olfel ANES 21 AP A8 97 42 150 B FLee TAT
7I9EE AAste] (& 8)ol AT Aoty 4 AT FAE 2 YR =F
(2 8) =& AE 2E J[/=
el A e B
e A A8 714s = B2 ARY 98 792
RECURRENT NEURAL NETWORKS IMAGE SEGMENTATION
NEURAL-NETWORKS SEGMENTATION
Cl | TIME C4 |FEATURES
SPEECH RECOGNITION SEMANTIC SEGMENTATION
SHORT-TERM-MEMORY TEXTURE

C2

NEURAL-NETWORKS

DEEP BELIEF NETWORKS
RESTRICTED BOLTZMANN MACHINE
DEEP NEURAL NETWORKS
ALGORITHM

Cl1

FEATURE EXTRACTION
HYPERSPECTRAL IMAGES
SPECTRAL-SPATIAL CLASSIFICATION
HYPERSPECTRAL IMAGE CLASSIFICATION
DEEP LEARNING

C8

NONLINEAR DIMENSIONALITY REDUCTION
DIMENSIONALITY REDUCTION
FRAMEWORK

NONNEGATIVE MATRIX FACTORIZATION

C6

CONVOLUTIONAL NEURAL NETWORKS
DEEP LEARNING

NEURAL-NETWORKS

MACHINE LEARNING

DISCRIMINANT-ANALYSIS 4 SEGMENTATION
MACHINE LEARNING SUPER-RESOLUTION
OPTIMIZATION INTERPOLATION

C9 | SUPPORT VECTOR MACHINES C10 | SPARSE REPRESENTATION
RANDOM FORESTS RECONSTRUCTION

5 PARAMETER OPTIMIZATION QUALITY ASSESSMENT

EXTREME LEARNING MACHINE FEATURES
APPROXIMATION SCALE

C15 | FEEDFORWARD NETWORKS C12 | IMAGE CLASSIFICATION
NEURAL-NETWORKS CLASSIFICATION

REGRESSION

OBJECT DETECTION

C3

NEURAL-NETWORKS
TIMING-DEPENDENT PLASTICITY
SYSTEM

REINFORCEMENT LEARNING
ARTIFICIAL NEURAL NETWORKS

Cl13

ACTION RECOGNITION
TRAJECTORIES

VIDEO

FACE RECOGNITION
MOTION

C5

INFERIOR TEMPORAL CORTEX
RECEPTIVE-FIELDS

OBJECT RECOGNITION
HIERARCHICAL-MODELS
VISUAL-CORTEX

Cl4

SCENE CLASSIFICATION
UNSUPERVISED FEATURE LEARNING
SCALE

REMOTE-SENSING IMAGES
FEATURES

C7

MACHINE LEARNING
GENE-EXPRESSION
PREDICTION
SEQUENCE
PROTEINS




BE AT A A34E A4z 2017

3 28 71 EE Farstel A4kl (1Y g FAEE P A
PelME a3F C28 TH2E flo 225 < e 71l ofel A7
o 8749 aREe] g Aol S, &7 3l e £ 5 5
A Coe TH2E ofgfjer 950w Ay o Al 950l X8
1= 7708 225 E0l g Bell £3th & AP Ast A 22
T iR T4 2259 C29F Coo] 11 F L TF AH ol 92
o] Tl SR, F e 918 BAA &
KR

Machine) # $g<5217d " Convolutional Neural AP 7 20074225 H
Networks) B Efobxe] 27t 3o e A& HAY wdEC] o=

Aol FrZt o] IHelME gR1e 4 3 LIRS TAEESIT o] F
o] C225H 9o eE&or i gt o] FAE Ashe dd &
FAd &3 FAES Helde P/ AT o] =25 F2 FA Y7

= 733k shgolv AJEH R 3-8 FY, A stk (I" 1002 7+
doixE] 99, T8 P9 v/ A o) Z0E Q1§ BAY =] WY
&1 B 71AIERE 71 IR Ho] Atk C6L TAEETE drpt AESHAE
ZHE olge} 9% o7 3E tl Bol & Aol

Y

of

B

A
T
gy
i)

S

=

N

2

{0

%)
12
ol
=
by

rg
Tt
2

At
o2l

o2

ol
o 4

fjnt ot
FH



Ao} %
1940 1950 1960 1970
" €L
1< 2
Lcs
) [ C9
A< 5 15
[
2—< C5
\ ‘,c7
(5 J Ca
3 lc11
| 4 S C6
B< 4‘1c1o
J”CIZ
6= C13
lc1a °
1940 1950 1960 1970
o|2E|
ST

(1" 100X A73mre] 2 A7t 7P
2ol xgE #H2 C30]th of7]ell= 1943
of 13217378 Artificial Neural Networks) ©]
g ES Ao A9kt “A logical calculus
of the ideas immanent in nervous activity”
(2" 7>4A= ‘McCulloch(1943) BMB') <+
1958 el MEEF7E 7Hs e HAEES As
Aorste] 7hEs W& “The perceptron: A
probabilistic model for information storage
and organization in the brain” ({19 7)ol A
+ 'ROSENBLATT(1958) PR’) o] Z3=]
Ak 27] AlZPA7A Rl gk A2 7 e}
of G gt AFAEAY AFE 7HA
St D. H. Hubel T. N. Wiesel®] 152
195913 2] “Receptive fields of single neurones
in the cat’s striate cortex” ({18 7)olx+
'HUBEL(1959) JP') & W53t 1962, 1968
o] =ro] B 5 Choll Z3HEo] et o]
E A" Q1el] HEE AJFAoR Hgt
Neocognitron 2733|127 B3-S 19801341 #|kek
Osaka &} Fukushima BAPE2] “Neocognitron:

o>
N

o o
1980 1990 2000 2010

1980 1990 2000 2010
° ° o

A self-organizing neural network model for a
mechanism of pattern recognition unaffected by
shift in position” ((ZI® 7)ellX= FUKUSHIMA
(1980) BC)= w3 Chell Egr=of itk
(¥ 100 B9 201082 AF3ted 2006
AHE 2014 Abele] o] A3l Hed o
TR O RNE 7P Bol J1EH Y S A

ut 99 $AAE EAIINE 27
C6% 7 FAe AT o] 2ol Held
249e W) AR A7) AFE U3

2 Gggo] Al 3 Wl Bl
ol 201550l WEH =

HolH 8% R T8

x o
w
N 2

B

X

Wy

)

=5

e

ri

p

N,

lo

Q Moo e

—~ o r

_TO{L N

— - —Y‘—f

o S

o 2 @ A K
4 =

oo

N

Br I ofp

2,
o
o
1%
o
o
Q
92

oft
o
f

2

2,
o
[l
Y

(o3
o

of¥
—_
©
O
(o]
rV‘
=2
rlu
o
i

A& AFSt “Gradient -
based learning applied to document recognition”™
(1" el Lecun(1998) PI')oltt o] =
2 3453] 1&-E]0A] 2005 o] <1 A



26 AEAYEIA A344A A4z 2017

R FANN 71 ol A8

)

ok A4

£ ol&stod (& 9t 2ol EAEIITh

1l AA
o2 gyy 7lso] B4H0E gy Q1A 200095-E 201610 Afole] F ALRNIEE
HES 2]7191 2006 ©]F 201337 E 73 VRSO 81 QL ARAFE RSO
C20A 7t A7F Frdke AIZINAL | st 7+ 23S (O™ 1) 2ol AP 7
o] Ao 7 gakd 2014 REHE 3 2HOT QEZ JATFE T 2HY =
C69 A7} Fesh= AVIYS & 4 itk ol o] Wol AU EFHYSS grlsta, AE2Fo=
£ doly £ AFHoEREH 1d Axvk X &0l JA TGS A ET T dRE =7
7HE #2291 2016192 ©A 7 HojA] ssl| o] 2 QLH S-S ougit) QIEEHE
= Ol2ATE 20151 95F 218 o] FEEA o] 71 we AL 4 C2(AHF A7 A<k
] Al 7] C30] o]F AVNE Fd FH BZ2uk mAl) o)Ak 20004 ~20161d ¢18 A%
2l F4Eh 73 C39lE Google DeepMind A= 055824 F7HE AL dhoH H2 7
go] 7slsky # A9t AlphaGo 9A4% 7+l 20109 ~20163 18 A= 0.26591
Z3Eo] ok E3sit) ol 9] FHS o) AloF &
T A8 FHE 9 A A 9 =k HalS HEe T/ ASAAY A9
A Q18 HAA w3 EvhdEd d8NE AL AA7F FFAL Aes HAFT) o
o] A FME 27golA gt Q18 A o G| YFAALT Bk 5 G A
(9 28 A% =29 STATY CIZ2HIE FA|
4 At U8 A gue | A8 AdAS
= ’ ’ ’ . 5 ] =
gz | .- QERRHES qo~ q5~ 1’0~ 00~ | 05~ | 10~ A A
vz (%) | 16 | 16 | 16 | 16 | ‘16 | '16
Cl| 1997 | 80 |27.7| 156 | 136 | 113 | 0633|0562 | 0305 | &3ta 7w 224914
1 | C2 | 2006 | 879|279 308729681407 |0558 | 0.382 | 0.265 | A% AAT: Aok Bxok nja
C8 | 2000 | 8 [293| 212 | 69 | 0 |0201]0194 0000 |2 ZA
. C9 | 2012 | 141|284 | 370 | 263 | 141 |0442| 0412|0333 | &3} 2495 71AE(SVM 5)
A CI5| 1995 | 99 [315] 120 | 120 | 54 |0544 | 0336 | 0333 | =3t 7ASE: 2A}
C3 | 2015 | 316|424 | 512 | 467 | 410 |0.813|0.816|0.808 | Eto|™ 9= 7}aA, 743l 85
ﬁ‘:r A A 7_1'-711 =4 15/1\_]76153
2 lcs | 1980 | 71 [138] 251 | 251 | 229 | 0758 | 0649 | 0438 | o o1, A7 T e
B4 914
C7 | 2015 | 126|366 | 344 | 324 | 324 |0.787 | 0.749 | 0.540 | wlo] Q.01 Em e~ 28
; C4 | 2013 | 176 | 476 | 370 | 293 | 203 | 0.677 | 0.741 | 0524 | 94 &3
CI1| 2014 | 91 |365| 249 | 228 | 202 | 0.730 | 0.671 | 0470 | Z5-Z3A
. C6 | 2015 | 780 | 353 | 1.863 | 1,863 | 1,863 |0.863| 0.801 | 0.635 | 3w AAW: TEol
B CI0| 2009 | 129 | 232 | 480 | 430 | 257 | 0.621| 05110372 | 2= B9
Cl2| 2014 | 163|179 860 | 611 | 336 | 0484 | 0421 | 0.356 | 94 B&
6 |C13| 2013 | 173 | 27.2| 585 | 559 | 455 | 0.708 | 0.607 | 0.434 | &=+ <14l: A= <14l
Cl4 |2010/2015| 23 | 136| 148 | 128 | 108 | 0.650 | 0.597 | 0.401 | A= BF




Aol FA FA ALEAS T8 Py AFEG BAY 27
1
0.9
3 .C6
& 0.8 (:5' P ]
K
gg 0.7 c1a M1 s @ci3
W 06 ®a ®c1wo
2_|J ®cCis [ Xw]
okl 0.5 ®c12
Hi ® o
wl_ 0.4
=)
T 0.3
g
N 02 [ Y&
0.1
0
64 256 1024 4096
2000'd 0| F =R2| & QBUIE (21 4E)
gl 1) AZEY 20004 o|F &£ =320| H{d e 2EseE
£H I%El ol2HIEel ol MAX|F Hl
2] HololA N E F857 e gy 7] =RE0] F2 ALHY IS 9ujsit) 4
Ho| Igte 7 Co 2000 o]F =Fo] & = Heid A oA 7P HSE =20] g
o1 8-HI =7} 2Tl°l o1& ARG 1924 7} A A8H = FA= AlphaGo=Z <13l
A FEsH S gd9os ERldEth +4 FEA FELA = s gy 5Yo &
C62] o1& HZW = 2000 ©]%- 0,363, 200513 olH ),
°]% 0.801, 20101 ©]F 06362 HILOZ 5
= 234 Gopx|7] AT o3 F AR
=2 FA ot 5. A4 2
FH A& AT 7MY =22 FAle
AlphaGo 9T-& |53 738} 8y FA|71 & B ATE gy Hoko] A F3ES 1A
skl 4 C30]t}h 2000 ©]% 0.813, 2005 Ao wlotsly] lalA 12} HAs =72
01‘3 0.816, 2010\ ©]% 0808% 717+& HLo e A £3 1548 Aot Ao AR
Fatle A A7 s 2 7Y 2 Ao Ags ogs gy d3 A7Ed
OPﬂl 0.3E A& FAIBIL ek 18 A 20077 Ao} FFFo R Y A7
7108 oPdelgls A o] el 43 2010 O ZHE ogH A 1914 o8 AAA E
W o] Fo] =i FollA FHE 1/5 oWl AI719] do g MAsiy 747 EA59h



28 BEAB|A] A34d A43 2017

A9 ATEAL Geld 710 A B o)
Aol Agats =RERA oo td 24 23

3

¢
o

dﬂ ATFE A8 Hey d3
AT ‘d Z ok 059%7} 2015 ool W
2 gyd #9E dt FE =55

)

FJ

24, geld @3 AFRal i S0
Vg B3 vFs o] 1 HE ollek

AR, F7KE Alole] BA VEAZNNE
Hlsto] g 449 48S AL AR
FHe BE BT 5 2 A Do) WS 2
AZ SR AU F71 ks 2o
Qo) BQelz M7 Zaick

Ui, A7 50 FA UES A=
F334890] 7H FHH YA A3
Ao F2 3 ) /BE7lele] TEAT
% sw sAglck 2319 el B
Hrh ol Bl s WES A7kEE
g qu 16 90 deketh $3e 4R
B8 $F-2 A7 ol FolAL gl vkl

—s—m ur 7199 Hehd BE 25T

N
l:M

fo 2
N;

OiN

2 o A 7O
24 Yo BAN T HEiorE By
£ A 9ol A Ash 449l AEA
Q) Ag el PP B BF, B 5
o i A2l geigel TAskT A v

ey g X}?iOJ_O%iM 3, 183 el

% /1S o
= qeon 2yslel st A 4
o] =

& A4 =2 5 7P A A A
5}5t<5-S THE Google DeepMind © €]

AR, G Aol #F iy B= Hed

o7 P o Aol AT de &8
HI e AT EeIY EFok 71l
I3 AR Cos THOE J Al A3}
FARQ 2T B, 2F G T4 <
2] 5ol EFtE]o] ek oy Bell &9 <&
BAAN = F 7P A AFE 2EAE
I BHe HE =Folth

A, 8 A A AF] C2 &%+
d J8]3 i Bl A aF] Ceoll &
g3 T EEE 8] G. Hinton W& 0]
WS o] v &oto], o]5o] dHd o
T5 A=sigtEol FelshAl ekt

THA, Q18 AI71E A s A3 A4
o= gey 7|&e] BAXHORE gEo] Q1A
HE2- A17]191 2006 ©]%- 2013 A7HA] = A oFE
Z0AlS HIES ASAEY A ATE0]
E3HE AT C27F FEs oY FE <l
§o] FEoIUTE Al Hedo] #AZOE 2
Ab=]7] AR 2012 o) % WhatE 9P A1
W3t Egokso]l Xk Ady C69 AUt
T2 Q1&H 2o Yepgtt ¢k AlphaGot
##H % Google DeepMind¥® 2] 743lshs &
A7} 201593 20161300 W H o5 20174



FWA gl FA3 ARSI Qo FFE BAY B4 FA Bedel 2 /ol v
Yeid Aol 9y FAZ AYHS 0w 7] F seEglon 241 /el Asege)
Bt A3 84 ARATAA shekd S ek A

A7) Y gD YEANE Heldel SO B ATeIM Aok F4 FA Q8
72 UTIFHOR WS, GAFNAY, S Ase] 50 A% BUORNE A% B
FBNGY, AfREAN, AFARANGT, A WAH IS Fo A AFED IF
AZQUEAZRSNE) S AN Ak 3 A% FAY BAPTS Pkl #Yahe
S B AT B4 AR 22 02 ol 9 o) e BhaA 84
(BZNAT, AFRERTA, AFNHAZD),  H2 G FA o 2ol EAgdo] 3
COFHFAAD), CLEINAW), C3(A8 =9t

AEn] (1993). AAEANE F413} QLg TR Aglo] B oI5 A7) 19 AR Fob

A3, S84, olAlg, EY (2013). AR Slolel BAG) Tha oka B4 AE BHSIeIA, 20(1),
79-111. https://doi.org/10.15718/discog.2013.20.1.79

g2 (2014). Wikipedia. Retreived from https://ko.wikipedia.org/wiki/ 9.2
a9 (2015). Afob TA VIESA FAF 54 A& MEHIE &8t BRI 7|9t A153

Aol et A JHEAS]R), 32(1), 153-169.
http://doi.org/10.3743/KOSIM.2015.32.1.153

oA (2006). AlFAAA VIEA w4 913 T4 Hol Aeh A ST @ P B3R, 40(3),
191-214. http://doi.org/10.4275/KSLIS.2006.40.3.191

oAl (2007). =i B et A A A FEASI| A, 24(3), 363-383.
http://doi.org/10.3743/KOSIM.2007.24.3.363

OlZE (2012). FAer] AT ol gk zpot T4 FA| 18 A FEAIIIA], 29(4), 295-312.
http://doi.org/10.3743/KOSIM.2012.29.4.295

oz (2013). tnet2t WNET®] 7tz VIEAA T4 Al vl A R sk3]A], 30(4), 241-264.
http://doi.org/10.3743/KOSIM.2013.30.4.241

1) https://ko.wikipedia.org/wiki/®_# 4



30 BEAIA A34A A4z 2017

oAl (2014). TFAT VEHD 45 g T4 Aol tigh vl 9+ FRA8)A], 31(3),
153-179. http://doi.org/10.3743/KOSIM.2014.31.3.153

olA (2015). 7k WIERAE St dutshd 954 A FEARES|A, 32(2), 7-23.
http://doi.org/10.3743/KOSIM.2015.32.2.007

ol A (2016). =] At ¥ AT Tl e AFH RS 24, P H AR, 33(3
103-124. http://doi.org/10.3743/KOSIM.2016.33.3.103

oA, A, Al A, §49, o198 (2011). AFAAE 7S E83F LED A A9
o] At FIF A, HEAT AT, 42(3), 1-26.
http://doi.org/10.1633/JIM.2011.42.3.001

VA, FEL, AEA (2000). H2EROldE o8 AFT Hobe] AF T2 B4 A7|stn
gk =77, 39, 1-21.

&) (2013). Aot F4l FAl 1G4l gt SAA T FA| Lok A AT Be A5 #1203

=g B ots] skathe] =74, 37-41

Braam, R. R, Moed, H. F.,, & van Raan, A. F. J. (1991). Mapping of science by combined
co-citation and word analysis. I. Structural aspects. Journal of the American Society for
Information Science, 42(4), 233-251.
http://doi.org/10.1002/(SICI)1097-4571(199105)42:4<233 : AID-ASI173.0.CO:2-1

Kullback, S., & Leibler, R. A. (1951). On information and sufficiency. Annals of Mathematical
Statistics, 22(1), 79-86.

LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521, 436-444.
http://doi.org/10.1038/nature14539

Lee, Jae Yun, & Choi, Sanghee (2011). Intellectual structure and infrastructure of informetrics.
Journal of the Korean Society for Information Management, 28(2), 11-36.
http://doi.org/10.3743/KOSIM.2011.28.2.011

Lee, J. Y., Kim, H, & Kim, P. J. (2010). Domain analysis with text mining: Analysis of digital
library research trends using profiling methods. Journal of Information Science, 36(2),
144-161. http://dx.doi.org/10.1177/0165551509353251

Van Eck, N. J, & Waltman, L. (2014). CitNetExplorer: A new software tool for analyzing and
visualizing citation networks. Journal of Informetrics, 8(4), 802-823.
http://doi.org/10.1016/].j0i.2014.07.006

White, H. D. (2000). Toward ego-centered citation analysis. In B. Cronin & H. B. Atkins (Eds.),
The web of knowledge: A festschrift in honor of Eugene Garfield (pp. 475-496). Medford,
NJ: Information Today, Inc.



ot B2 #7

off chet

o 2 ETIZS
(English translation of references written in Korean)

Chang, Yun-Mee (2013). A study on the intellectual structure of bibliographic therapy by ego-
centered topic citation analysis. Proceedings of the 20th Annual Conference of the Korean

Society for Information Management, 37-41.
Deep learning (2014). Wikipedia. Retreived from https://ko.wikipedia.org/wiki/d._ &
Kim, Do Mi (1993). A study on intellectual structure using author co-citation analysis and
indexing term analysis of citing documents: Application to economics. Journal of Information

Management, 24(1), 32-57.

Kim, Ha-Soo, Son, Hyunjung, Lee, Jae Yun, Kang, Beomil (2013). A quantitative approach to
the relation between politics and language. Discourse and Cognition, 20(1), 79-111.

https://doi.org/10.15718/discog.2013.20.1.79
Lee, Jae Yun (2006). Centrality measures for bibliometric network analysis. Journal of the Korean
Society for Library and Information Science, 40(3), 191-214.
http://doi.org/10.4275/KSLIS.2006.40.3.191
., Jae Yun (2007). Making a science map of Korea. Journal of the Korean Society for
Information Management, 24(3), 363-383. http://doi.org/10.3743/KOSIM.2007.24.3.363
. Jae Yun (2012). Ego-centered topic citation analysis on folksonomy research documents.

Lee
Lee
Journal of the Korean Society for Information Management, 29(4), 295-312.
http://doi.org/10.3743/KOSIM.2012.29.4.295
Lee, Jae Yun (2013). A comparison study on the weighted network centrality measures of tnet
and WNET. Journal of the Korean Society for Information Management, 30(4), 241-264.

http://doi.org/10.3743/KOSIM.2013.30.4.241
, Jae Yun (2014). A comparative study on the centrality measures for analyzing research
collaboration networks. Journal of the Korean Society for Information Management, 31(3)

Lee

153-179. http://doi.org/10.3743/KOSIM.2014.31.3.153
, Jae Yun (2015). A generalized measure for local centralities in weighted networks. Journal

Lee
of the Korean Society for Information Management, 32(2), 7-23.
http://doi.org/10.3743/KOSIM.2015.32.2.007
Lee, Jae Yun, & Kim, Soojung (2016). A bibliometric analysis of research trends on disaster
in Korea. Journal of the Korean Society for Information Management, 33(3), 103-124.

http://doi.org/10.3743/KOSIM.2016.33.3.103



32 BEAI|A A34A A4z 2017

Lee, Jae Yun, Kim, Pan-Jun, Kang, Dae-Shin, Kim, Hee-Jung, Yu, So-Young, & Lee, Woo-Hyoung
(2011). A bibliometric analysis on LED research. Journal of Information Management,
42(3), 1-26. http://doi.org/10.1633/JIM.2011.42.3.001

Lee, Jae Yun, Ryoo, Jong-duk, & Kim, Hee-jeon (2009). A study on the intellectual structure
of architectural studies with text mining. Journal of the Graduate School of Kyonggi
University, 39, 1-21.

Yu, So-Young (2015). Combining ego-centric network analysis and dynamic citation network
analysis to topic modeling for characterizing research trends. Journal of the Korean Society
for Information Management, 32(1), 153-169. http://doi.org/10.3743/KOSIM.2015.32.1.153



