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atel 71% 3 92 WA sesigrk ok B T °1F B Figwe 4>of A5 SRERE &
(Table 1) Notations for Confidence between Topics
Notation Description
p(TY EY “Topic i7oll Folsts 419 4
p(T, T) ET “Topic i” ¥ EY “Topic j7oll FAll FAst= AY &
Conf(T; Ty EY “Topic 7] 71%&0] EY “Topic 79| 7]&dl thal zt= &%
To
Period A Topic1 Topic2 Topic3 Topic4 Topic5 Period A
T T T Topicl Topic2 Topic3 Topic4 Topic5
Topic1 360} 901 220} 130 45 ; T
______ ) | IR Topicl 1.000 02500 0611  0.361 0.125
Topic2 90 360 160 80 130 | I H
Topic2 0.250 1.000  0.444  0.222 0.361
Topic3 220 160 225 120 45
From | Topic3 0.978  0.711 1.000  0.533 0.200
Topic4 130 80 120 135 90
Topic4 0.963 0593  0.889 1.000  0.667
Topic5 45 130 45 90 135
Topic5 0333 0963 0333  0.667 1.000
To
Period B | Topic1 Topic2 Topic3 Topic4 Topic5 Period B
Topicl Topic2 Topic3 Topic4 Topic5
Topicl 300 150 260 290 135
Topic1 1.000 0500 0.867 0967  0.450
Topic2 150 270 180 230 225
Topic2 0.556 1.000 0667  0.852 0.833
Topic3 260 180 360 270 180
From Topic3 0.722 0.500 1.000 0.750 0.500
Topic4 290 230 270 450 200
Topic4 0.644  0.511 0.600 1.000  0.444
Topic5 135 225 180 200 250
Topic5 0.540 0900 0720  0.800 1.000

(Figure 4) Confidence between Each Pair of Topics
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AA §3F 7)1ee 7 % 2 7% 7 EEE <o tigk Y&k A2 A4S B3 Aoy,
wEs} PR /e BYAF UEYa gy ©l BEEMRER AV VIS Ass RIS

T1. Steering System

Period A | In-degree Centrality
: T2. Powertrain
Topict 0.631 System T3. Information
Technology
Topic2 0.629
Topic3 0.569
Topic4 0.446
Topic5 0.338
T4. Self Driving T5. GreenVehicle
T1. Steering System

Period B | In-degree Centrality

T2. Powertrain T3. Information
Topicl 0.616 System Technology
Topic2 0.603
Topic3 0.714
Topic4 0.842
Topic5 0.557

T5. Green Vehicle

T4. Self Driving

(Figure 5) In-degree Centrality and Topic Network
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(Table 2) Notations for Calculating Potential Growth Centrality of Topic

Notation Description
Conf(T;, TK) “Token Topic j”ol T3t &3 71& “Topic "9 &%= )
IC.(TK;) “Token Topic j*¢| W& A4 F44
IC(T) ¥ 71 “Topic 79 WEF 92 FA4
PGCN(T) 49 BEE NS 71€28 & &3 7% “Topic i79] Al 87 S414
7les dete YATS 0.5 o I o 370l tigk §%F 71< Topic 49 HAl 44 54
A FAY o2 Agetgon, oo uteh <Figure Al ThE3) o] AEn, FUF PHoR B
5>9] #Z 3ol 93} Topic 1, Topic 2, Topic < 8% 71 tE A A s AT
39] 7|0 EZ0E XNAHT oy 4 EE 4 Qlth(Figure 6).
(0.963 x 0.631) + (0.593 X 0.629) + (0.889 x 0.569)
PGCN(TL-) = =1.111
3 X 0.446
Period A | In-degree Centrality
Topicl 0.631
Topic2 0.629 PeriodA | Potential Growth Centrality
Topic3 0.569
Topicl 0.600
Topic4 0.446
/ Topic2 0.551
Topic3 0.957
o Mm _Jyv |\ ___
Period A i H
Topicl Topic2 Topic3 Topicd Topich Topicd | 1.111 1
(R ]
Topicl 1.000 0.250 0.611 0.361 0.125 Topics 0,991
Topic2 0.250 1.000 0.444 0.222 0.361
From Topic3 0.978 0.711 1.000 0.533 0.200
Topic4 0.963 0.593 O,889E 1.000 0.667
Topics 0.333 0.963 0.333 0.667 1.000
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Fom, B8] ALH(Stop List)S 83
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2 NetMiner 4.0& F3l d3tATh AE ©lo]

AME shellA B e A&
H

<t o 94 H7h et

A AR Aades v Aol 27
Fe] BA ol A= ARt AE g ohekdt 7]
£ &8sto] 9ok 22 UF A2 FAA
Hto| 2ot ofye} 74 #3229 &=
e S7HEe] W3t e debsta,
A 45 T3 (Cumulative Lift Chart)
o} =

Topic PGC Centrality Centrality (Apgia;;rét! Performance Average by
P in Period A inPeriod A inPeriod B 2 Evaluation APGC
Period A)
Topic4 1.112 0.446 0.842 0.396 A
Top 2 Topics 0.308

Topic5 0.991 0.338 0.557 0.219
Topic3 0.957 0.569 0.714 0.145 Last 2 Topics -0.021
Topicl 0.6 0.631 0.616 -0.015

. Difference 0.329
Topic2 0.551 0.629 0.603 -0.026

(Figure 7) Example of Performance Evaluation
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R %141011 5d 53 & 2017%1 104 71 o o .
ALk & ok B3 BAolH, 53 aof 2 ﬁffl & 2 oE B U UlE MR
AL
Ed “X}%i}”, “A e ez o7t X3 -
H ZATS 24 tidog g HelEe & B BAeAE 32 ~ 3384 2719 Aol

5 DB Aol =
519

%o,
o}

°

FHE A 5319 = F 1347714

¢l WISDOMAINS &3 3

wz} AA) &5 BAS B3 A9E A AFc)
HA §5 7o AEe 98] AA 13477742

E3] EA0A 20709 EF3t = 57)9] 3

Topiclnformation

Topiclnformation

1 S 7Holeh &g, 14 010]%| 11 U, A=, e JpA I

2 oY, &5, oM, 24 2L 12 IS s R R I P S

3 HiE{2|, &3, 27|, 3 et 13 F2b, 32 AR, 22|

4 2|, 2EE S EeZ2T Foiay 14 2H2LEE, Y, 2 At

5 BE, SALTUT| M AN 15 22,3, 53, W AFEE

6 AL EF 28 A0, 2212| 16 HZ, HAYH B S LTS

7 2,25 0|14 AU ST 17 220 2,AHIS, F, Ao, g

8 AlS MIA, ZER], A 018 A0 18 SR, UM DE LHE 2Rt

9 SE. 24,55 001 At 19 P =S P = [ RS

10 AlE, 24, 2|2|, 580|724 20 S0, R, oY, =T Y 2%

(Figure 8) Topic Information

Period 1 Topic1 Topic2 Topic3 Topic4 Topics Topic20
Topicl 208 5 5 0 63 6
Topic2 5 415 15 2 4 72
Topic3 5 15 252 0 19 11
Topic4 0 2 0 199 0 2
Topic5 63 4 19 0 363 24
Topic20 6 72 11 2 24 325
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BE <Figure 10>°] A|AISFATE ©]3 <Figure
10>¢] EXS w2 oERE g3 slE

9 ?—3— Period 1(2011~2012%3), Period 2(2013 Fo3te] A8 HEYIE FA3H o, o
~2014'3), Period 3(2015~201613) 0.2 FE3}9] of tigt 28 WEYZ BA4E& Tl 24 EFo]
on, Aol RE <Figure 9> AASHAT Zb= A7 W3 A A4, Sl g
5O =2 <Figure 9>5 EWE EY 31 AlE Aol M2 7 5T g 43 th(Figure 11).
5, &7 1 gEEE St O A9 o
To
Period 1
Topic1 Topic2 Topic3 Topic4 Topich5 Topic20

Topic1 1.00000 0.02404 0.02404 0.00000 0.30288 0.02885

Topic2 0.01205 1.00000 0.03614 0.00482 0.00964 0.17349

Topic3 0.01984 0.05952 1.00000 0.00000 0.07540 0.04365

From Topic4 0.00000 0.01005 0.00000 1.00000 0.00000 0.01005

Topics 0.17355 0.01102 0.05234 0.00000 1.00000 0.06612

Topic20 0.01846 0.22154 0.03385 0.00615 0.07385 1.00000

(Figure 10) Dependency between Each

Pair of Topics in Period 1 (Part)

M aturity (In-degree Centrality) M aturity (In-degree Centrality)

Topic Topic

Period 1 Period 2 Period 3 Period 1 Period 2 Period 3
Topict 0.06505 0.06631 0.07823 Topicl1 0.09413 0.09230 0.07513
Topic2 0.11867 0.10212 0.09409 Topicl2 0.16194 0.16779 0.16126
Topic3 0.06932 0.06471 0.06286 Topic13 0.05599 0.06129 0.05217
Topic4 0.02678 0.03178 0.02959 Topicl4 0.12413 0.12930 0.13365
Topics 0.10514 0.09267 0.11586 Topicl5 0.13372 0.13035 0.10882
Topics 0.10242 0.10251 0.09853 Topicl6 0.04151 0.03333 0.03623
Topic7 0.05864 0.06408 0.05102 Topicl7 0.09964 0.10721 0.09542
Topic8 0.14618 0.13604 0.12990 Topicl8 0.13243 0.10779 0.12656
Topic9 0.08564 0.08987 0.07795 Topicl9 0.11991 0.12534 0.10880
Topic10 0.05161 0.06286 0.06655 Topic20 0.11981 0.12554 0.11294

(Figure 11) Maturity(In-degree Centrality) of Topics
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422 B HE BN ME SE Z7HE Aol B ZASHE WO AL
AR EF BAE pr_/\q 5t ;g_x pe ;g_ ZAHS A3 vl Al-H-E (Period 1, Period 2), (Period
AE3 ADE AT A A 2R B 2, Period 3), Z12]aL (Period 1, Period 3)2] Al 7}
A A B A A e b oz ) BTE AIHHAN, 2Ye mE 2078
& 591 43pl, o1F 590 Y 1%l G5 =l 2 HEE S 2 Ade S
W b e ASe 28 B Age g T S AR SIS <Tigwe 132 8%
FHE AHE A EEDE QA g T
wool ik A ZAA AAZS 0.8 AR A 24 AR FAA 2 {9 7]&3 v
Stk wak 3480 2% W wah A 4 7€ dex IS vlushr] s, 3
23 20709 I PGC FL Ak=slglow 2/eke EF Y AGE 7 s/E AR
Period 13} Period 28] PGC kol <Figure 12>o] & 8 71%°] 938 #al 2le A &4
JERIeIT 71€8 F, 5 BEFY v 3 E g3 o]
W <F1gure 7>«] -ri 5—3;19} Y YA o=
01|’=9| é,g =7} A 7V W] Aol E <Table 3> 22F6H3]
= zjo} urH 2ol 23} zh B
B el A A% FANE aAs g oo PR AT WHEd AR fraos
g ol T e 9d FAA0 278
W18l EUE Fofsha, fugel e 7]
’ ol 23 ZK1C), LT cholAE FAA) =
#o) Q&= F/1ER FUAol e 71 4

7Aste] elZe QEC)E I vimdtel A A3

Potential Growth Centrality Potential Grow th Centrality
Topic Topic

Period 1 Period 2 Period 1 Period 2
Topict 0.61301 0.59447 Topici 1 0.21039 0.26098
Topic2 0.25642 0.28659 Topicl2 0.23942 0.20981
Topic3 0.41717 0.33915 Topicl 3 0.71543 0.59489
Topic4 0.25108 0.27996 Topicl 4 0.41776 0.33987
Topich 0.41090 0.50669 Topicl 5 0.21550 0.18558
Topich 0.31340 0.27998 Topicl6 0.25077 0.34468
Topic? 0.46540 0.34437 Topicl7 0.36684 0.30525
Topic8 0.24424 0.25508 Topicl8 0.23498 0.22709
Topic9 0.32287 0.27279 Topicl9 0.23849 0.18088
Topic10 0.62707 0.43596 Topic20 0.24631 0.22360

(Figure 12) Potential Growth Centrality of Topics in Period 1 and Period 2
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JlE M5k A 9ERQ HESYT 2ME S8 Y 88 Ve U= WHE
3 AT} <Table 3>l A H= upe} o], A|Qk A HAo R EFHT B YA 4 7s
MES PGCO) WE 47 7% oS BFol UG o AT Z/HFE 0914 1| Aol gho.E AT
A FAAE == ofoldHE FAAE ZNkE 3} SF9em, <Table 3>914 &84 PGC, IC, 1
F myol vs) § 7%o) YeE 4AL o U ECRY ol BE A&t el 4
A A5FS & F Atk gloll A s2ete= o] RF O X (Exact)E
o Ak PHES) 45g uok JUsl  wlmel] P TPHQCE B A o= =Y
Hwsl7] s 4 7o =l e dus -4 PGC > EC > IC <=0l we} &2 3o
S7HES <Figure 14>9] 72 PY= EF2 U 2 FotEglon, Ak =]l PGCe] A9 o
Effilon, oju Iz 7 ByoA 43 Z 2l Exacte} HlulF] S UEbES &
A9 % AEolA AREE AR kg & Ao
Maturity (In-degree Centrality) Maturity (In-degree Centrality)

e Period 2 - Period 3 - Period 3 - joEie Period 2 - Period 3 - Period 3 -

Period 1 Period 2 Period 1 Period 1 Period 2 Period 1

Topic1 0.00125 0.01192 -0.01901 Topicl1 -0.00184 -0.01717 -0.00389

Topic2 -0.01655 -0.00803 0.00282 Topic12 0.00584 -0.00652 -0.00769

Topic3 -0.00461 -0.00185 -0.02490 Topic13 0.00530 -0.00912 0.01073

Topic4 0.00501 -0.00219 -0.00527 Topic14 0.00517 0.00435 -0.00422

Topic5 -0.01247 0.02320 -0.00068 Topic15 -0.00337 -0.02153 0.00952

Topic6 0.00009 -0.00398 -0.01628 Topic16 -0.00818 0.00291 -0.00646

Topic7 0.00544 -0.01305 -0.00587 Topic17 0.00758 -0.01180 -0.00762

Topic8 -0.01014 -0.00614 -0.01111 Topic18 -0.02465 0.01878 0.01494

Topic9 0.00423 -0.01192 -0.02459 Topic19 0.00542 -0.01653 0.01317

Topic10 0.01126 0.00369 -0.00687 Topic20 0.00573 -0.01260 -0.00382

(Figure 13) Maturity Growth of 20 Topics

(Table 3) Performance Comparison among PGC and Traditional Network Measures

Maturity (In-degree Centrality)
Model
Period 2 - Period 1 Period 3 - Period 2 Period 3 - Period 1
PGC 0.00940 0.01420 0.01755
IC (In-degree Centrality) 0.00919 0.00493 0.00785
EC (Eigenvector Centrality) 0.00357 0.00444 0.00634
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(Figure 14) Cumulative Lift Chart for PGC and Traditional Measures
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Abstract

Discovering Promising Convergence Technologies Using
Network Analysis of Maturity and Dependency of Technology

Hochang Choi* - Kee-Young Kwahk** + Namgyu Kim***

Recently, most of the technologies have been developed in various forms through the advancement
of single technology or interaction with other technologies. Particularly, these technologies have the
characteristic of the convergence caused by the interaction between two or more techniques. In addition,
efforts in responding to technological changes by advance are continuously increasing through forecasting
promising convergence technologies that will emerge in the near future. According to this phenomenon,
many researchers are attempting to perform various analyses about forecasting promising convergence
technologies. A convergence technology has characteristics of various technologies according to the
principle of generation. Therefore, forecasting promising convergence technologies is much more difficult
than forecasting general technologies with high growth potential. Nevertheless, some achievements have
been confirmed in an attempt to forecasting promising technologies using big data analysis and social
network analysis.

Studies of convergence technology through data analysis are actively conducted with the theme of
discovering new convergence technologies and analyzing their trends. According that, information about
new convergence technologies is being provided more abundantly than in the past. However, existing
methods in analyzing convergence technology have some limitations. Firstly, most studies deal with
convergence technology analyze data through predefined technology -classifications. The technologies
appearing recently tend to have characteristics of convergence and thus consist of technologies from various
fields. In other words, the new convergence technologies may not belong to the defined classification.
Therefore, the existing method does not properly reflect the dynamic change of the convergence
phenomenon.

Secondly, in order to forecast the promising convergence technologies, most of the existing analysis

method use the general purpose indicators in process. This method does not fully utilize the specificity of
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convergence phenomenon. The new convergence technology is highly dependent on the existing technology,
which is the origin of that technology. Based on that, it can grow into the independent field or disappear
rapidly, according to the change of the dependent technology. In the existing analysis, the potential growth
of convergence technology is judged through the traditional indicators designed from the general purpose.
However, these indicators do not reflect the principle of convergence. In other words, these indicators do
not reflect the characteristics of convergence technology, which brings the meaning of new technologies
emerge through two or more mature technologies and grown technologies affect the creation of another
technology.

Thirdly, previous studies do not provide objective methods for evaluating the accuracy of models in
forecasting promising convergence technologies. In the studies of convergence technology, the subject of
forecasting promising technologies was relatively insufficient due to the complexity of the field. Therefore,
it is difficult to find a method to evaluate the accuracy of the model that forecasting promising convergence
technologies. In order to activate the field of forecasting promising convergence technology, it is important
to establish a method for objectively verifying and evaluating the accuracy of the model proposed by each
study.

To overcome these limitations, we propose a new method for analysis of convergence technologies.
First of all, through topic modeling, we derive a new technology classification in terms of text content.
It reflects the dynamic change of the actual technology market, not the existing fixed classification standard.
In addition, we identify the influence relationships between technologies through the topic correspondence
weights of each document, and structuralize them into a network. In addition, we devise a centrality
indicator (PGC, potential growth centrality) to forecast the future growth of technology by utilizing the
centrality information of each technology. It reflects the convergence characteristics of each technology,
according to technology maturity and interdependence between technologies. Along with this, we propose
a method to evaluate the accuracy of forecasting model by measuring the growth rate of promising
technology. It is based on the variation of potential growth centrality by period.

In this paper, we conduct experiments with 13,477 patent documents dealing with technical contents
to evaluate the performance and practical applicability of the proposed method. As a result, it is confirmed
that the forecast model based on a centrality indicator of the proposed method has a maximum forecast
accuracy of about 2.88 times higher than the accuracy of the forecast model based on the currently used

network indicators.

Key Words : Technology Convergence, Social Network Analysis, Promising Technology Forecast, Potential
Growth Centrality, Topic Modeling
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