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비키니 (Bikini)
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비키니 (Bikini)
• 1948년-1958년 

• 23개의 핵무기를 사용한 핵실험

• 대체 실험 수단: 임계전 실험, 컴퓨터 모델링
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사다리 걷어차기

선진국의 후진국 죽이기 
- 보호무역주의, 높은 관세율, 국가 주도의 산업진흥정책 
- 세계화, 신자유주의, 자유무역

규제 
- 특허, 환경, 표준 등

R&D투자 효율성
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과학기술이 주목받다
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청사진과 물리학자
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MIT vs. RPI

• Massachusetts Institute of Technology 

• Rensselaer Polytechnic Institute
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축적이 필요하다

• 우리에게 새로운 산업을 만들 능력이 있는
가? 

• 시행착오의 경험 

선진국은 200-300년의 시행착오 축적의 “시간”
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5127
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축적의 오류

간부의 필수 소장 도서

10



도전의 역사
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도전의 역사



4차 산업혁명이란?
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다보스포럼
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다양한 논란
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다양한 논란
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핵심은 무엇인가?

1900년 뉴욕 5번가
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혁신의 가속화

1913년 뉴욕 5번가
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AlphaGo (Baduk)
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2016년 vs. 2017년
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인류의 역사와 가속화
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무어의 법칙16 The Evolution of Innovation and the Evolution of Regulation [Vol. 23 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
Figure 1 – Moore’s Law (Source:  Downes & Nunes, “Big Bang Disrup-

tion”) 
 
Fifty years of continued application of the faster-cheaper-smaller principle 

of Moore’s Law has created the information revolution experienced by con-
sumers in much of the world.29  Even without adjusting for inflation, computer-
intensive products and services, encompassing much of the computing, con-
sumer electronics and entertainment industries, continue to become better and 
cheaper in each of increasingly short new product cycles.30  Consumers now 
expect the phenomenon to continue and even punish industry leaders if they 
feel any hesitation on the part of suppliers to cannibalize existing products and 
markets with new and better products.31  In that environment, today’s market 
dominator can quickly become tomorrow’s also-ran.  

As embedded computing capacity becomes an increasingly important com-
ponent of products and services far from traditional electronics markets—
including automotive, manufacturing, agriculture, consumer products, energy, 

                                                             
 29 Raj Sabhlok, Moore’s Law is Just the Beginning (For Apps), FORBES (Apr. 25, 2013, 
10:00 AM), http://onforb.es/1DCfJvA. 
 30 DOWNES & NUNES, supra note 2, at 1. 
 31 Id. at 28. 
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유니콘기업
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혁신의 다양화/복합화
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기술과 사회
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C5
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사회적 수용성
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미래의 추격전
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온라인 전기차

98
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온라인 전기철도

1110
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기술은 언제나 이로운가?
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기술과 일자리
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나의 행복    전체의 행복6=
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도시의 성장과 데이터



복잡계 네트워크



Source: Fortunato (2010)
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Growth & Space
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as management and professional services. The urban scaling model 
  Y  ci   ≈  Y  io    N c   b  i     across cities of population size Nc accurately describes 
employment for most industries (i.e., R2 > 0.65), showing superlinear 
scaling (i.e., bi > 1) for cognitive industries and sublinear scaling 
(i.e., bi < 1) for manual labor industries (see Table 1 and the Supple-
mentary Materials). Small cities tend to be characterized by sublinearly 
scaled industries, while large cities are characterized by superlinearly 

scaled industries (see histograms in Fig. 1, A and B). We observe a 
strong correlation between the average scaling exponent of charac-
teristic industries and urban size (Pearson correlation r = 0.59).

Why should this empirical relationship exist? We explore this 
question with an analytical model. The importance of an industry in 
a city rcaci can be expressed as a function of the city’s population 
using the industry’s scaling exponent bi. Assuming urban population 
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Fig. 1. City size determines characteristic economic structure. (A) The characteristic industries of the three smallest, medium, and largest cities in the industry space 
(see Materials and Methods). Each industry (node) is sized by its comparative advantages and colored by the cross-sectional scaling exponent (b). Every value is averaged 
over the 16-year time span reflected in our dataset. Empty nodes are noncharacteristic industries. Two industries are connected when they are likely to exist in the same 
city (y > 0.15). The histogram shows the frequency of scaling exponents of characteristic industries in each industry space. (B) The average scaling exponent of character-
istic industries in each U.S. city (y axis) compared to population (x axis). (C) We compare the importance of industries (y axis) with different scaling exponents (color) across 
cities of different sizes (x axis). A vertical section denotes the economic profile of a city of that population. We observe a critical population (N* ≈ 1.2 million) that divides 
small city economies from innovative large city economies. (D) After ordering U.S. cities in decreasing size (x and y axes), we measure the pairwise Pearson correlation of 
economic profiles Ic of cities averaged for the entire time span. As in (C), N* corresponds to a critical population size that separates cities based on economic profile.
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S O C I O L O G Y

The universal pathway to innovative urban economies
Inho Hong1, Morgan R. Frank2,3,4, Iyad Rahwan1,5,6, Woo-Sung Jung7,8,9,10, Hyejin Youn11,12,13,14,15*

Is there a universal economic pathway individual cities recapitulate over and over? This evolutionary structure—
if any—would inform a reference model for fairer assessment, better maintenance, and improved forecasting of 
urban development. Using employment data including more than 100 million U.S. workers in all industries 
between 1998 and 2013, we empirically show that individual cities indeed recapitulate a common pathway where 
a transition to innovative economies is observed at the population of 1.2 million. This critical population is ana-
lytically derived by expressing the urban industrial structure as a function of scaling relations such that cities are 
divided into two economic categories: small city economies with sublinear industries and large city economies 
with superlinear industries. Last, we define a recapitulation score as an agreement between the longitudinal and 
the cross-sectional scaling exponents and find that nontradeable industries tend to adhere to the universal path-
way more than the tradeable.

INTRODUCTION
Home to more than half of humanity, cities have pushed the bound-
aries of human productivity, innovation, and success as economic, 
social, and cultural hubs in an era of rapid urbanization (1, 2). The 
future development of cities may depend on identifying and main-
taining the pathways of urban evolution. To this end, many features 
of human behavior and society have been modeled by frameworks 
of universality (3–5), which suggests that cities may too follow universal 
trends regardless of regional and historical differences. Identifying 
these universal trends in urban economic growth may prepare 
policy makers for the economic and industrial needs of their growing 
cities.

The development of individual cities has long been considered 
as idiosyncratic and specialized according to their historical and 
geographical constraints (6–13); however, recent studies reveal several 
regular patterns associating urban characteristics with population 
size (1, 14–21). In particular, many different quantities Y change 
with city population N according to Y(N) ≈ Y0Nb (14, 17, 21, 22), 
suggesting that population size can indicate a substantial number of 
urban properties under a universal mechanism applied to all cities 
(14) although precise estimates of b can be difficult (23, 24). This 
scaling pattern also describes economic properties and further 
characterizes individual industries by their labor types. For example, 
cognitive labor–based industries scale superlinearly with population 

size (b > 1), while manual labor–based industries instead exhibit 
sublinear scaling (b < 1) (21, 25). These population dependencies 
may undergird many aspects of the urban economic structure—
small cities heavily rely on manual labor while large cities on cogni-
tive labor (21, 26–29).

While the cross-sectional scaling relation describes urban eco-
nomic features as a function of population size (1), it remains to be 
seen how useful it is when it comes to a city’s longitudinal evolution 
(30–32). To test this, we measure to what extent individual cities 
recapitulate the pathway universally prescribed by the scaling law. 
Inspired by biological ontogenetic growth and recapitulation, we 
call this property “urban recapitulation” (33). Using employment 
data for U.S. cities from 1998 to 2013, we show empirically how the 
industrial character of cities changes with urban size and industries’ 
scaling exponent b.

We demonstrate that the longitudinal change of urban economies 
indeed follows a universal process governed by changes in population 
size. By examining the revealed comparative advantage for individual 
industries given each city, our analysis reveals a transition point from 
a manual labor economy to a cognitive-based innovative economy at 
around a population of 1.2 million in the United States. We provide a 
recapitulation score to measure the deviation of a city’s economy from 
the cross-sectional scaling by which the universal pathway is revealed.

RESULTS
Explaining innovative economies of large cities
We compare industrial employment and population changes in 
350 U.S. cities according to the industries that characterize each city 
between 1998 and 2013. We measure the importance of industry i to 
city c according to its revealed comparative advantage (RCA) (34–37) 
(i.e., location quotient) given by   rca  ci   = ( Y  ci   /  Σ  i     Y  ci   ) / ( Σ  c     Y  ci   /   Σ  c,i    Y  ci  )  where 
Yci denotes the employment of i in c. Normalizing employment 
statistics in this way controls for ubiquitous industries and, thereby, 
highlights the industries that distinguish urban economies from each 
other. In particular, an industry is called characteristic if rcaci > 1 
(34, 35).

Figure 1A shows characteristic industries in cities of different 
sizes. Consistent with existing studies (21, 26, 27, 38), small cities 
are characterized by manual industries such as agriculture and min-
ing, while large cities are characterized by cognitive industries, such 
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FROM OUR OBSESSION
Rethinking cities
Cities have to accommodate more people, lessen their environmental footprint, and
become more equitable.

By Karen Ho
Global finance and economics reporter

September 9, 2020

What does it take for a city to jump into the knowledge economy?
A new study found one key factor: a population of at least 1.2
million.

Physicist Inho Hong from the Center for Humans & Machines at
the Max Planck Institute for Human Development in Germany
looked at the industry composition of 350 US metro areas between
1998 and 2013. He and his team found that 1.2 million people is
the threshold between economies based on manual labor and
those based on knowledge and innovation.

1.2 MILLION STRONG

What it takes for a city to jump into the knowledge economy
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Fig. 3 Example of hierarchical structure. a The large-scale organization of geo-industrial clusters in the labor flow network. Each circle represents a geo-
industrial cluster, with size proportional to its number of employees. The colors represent the highest-level community membership. b–e Two examples of
hierarchical sub-structures in the labor flow network are illustrated. Each circle represents a firm and the bar charts show the reduction in industry and
region entropy within the cluster as a proportion of the parent cluster’s entropy. b, c the organization of banking and financial geo-industrial clusters are
affected more by industries than geography. d, e the geo-industrial clusters in US Midwest and South region form strong geographical clusters
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ARTICLE

Global labor flow network reveals the hierarchical
organization and dynamics of geo-industrial
clusters
Jaehyuk Park1,5, Ian B. Wood1,2,5, Elise Jing1, Azadeh Nematzadeh1,3, Souvik Ghosh2, Michael D. Conover2,4 &
Yong-Yeol Ahn1

Groups of firms often achieve a competitive advantage through the formation of geo-

industrial clusters. Although many exemplary clusters are the subjects of case studies,

systematic approaches to identify and analyze the hierarchical structure of geo-industrial

clusters at the global scale are scarce. In this work, we use LinkedIn’s employment history

data from more than 500 million users over 25 years to construct a labor flow network of

over 4 million firms across the world, from which we reveal hierarchical structure by applying

network community detection. We show that the resulting geo-industrial clusters exhibit a

stronger association between the influx of educated workers and financial performance,

compared to traditional aggregation units. Furthermore, our analysis of the skills of educated

workers reveals richer insights into the relationship between the labor flow of educated

workers and productivity growth. We argue that geo-industrial clusters defined by labor flow

provide useful insights into the growth of the economy.

https://doi.org/10.1038/s41467-019-11380-w OPEN
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and requests for materials should be addressed to M.D.C. (email: conover1618@gmail.com) or to Y.-Y.A. (email: yyahn@iu.edu)
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Figure 4. Measuring urban green spaces. (a) Measurement methods to compute the size of urban green space in each
country. First, we find cities occupying more than 10 percent of the total population in a country. Then, we extract the built-up
area of the cities with Copernicus global landcover data. Finally, we calculate vegetation indices (e.g., NDVI) within the area
using Sentinel-2 satellite images. (b) Urban green space measured by the UGS (upper row) and the vegetation ratio (lower row)
in four world cities. The red areas in the upper row indicate vegetation for the NDVI threshold of 0.4. The lower row images
show the adjusted NDVI per capita (i.e., UGS) for every 10m by 10m pixel.

extract only the built-up areas within the identified cities’ administrative boundaries. As cities’ boundaries are historically and
culturally constructed and often arbitrary, the cities’ size needs to be standardized; some cities include vast suburban areas
(e.g., Istanbul) or natural areas (e.g., deserts in Dubai). Thus, referring to the global land cover data from the EU’s Copernicus
Programme40, we focus on urban built-up areas to quantify the urban green space. Finally, the vegetation indices (NDVI, EVI2,
and SAVI) are calculated for the extracted urban areas.

The final step is to compute the amount of green space in each country, determined from the measured vegetation indices.
Here, we define the amount of green space as the logarithm of the total NDVI of built-up areas in the target cities divided by the

8/11

Figure 2. The effect of GDP on green-happiness relation. (a,b) The relations of (a) log-GDP and happiness, and (b) urban
green space (i.e., UGS) and happiness across 60 developed countries. The top 30 and the lower 30 countries ranked by GDP are
sized by the population size and colored by red and black. The dotted lines are the linear fit for each GDP group. (c) Changes
of coefficients between urban green space and happiness for different sets of GDP rank with increasing window size from top
10 to 60. (d) The rank correlations between UGS and happiness for the groups of increasing countries in the GDP rank order.

r = 0.19, p = 0.15), contradicting common sense. The regression analysis on happiness with UGS and six socioeconomic
variables also captures the interchangeability of urban green space and social support (see the Supplementary Information for
details).

Here, we employ a moderated mediation model24 to characterize the complicated relationships among urban green
space, social support, GDP, and happiness. In moderated mediation models, the moderator describes a variable’s conditional
effect through the interaction term, and the mediator describes a variable’s indirect effect connecting the other two variables.
Accordingly, moderated mediation models determine the pathway of directed interactions between multiple variables.

First, we examine the mediation effect of urban green space and social support as independent variables. The mediation
regression model shows that social support mediates the relationship between urban green space and happiness such that (1)
urban green space improves social support and (2) social support promotes happiness. The mediation effect is significant (3)
only when GDP is considered in the model. Consequently, our moderated mediation model combining these three effects,
shown in Fig. 3(b), presents the pathway by which green space affects happiness through social support, given that GDP
moderates the effect of social support. If we describe this relationship in equations,

H = b0 +b1M+b2S+b3SM, (1)
S = b4 +b5G. (2)

where H, M, S, and G represent happiness, log-GDP, social support, and UGS, respectively, and the b values denote the
coefficients of the regression models (see the Supplementary Information for details).

Our moderated mediation model can be used to estimate the amount of urban green space required to increase happiness by
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