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Understanding Prosperity
What will the UN 2030 development goals look like? What will we hope to achieve by 2045? I
believe…and hope…that the 2030 goals will look very different from the 2015 goals. The reason
is that the 2015 Sustainable Development Goals (SDGs) are almost entirely about avoiding
harm, and have very little to say about policies that will minimize those harms. This silence is
for a good reason: the development path taken by current rich countries is unlikely to be
something that less developed countries can successfully follow. So what is to be done? What
will be the best path to development in the future?
I suggest that the answer is that the rich data provided by the 2015 SDG metrics can provide
the possibility of scientific determination of what sorts of new development policies are likely
to be successful [1, 2]. For instance, privacy-safe, anonymized fine-grain data from mobile
telephones, credit cards, and other data sources that are used to create the 2015 SDG metrics
are already helping decision makers to tackle problems of societal importance [6, 24, 2].
Examples include monitoring socio-economic deprivation [11, 10, 6, 12] and crime levels [4, 13,
14], mapping the propagation of diseases [14, 15, 16, 9], and understanding the impact of
natural disasters, environmental risks, and other emergencies [7, 8, 3, 4, 5], etc.
To gain a better understanding of what a science-based policy for prosperity development
would look like we can examine smaller regions of the world that already have available such
rich data. What we find from such “rich data” science is that neighbourhoods with more diverse
amenities attract not only more people but importantly more diverse people, as shown in
Figures 1(A) and 1(B). This diversity of people, ideas, and activities acts to increases the rate of
innovation within the neighbourhood. Figure 1(C), for instance, shows that neighborhoods with
more diverse amenities (and consequently more diverse visitors) have greater year-on-year
GDP growth.
This effect accounts for up to half the variation in GDP growth even after controlling for
population density, city centrality, and housing prices. That is, diversity in amenities (or, nearly
equivalently, diversity of people visiting the neighborhood) is usually a more powerful predictor
of growth than density, geographic centrality, or housing price. This data is from a large
European metropolitan area’ data from three other continents is similar [28].
These three figures show what appears to be the central cycle of development: diverse
amenities attract large and diverse flows of people, which create opportunities for investment
in new amenities and subsequent increased flows of people. However, this doesn’t fully

explain why people move to or work in neighborhoods with more amenities, which are after all
more expensive and crowded.
Why is the preference for diverse amenities so universal? The reason may be that
neighborhoods with more diverse amenities, which bring in more diverse flows of people,
create greater opportunity for those who work or even just visit such neighborhoods. Figure
1(D) illustrates that people who have more exposure to diverse types of people, and thus have
more access to new ideas and opportunities, make more money. Moreover, this is not just an
artifact of the way the particular way access to diverse communities was measured, because
you can get the same result looking at the diversity of jobs of the people they interact with, or
the diversity of locations of the people that they interact with. Again, data from four
continents shows similar patterns [28].
Surprisingly, the variation that has to do with education is small when compared with the
variation that has to do with access to ideas from diverse communities, so it is not just rich
neighborhoods or well-educated people who profit from diversity. People in all socioeconomic
levels also profit from exposure to a wide variety of people and experiences, although there are
systematic inequalities in this relationship [19].
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Figure 1. (A) More diverse amenities attract more people, (B) More diverse amenities attract
more diverse people (people from more different communities), and (C) greater diversity in
amenities (or of people) predicts greater year-on-year GDP growth. (D) shows that people with
more diverse social networks have greater personal income, showing that diversity brings
wealth both for those within a neighborhood and predicts wealth for those who visit the
neighborhood. Data for (A), (B), and (C) are from neighborhoods within a major European
metropolitan area, data from neighborhoods within metropolitan areas on other continents is
similar, and typically diversity accounts for up to half the variation in growth in GDP even after
controlling for population density, centrality in city, and housing price [28]. Data for (D) is
sample of 100,000 randomly chosen people in mid-income country [19].
It is important to ask if greater network diversity causes greater income or whether it is the
other way around. The answer is that greater network diversity indeed causes greater income
on average…this is the idea of weak ties bringing new opportunities…but it is also true that
greater income causes social networks to be more diverse. Wealth creation is a complex,
dynamic feedback process with no one causal factor. Instead of asking about causality, it is
instead better to ask about the relative strength of each part of this complex, dynamic system.
Figure 1(D) strongly suggests that access to diverse ideas is not only an important influence on
the wealth generation process, but may in fact be the primary driving force. It may be best to
conceive of humans as a species who are on a continual search for new opportunities [20, 22],
the path to not only economic development but a more prosperous society may lay in
promoting individual access to opportunities and supporting their ability to harness
opportunities that they prefer.
Exposure to New Opportunities Drives Economic Growth
The hypothesis that diverse interaction patterns predicts the flow of new ideas from one
neighborhood to another, and that the flow of ideas accounts for a substantial portion of
economic growth, has recently been shown for the large-scale interactions found between
nations [17, 18]. Moreover, the flow of ideas appears to be a causal factor, and not just a
correlational factor, because nations with large volumes of interaction have convergence in
skills, technology, and productivity over the long run.
Further, the spread of ideas is a causal factor in the spread of new types of industry between
cities, as shown by our recent study looking at whether investment in high-speed rail
infrastructure was a causal factor in promoting the spread of companies with specialized
commercial expertise [27]. For example, when a city “X” with few information technology (IT)
companies is connected by high speed rail to a city “Y” that already has many IT firms, the rail
connection strongly promotes creation of more IT firms in city “X.” Applying this logic across
many types of companies, this study shows that the spread of ideas because of these new rail
connections caused an increase of company creation within specialty or category, and that this
causal effect is almost 50% greater for connected cities than the general rate of company
creation.

The view that physical mixing between different communities strongly influences the rate of
innovation and financial growth is reinforced by a recent study in China. This study looked at
factors that were important in success of new businesses by performing a survey of all the
startups launched from 3,255 government-sponsored incubators throughout China [26]. This
survey show that it was cultural diversity was the biggest factor in successful launch and
funding of startups, and that diversity of industrial experience was most important in the
subsequent growth and scaling of these startup companies.
Long-term growth: intergenerational mobility
Exposure to new ideas and behaviors also predicts long-term socio-economic success of
children growing up within a neighborhood. In 2017 my MIT research group analyzed a
uniquely large and complete database describing the life trajectories of at-risk children and
used these data to build predictive models for life outcomes ranging from eviction from home
to “grit” to school grade-point average. These data were generated by the Fragile Families
Study (see https://fragilefamilies.princeton.edu/), which examined the development of 4,242
children, interviewing primary caregivers at birth and again when children are ages one, three,
five, nine, and fifteen years, together with in-home assessments of the children. Several
collaborative studies provided additional information on parents’ medical, employment and
incarceration histories, religion, child care and early childhood education. In total, 12,943
measurements were made of each child and their family, including scores on an extremely wide
variety of standardized tests [29].
A total of 160 academic teams competed to use these data in order to predict life
outcomes of these children. My MIT team produced the most accurate models for half of the
life outcome prediction tasks (see http://news.mit.edu/2017/mit-human-dynamics-team-topsfragile-families-challenge-1004). Despite the rich data set and state-of-art statistical methods,
however, our best predictions for these life outcomes were not very accurate and in fact were
only slightly better than those from a simple four-factor benchmark using only demographic
characteristics and neighborhood statistics. The uncomfortable conclusion of this huge effort,
as reported in the Proceedings of the National Academy of Science [29], is that you cannot
predict children’s life outcomes from any of the standard tests or interview methods applied to
either the children or their families.
However, you can use neighborhood statistics to predict the probability of
intergenerational financial mobility. In order to examine the “American dream” of
intergenerational mobility, a group of economists, led by Raj Chetty, obtained access to 30
years of longitudinal data from the U.S. Internal Revenue Service (see http://www.equality-ofopportunity.org/ ). From these data they could compute the rate of intergenerational financial
mobility across all U.S. Census Blocks.
Analysis of the IRS data found that 71% of the variation in financial life outcome could
be predicted by characteristics of the surrounding neighborhood, specifically, the roughly four

block area surrounding the child’s home. Moreover, approximately one-quarter of this
neighborhood effect is “locked in” by the time the child enters kindergarten, and approximately
half of the neighborhood effect is in place by the 5th grade. They could also analyze the
outcomes of children who moved from one Census Block to another Census Block as part of a
randomized lottery, thus establishing that the neighborhood effect is causal.
Why didn’t interviews with parents or any of the other classic social science metrics
provide similar predictive power? Perhaps it is because the most predictive variables are ones
that people generally do not have quantitative knowledge about (e.g., income distribution of
people in adjoining city blocks), or are not even aware of (e.g., proportion of census forms
returned, a proxy for social capital). Nor do people suspect the predictive power of these
variables. Indeed, the relationships were unknown until this large-scale longitudinal
computational social science analysis became available.
Conclusion
What these studies suggest is that the factors that we usually think about -- investment,
education, infrastructure, institutions -- may not be the direct cause of prosperity. Instead they
may make a difference primarily because they help or hinder the search for new opportunities.
The fundamental driver of progress in society may be the search for new opportunities, and is
aided by people’s skills or capital investment.
This is a fundamental shift in how we think about international development. It suggests that
promoting greater access to local opportunities and facilitating resources to harness those
opportunities is the best path to building more vibrant, economically successful societies. It
suggests that we should focusing on transportation networks to make neighborhoods
accessible to more diverse populations [23], invest in diverse stores and amenities in order to
attract diverse flows of people [25], and promote the skills and local resources required for
local residents to harness local opportunities.
Importantly, we can use local data to evaluate how to best allocate investments to maximize
the expected impact on the overall prosperity and health of the neighborhood. Communities
need not rely on annualized values of traditional economic indicators for planning purposes but
can instead be able to make reliable estimates of what sort of efforts and investments will best
contribute to achieving their vision of a prosperous neighborhood and better quality of life [2].
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