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The Leeuwenhoek microscope – A measurement revolution

Animalcules observed by Anton van Leeuwenhoek, c1795, Wikimedia Commons
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The Big Data revolution as a measurement revolution

biogeographic patterns. Their study, too, is

centered on a large database, but in this case it

is entirely of living organisms, the marine

bivalves. Over 28,000 records of bivalve gen-

era and subgenera from 322 locations around

the world have now been compiled by these

authors, giving a global record of some 854

genera and subgenera and 5132 species. No

fossils are included in the database, but

because bivalves have a good fossil record, it is

possible to estimate accurately the age of ori-

gin of almost all extant genera. It is then possi-

ble to plot a backward survivorship curve (8)

for each of the 27 global bivalve provinces (9). 

On the basis of these curves, Krug et al. find

that origination rates of marine bivalves in-

creased significantly almost everywhere im-

mediately after the K-Pg mass extinction event.

The highest K-Pg origination rates all occurred

in tropical and warm-temperate regions. A dis-

tinct pulse of bivalve diversification in the early

Cenozoic was concentrated mainly in tropical

and subtropical regions (see the figure). 

The steepest part of the global backward

survivorship curve for bivalves lies between 65

and 50 million years ago, pointing to a major

biodiversification event in the Paleogene (65 to

23 million years ago) that is perhaps not yet

captured in Alroy et al.’s database (5, 7). The

jury is still out on what may have caused this

event. But we should not lose sight of the fact

that the steep rise to prominence of many mod-

ern floral and faunal groups in the Cenozoic

may bear no simple relationship to climate or

any other type of environmental change (10, 11).
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PERSPECTIVES

W
e live life in the network. We check

our e-mails regularly, make mobile

phone calls from almost any loca-

tion, swipe transit cards to use public trans-

portation, and make purchases with credit

cards. Our movements in public places may be

captured by video cameras, and our medical

records stored as digital files. We may post blog

entries accessible to anyone, or maintain friend-

ships through online social networks. Each of

these transactions leaves digital traces that can

be compiled into comprehensive pictures of

both individual and group behavior, with the

potential to transform our understanding of our

lives, organizations, and societies. 

The capacity to collect and analyze massive

amounts of data has transformed such fields as

biology and physics. But the emergence of a

data-driven “computational social science” has

been much slower. Leading journals in eco-

nomics, sociology, and political science show

little evidence of this field. But computational

social science is occurring—in Internet compa-

nies such as Google and Yahoo, and in govern-

ment agencies such as the U.S. National Secur-

ity Agency. Computational social science could

become the exclusive domain of private com-

panies and government agencies. Alternatively,

there might emerge a privileged set of aca-

demic researchers presiding over private data

from which they produce papers that cannot be

critiqued or replicated. Neither scenario will

serve the long-term public interest of accumu-

lating, verifying, and disseminating knowledge.

What value might a computational social

science—based in an open academic environ-

ment—offer society, by enhancing understand-

ing of individuals and collectives? What are the

A field is emerging that leverages the 

capacity to collect and analyze data at a 

scale that may reveal patterns of individual

and group behaviors.
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and purple ones from conservative to liberal. The size of each blog reflects the number of other blogs that
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“A field is emerging that leverages the
capacity to collect and analyze data at a
scale that may reveal patterns of individual
and group behaviors.”

Science, 2009, 323(5915):721–723.
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The theoretical purchase of Big Data (for social science)

The production of new social facts
Our ability of zooming in by making big data small & constructing targeted comparisons
Scalable experiments
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The Understanding Autism project

Every child born in California,
1992–2007 with parental
characteristics, birth outcomes & ZIP
codes, & addresses from 1997
onward. 8 million births; 500k/year
Probabilistically matched to: all
persons in California with
developmental disorders, 1992–2005,
with evaluations on diagnostic status,
severity every year; 30k autism cases,
140k MR cases
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The Understanding Autism project

Addresses at birth (jittered)
Autism cases

Property value deciles

Embedded in neighborhoods with
socio-demographic characteristics and
local pollutant levels – here, property
values

Distance to: each other, malls, parks,
pediatricians, schools, autism
advocacy organizations
This allows us to see how close every
case is to every other case and how
close they are to places where people
talk
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The Understanding Autism project

Addresses at birth (jittered)
Autism cases

Property value deciles

Malls

Autism advocacy organiztions

Pediatricians
Local parks
Roads
Elementary schools

Embedded in neighborhoods with
socio-demographic characteristics and
local pollutant levels – here, property
values
Distance to: each other, malls, parks,
pediatricians, schools, autism
advocacy organizations
This allows us to see how close every
case is to every other case and how
close they are to places where people
talk
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What did we learn?

As much as 15% increase in autism prevalence can be attributed to the social diffusion of
knowledge about the symptoms of autism, and the benefits of an autism diagnosis in
terms of resources for children (Liu et al 2010, AJS ; Liu & Bearman 2012, SMR)
The causal effect of the autism status of first born children on subsequent fertility is
smaller than previously thought, and impacts mothers with different educational and
class backgrounds in different ways (Makovi et al 2015, Sociological Science)
This research contributed to public health, sociology, medicine, genetics, and is followed by
new research funded by NIH (2018–2021) to study the interlink between autism and
artificial reproductive technologies
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Big Data techniques shape historical research – abolitionist
petitioning in Manchester

Petition (1807),
Parliamentary

Archive

Historic GIS, petitioners &
non-petitioners mapped

based on a Trade Directory

Inns and
taverns
mapped

8/10/2018 America as a Religious Refuge: The Seventeenth Century, Part 2 - Religion and the Founding of the American Republic | Exhibitions (Library of …

https://www.loc.gov/exhibits/religion/rel01-2.html 1/1

Philadelphia: Quäkerkirche. Wood engraving from Ernst von Hesse Wartegg, Nord-Amerika, seine Stadt und

Naturwunder, das Land und seine Bewohner in Schilderung. Leipzig: 1888. General Collections, Library of

Congress (28)

http://www.loc.gov/exhibits/religion/f0107.jpgQuaker families identified
based on church records of

burials
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What did we learn?

Petitioners clustered in space, and
that these clusters centered on the
inns and taverns that housed
merchants regularly from communities
that petitioned for abolition at earlier
timepoints
Industrialization changed patterns of
social stratification, but also
connectivity among communities, and
thus information flows

Makovi 2018, under review
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Big Data approach to gender inequality: Do co-worker networks
impact men and women differently on the labor market?

Data on all workers paying social
security contributions on the German
labor market
In Berlin between 1990-2015 500k
unique workers, and 700k person-years
300k unique men and 200k unique
women in 16 industries
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What did we learn?
1994−2015

Preliminary findings suggest that the
increase in salaries after a move
between companies is associated
with the presence of former
co-workers.
The salary-bump experienced by
men is higher compared to
women.
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Lying in social networks

Science, 2018 March

What is the causal effect of social
networks on the spread of
misinformation?
What is the effect of verification on
the spread of misinformation?
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Web of lies – an experimental study of lying

X

The Web-of-Lies Game
3 players embedded in a directed network

m1 m3

1 3
m2

2

P1 clicks on a card to draw a hidden number x={1,30}. The distribution is 
public knowledge

1

P1 sends a message to 
P2 reporting on x

P1 P2

r1

2
P1
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Web of lies – an experimental study of lying

The Web-of-Lies Game
3 players embedded in a directed network

m1 m3

1 3
m2

2

P2 observes r1 and sends a message to P2 reporting on it

P2 P3

r2

3

ui=0.5 x r3

P3 observes r2 and sends 
the final message

P3’s report determines payoffs for all

$
P3

$ $ $$

$

r3

4
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Main treatments: network structure & verification of truth

Exp. Design (Part 1)
2x3 Treatment Design

We vary the network length to allow for “hiding”: 2 vs. 3 persons
We vary the chance and type of verification for P3: No, Exo & Endo 

NO3
No verification

P3P1 P2

EXO3
Verifies with p=0.8

X
P3P1 P2

ENDO3
Verifies by clicking a button

X
P3P1 P2

NO2
No verification

P2P1

EXO2
Verifies with p=0.8

X
P2P1

ENDO2
Verifies by clicking a button

X
P2P1

3 Person

2 Person
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What did we learn?

Networks allow individuals to hide when they lie, and to lie more. Verification reduces lies.
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Big Data is a microscope in the social sciences
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