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Essays in Applied Microeconomics and Networks
by

Nils Christian Wernerfelt
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ABSTRACT:

Chapter 1 focuses on the recent dramatic shift in attitudes toward LGBT individuals in
the U.S. and the accompanying rise in the number of Americans who have openly come out.
We develop a model of stigma with Schelling-style tipping dynamics. Regions may be stuck
in equilibria with low LGBT support and few openly gay individuals. These equilibria can
be escaped via trigger events, that by causing even a small number of individuals to display
their support for LGBT causes, can cause more individuals to come out, leading to more
support, etc. We then evaluate our model with a large, online archival dataset on the timing
of coming out decisions and public displays of support for LGBT causes for several million
Americans. Using state-specific shocks to each, aggregate network data, and instrumental
variables, we show how increases in LGBT support lead to elevated coming out rates in
highly connected areas, and vice-versa.

Chapter 2 studies a recent hypothesis that posits maternal vitamin D levels during preg-
nancy may affect the probability the fetus later develops asthma. Employing two large-scale
studies, we test this hypothesis using a natural experiment afforded by historical variation
in sunlight, a major source of vitamin D. Specifically, holding the birth location and month
fixed, we see how exogenous within-location variation in sunlight across birth years affects
the probability of asthma onset. We find highly significant evidence in both datasets that
increased sunlight during the second trimester substantially lowers the subsequent probabil-
ity of asthma.

Finally, Chapter 3 is an evolutionary game theory paper about population structure. We
provide a general, modularity-based framework for studying evolutionary games on struc-
tured populations under 'weak selection' that includes many previously known results as
special cases. Our framework helps to show how these past disparate results are connected,
and we exploit this insight to develop a general method for quantifying in closed form the
effect of population structure on evolutionary dynamics. We illustrate our framework by
proposing and solving a new model that generates a simple rule for the evolution of cooper-
ation on endogenous dynamic networks.

Thesis Supervisor: Michael Whinston
Title: Professor of Economics, Sloan Fellows Professor of Management

Thesis Supervisor: David Autor
Title: Ford Professor of Economics
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Chapter 1

Tipping in Social Norms: Evidence from
the LGBT Movement

Bogdan Statet and Nils Wernerfelt

Abstract

One of the largest changes in social norms in recent years has been the dramatic shift in
attitudes toward LGBT individuals in the U.S. and the accompanying rise in the number
of Americans who have openly come out. Despite the salience of this movement and the
substantial welfare implications it has had for a significant fraction of American society,
there has been relatively little research into what causal factors may have contributed to the
movement's success. To this aim, we develop a model of stigma with Schelling-style tipping
dynamics. Regions may be stuck in equilibria with low LGBT support and few openly gay
individuals. These equilibria can be escaped via trigger events, that by causing even a small
number of individuals to display their support for LGBT causes, can cause more individuals
to come out, leading to more support, etc. We then evaluate our model with a large, online
archival dataset on the timing of coming out decisions and public displays of support for
LGBT causes for several million Americans. We find significant evidence of both trigger
events and tipping dynamics in our online measures. Specifically, we first identify plausibly
exogenous events that caused large increases in support and coming out rates. We then use
these shocks, aggregate network data, and instrumental variables to show how region-specific
shocks to LGBT support lead to increased coming out rates in highly connected areas, and
vice-versa. Our results suggest such positive feedback loops may be a powerful force for
shifting norms on a national level.

tFacebook, Stanford Department of Sociology
MIT Department of Economics
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1.1 Introduction

Social scientists have long been interested in the forces that shape social norms, and few

norms have changed as dramatically in recent memory as those regarding LGBT individuals

in the U.S. As Figure 1-1 demonstrates, the LGBT movement has been enormously successful

in changing public opinion toward same-sex marriage and allowing more gays and lesbians

to openly disclose their sexual orientations.1'2 Further, these trends are not unique to the

U.S.; in the words of The Economist, "The change in attitudes to homosexuality in many

countries - not just the West but also Latin America, China and other places - is one of the

wonders of the world" (2014).

Support for Same-sex Marriage Personally know a Gay Man or Lesbian Woman
70 100

60 80

50 0 ABC 60 BS

7 7 *CNN/ORC OGallup

*Gallup OL ATimes

O\ 0.NB News/WSJ 4*Pew
40 *NBC~cs7S 40

0Pew Clarris

00

30 20

19-May-01 13-Feb-04 9-Nov-06 5-Aug-09 1-May-12 26-Jan-1i 2 Jun 85 23-Nov-90 15-May-96 5-Nov-01 28-Apr-07 08-Oct-12

Figure 1-1: Recent trends related to the LGBT movement. The past few decades have seen
a near doubling of support for same-sex marriage. While we do not have direct data on the
number of openly gay and lesbian Americans, an indirect measure is how many people report
knowing one. With this measure, we see a roughly 50 percentage point increase in the past
three decades.

This shift in attitudes has not been ubiquitous though, and even within the U.S. being

LGBT is still greatly stigmatized in many areas. Within middle and high schools, verbal

and physical mistreatment of LGBT students is still commonplace - in one poll, 74.1% of

'Citations to poll data available in references section. Graphics inspired by one from Jones and Navarro-
Rivera (2013)

2Importantly, attitudes toward other groups, such as trans* people, have progressed more slowly.
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respondents were verbally harassed and 16.5% were physically assaulted within the past

year because of their sexual orientations (GLSEN). Thus, while there has been great change,

significant stigma still remains in some domains. Such discrepancies have substantial welfare

implications as well: current estimates are that about 3-5% of the adult population is LGBT,

and out individuals often report coming out as one of the most important events of their

lives.

Despite these welfare implications, there has been comparatively little research done into

the causal forces that helped drive the change of attitudes on a national scale. 3 Our aim in

this paper is to help fill this gap by framing some of the hypotheses observers have made

of the LGBT movement within an economic model of norms, and then bringing the model

to data. We thus develop a model of an individual's decision to disclose a stigmatized

characteristic. Though we focus on the leading example of disclosure of sexual orientation or

support for LGBT causes, our framework is equally well suited to understanding many other

important potentially stigmatized disclosures, such as those around mental illness, ethnicity,

or religion. The intuition behind our model is simple. If stigma is a decreasing function

of the number of people who have disclosed an LGBT status in an area, then some regions

could be stuck in 'low' equilibria where there are few people who have come out and because

of that, the stigma is sufficiently strong so as to deter others from doing so. The system

can unravel if a positive external shock - say from a prominent court ruling on same-sex

marriage - helps to lower the stigma, which then makes it easier for more people to disclose,

lowering the stigma further, etc. This feedback loop may create tipping dynamics akin to

those in Schelling (1971).

An obstacle that has hindered many past studies of the LGBT population is data avail-

ability. We overcome this hurdle by using a large-scale, observational dataset related to the

3Much non-quantitative, though important work has been done in queer studies, communications, and
related areas of social science; we view our paper as related, but in a separate tradition.
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timing of both public displays of support for LGBT causes and disclosure of a lesbian, gay,

or bisexual sexual orientation on Facebook from millions of Americans.4 The size and high

frequency of this data allow us to observe at a very granular level how specific LGBT-related

events affected both our measurements of support and coming out.

We use this data to test the implications of our model in three ways. First, our model

predicts different geographic regions may be in different equilibria - some may be in equilibria

with low LGBT support and few openly LGBT individuals, and others many be in equilibria

with higher levels of both. To analyze this, we use external data both as a benchmark

and as a partial validator of our online dataset to study the spatial distribution of support

and openly LGBT individuals across the U.S. Second, to test whether trigger events might

serve as positive shocks to regions, we explore the effects of both same-sex marriage court

rulings and the introduction of an LGBT-related feature on the site, using the timing of

these events as a source plausibly exogenous variation. Finally, to analyze whether there

is evidence of positive feedback between public displays of LGBT support and coming out

online, we use our aggregate data to show how shocks to one affect the other through the

friendship network. Specifically, to see if shocks to support lead to more people coming out,

we instrument for the former using the timing of pro-same-sex marriage court rulings in

different states. To provide evidence that increases in exposure to LGB individuals affects

support, we use the timing of the aforementioned site event where many users chose to reveal

their sexual orientations publicly.

As a preview of our results, we find evidence both in our external and Facebook data that

different states are in different equilibria. Second, following a major state-level court deci-

sion on same-sex marriage, we find an immediate in-state increase in number of non-LGBT

individuals who publicly support LGBT rights on Facebook. Following the introduction of

Facebook's custom gender option, we see a large spike in the number of individuals who

4Due to data limitations, our analysis unfortunately does not include transgender individuals.
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publicly disclose their sexual orientations. Finally, using these shocks, we find significant

evidence that state-specific increases in LGBT support help cause individuals in connected

states to come out, and vice-versa.

Our results are consistent with the model's prediction that trigger events and peer effects

were two of the causal forces behind the dramatic increase in support and coming out rates

in the U.S. We believe the presence of peer effects between disclosure and support within the

LGBT movement is informative not only for the future of the LGBT movement in the U.S.

and abroad, but also for other groups that face significant stigma. While we identify our

peer effects with LGBT-specific events, comparable events may be possible for other groups.

The rest of this paper is organized as follows: Section 2 frames our research within past

work and discusses related norms; Section 3 contains our model; Section 4 describes our

data; Section 5 articulates our methodology and has our main empirical results; and Section

6 concludes.

1.2 Past Evidence on the Determinants of Social Norms

A stylized fact across many populations is that individuals who report a stronger bias against

a subgroup tend to have less contact with it. For example, anti-Muslim sentiment is higher

amongst individuals who do not know any Muslims (Center, 2014); individuals who know

someone with a mental illness are less likely to think they are dangerous (Link and Cullen,

1986); and more interracial contact is associated with more positive attitudes amongst blacks

and whites (Sigelman and Welch, 1993). More directly related to our work, Herek and Glunt

(1993) report a correlation between having a gay friend and having positive attitudes towards

gays, and Lewis (2011) reports a similar finding. These results are all consistent with Allport

(1954)'s 'contact hypothesis' that posits interpersonal contact can be an effective method of

13



reducing prejudice. 5

Allport's hypothesis motivates one part of our analysis, which many in the popular press

have also discussed - that contact with gays and lesbians may cause an increase in support for

LGBT causes.' We test not only if exposure to LGBT individuals increases our measurement

of support, but also if more exposure to support increases the likelihood individuals will

come out on Facebook. Such positive feedback could help inform our understanding of the

evolution of the LGBT movement and that of other stigmatized groups more broadly.

We frame these arguments within an economic model that builds off of Schelling (1971).

While the aforementioned positive feedback loop is what connects our work to that of

Schelling, it is also closely related to that of Benabou and Tirole (2011). Benabou and

Tirole similarly model the individual tradeoff between a private cost of action and a social

sanction that is endogenously created by the individuals who choose to act. Their paper

is purely theoretical, though recent empirical support that is broadly consistent with their

model has been found in Besley et al. (2015) and Jia and Persson (2013), who study peer ef-

fects in tax evasion and ethnicity choice for children of multi-ethnic parents. 7 More broadly,

stigma has been shown to affect many corners of society today and is often very costly -

for example, millions of Americans each year do not seek treatment for mental illnesses due

to stigma (Corrigan et al., 2014), and the enrollment costs for some welfare programs from

stigma have been estimated at four times the time costs of determining and maintaining eli-

gibility (Manchester and Mumford, 2011). Hence, a deeper understanding of stigma's causes

and how it may evolve is important.

5 Though as Sigelman and Welch (1993) discusses, the empirical literature in this area has not all produced
consistent results.

6 Broockman and Kalla (2016) recently found that short, ten minute conversations with voters may help
reduce transphobia for an extended period of time. Due to our data, we cannot measure if beliefs are
changing at the level that these authors study, but we can see how public openness about sexuality and
public displays of support affect one another.

7A separate style of empirical analysis that has looked at tipping is found in Card et al. (2008) and Pan
(2015), who look for discontinuities in the dynamics of racial segregation and share of female labor force,
respectively.
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There is a large body of work that documents the stigma surrounding LGBT individuals

in the U.S. Past economics studies have found not only within-occupation wage discrepancies

(largely for gay men), but also negative effects on educational attainment before the job

market (Martell (2013), Carpenter (2007), Mueller-Smith (2013)). Further consistent with

a substantial stigmatization, a large volume of public health literature has found LGBT

individuals at greater risk for suicidal behavior, mental disorders, substance misuse, and a

host of other ailments (see King et al. (2008) for a recent meta-analysis). There is even

evidence that some of these public heath issues could be worsened via same-sex marriage

bans (Francis et al. (2012), Rostosky et al. (2009)).

On a final note, part of our identification strategy rests on the impact of court decisions on

same-sex marriage. Some of these decisions were stayed or immediately appealed, resulting

in no direct, instantaneous benefit. However, we wanted to highlight the body of literature

on the 'expressive' role of law in signaling societal values (e.g. Sunstein (1996) and Posner

(2000)). The theme of this work is that apart from simply allocating rewards or punishments

for different behaviors, laws may also serve as signals to individuals of the values of the

populace. 8 In our context, court decisions on same-sex marriage not only may confer a direct

potential benefit to gay and lesbian individuals, but it also signals a broader sentiment about

their acceptance in American society, which may well induce a behavioral response.

1.3 Model

1.3.1 Setup

We construct a Schelling-style model of the interaction between two types of agents - those

who are deciding whether or not to reveal a stigmatized characteristic, and those who are

'An empirical example is why after the removal of a symbolic fine for not voting in Switzerland, voter
turnout decreased (Funk, 2007).
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deciding whether or not to publicly voice support for the stigmatized group. For simplicity,

we refer to these groups as the D and S segments, respectively, for the potential Disclosers

and Supporters. Though our paper focuses on the leading LGBT example, we frame the

model in general language to emphasize its applications to mental health, religion, ethnicities,

and many other areas.

Population segment D consists of a continuum of individuals, each of must choose di E

{0, 1}, corresponding to non-disclosure and disclosure, respectively. Similarly, those in S

must choose s, E {0, 1}, denoting either publicly supporting the stigmatized cause or not.

Each D individual has a private utility of non-disclosure, denoted by Ai E R. This captures

the fact that 'passing' as a member of the non-stigmatized group may be valued differently

by different people - for example, some people may be very content to pass as straight,

whereas for others it may be more important to openly disclose an LGB sexual orientation.

Similarly, each S individual has a private utility 7j e R of not publicly supporting the

stigmatized group. For example, some individuals may be more comfortable than others in

publicly voicing supportive messages about mental illness or abortion. Let F(A) and G(Y)

denote the respective cumulative density functions.

To capture the interaction between these groups, we define payoffs as

u(Ai, di) = dis + (1 - di)A(1.1)

v(7y, sj) = sjd + (1 - sj)yy (1.2)

where s and d denote the fraction of all S and D players who choose to support or

disclose. Notice that each D individual is trading off a privately-borne utility of disclosure,

Ai, with a commonly-shared benefit from disclosure, modeled as the linear function s. Such an

endogenous social sanction is also present in Benabou and Tirole (2011) and yields equilibria

in cutoff strategies - given s, all individuals who disclose are those with Ai <; A*, where

16



A* = s. (1.3)

Similarly given d, the fraction of supporters is given by G(Y*) where -y* = d. An equilibrium

of this system is given by a fixed point, A* = G(F(A*)), whereby the cutoff for the fraction

of D individuals who disclose induces a level of support that yields exactly the same fraction

of disclosers.

Importantly, depending on how F and G are shaped, this system may well have multiple

equilibria - there may be different levels of support and disclosures that are self-sustaining.

It is also clear how such an equilibrium, if it receives a positive shock to the number of

disclosers, may lead to more supporters, which could lead to more disclosers, etc. (And

vice-versa if there is a positive shock to the number of supporters.)

1.3.2 Predictions

From this model, we now derive the main predictions we will test in this paper with our

leading example of the LGBT movement. Our first prediction is straightforward:

Prediction 1: Multiple equilibria may exist, some with high levels of support and openness

and others with low levels of both.

Next, we consider whether shocks to the system may have an impact on either the num-

ber of new public supporters or the number of new disclosers. Specifically, consider a shock

to G that makes some individuals perceive their private costs of supporting an LGBT cause

diminish. If these individuals have private costs just above -*, then the shock could directly

lead to more individuals' publicly supporting an LGBT cause. The same logic holds for
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shocks to F, leading to our second prediction:

Prediction 2: Shocks that lower the perceived private cost of supporting an LGBT cause

(coming out) for some individuals may lead to more supporters (disclosers).

The above prediction concerns the direct effect of a shock to G or F, from the second

terms in the utility functions. Our final and main prediction concerns the first terms, and the

indirect effects of shocks to both supporters and disclosers. Namely, a shock that directly

leads to new supporters, by increasing s will also increase the number of new disclosers.

Hence, we have:

Prediction 3: Shocks to the number of new supporters may cause an increase in the number

of new disclosers, and vice-versa.

We now discuss our data before turning to our empirical analyses.

1.4 Data Overview

Our data come from three main sources: (1) historical data from Facebook, (2) external data

on the density of LGBT individuals and same-sex marriage supporters across the U.S., and

(3) data on the timing of state level court decisions. All data is over the course of 2014.

1.4.1 Self-disclosure, location, and friendship data

Our main dataset consists of historical, observational data on the census of American Face-

book users that were anonymized and aggregated at the state-day level. Below we discuss
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each of our variables of interest; summary statistics are provided at the end.

Disclosing a Gay, Lesbian, or Bisexual Status: In order to join Facebook, users must

provide a gender. In addition to having the option to list male or female, users may also

enter a gender identity of their choosing in a free form text box.9 Users further do not need

to make their genders visible on their profiles. In addition, the site provides an option to

provide the gender(s) of individuals the user is 'Interested In,' which in the U.S. is widely

used to denote sexual orientation. People have the option of making the 'Interested In'

field viewable to the public, friends only, a specific audience they select (via Facebook's list

feature), or "Only me." This paper includes people who made the field viewable to the public

and friends only. At the time of this writing, about 31.4% of Americans users have filled in

this field. On Facebook, the Interested In field is currently listed under the 'Contact and

Basic Info' section, and when editing one's profile it appears as in Figure 1-2.

Women Men

Lt Friends Cancel

Figure 1-2: Facebook users have the option to list the gender of the individuals they are
'Interested In,' which is widely used to denote sexual orientation in the U.S.

Our main dataset includes at the state-day level the total number of American Facebook

users who changed the value of the Interested In field to reflect an LGB status each day

over 2014. For example, a user who previously had a blank Interested In field but then

changed it to reflect a bisexual orientation would be counted in our aggregate number, as

would someone who was previously listed as bisexual and then changed it to being either

gay or lesbian. These counts are aggregated to the state-day level, so we only observe, for
9 As we will discuss in more detail later, the option to enter a non-binary gender was actually introduced

over our data window. Our analysis unfortunately does not include individuals who entered a non-binary
gender, though the feature's introduction plays a key role in a later identification strategy.
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example, that a total of 272 individuals came out in New York state on May 10, 2014. Over

the course of our data, we see more 975,000 instances of coming out on Facebook according

to this metric, and as of writing there are nearly 3.9 million Americans who identify as LGB

on Facebook in this manner.

Support for LGBT Causes: Users on Facebook can 'Like' different pages that represent

various companies, celebrities, causes, etc. After a user likes a page, it becomes visible on her

profile for her friends to see. Further, if a user goes to the homepage for a page, Facebook

displays a list of the user's friends who currently like it. We hand compiled a list of about

350 pages on Facebook that users can like in support of LGBT causes and that are not in-

dicative of an own LGBT status. We count the number of individuals at the state-day level

who newly like one of these pages and who themselves do not list an LGB status.10 Hence,

a user who previously liked one of these pages and who then likes another over a day in our

sample would not be counted, as her support for LGBT causes would already be clear. The

reasoning behind this is the aforementioned literature that found it was fear of how straight

people would respond that is a primary concern for closeted LGBT individuals." During

2014, more than 2 million non-LGB Americans liked one of these pages for the first time.

For our first analysis, where we compare broad levels of LGBT support around the country,

we do include support coming from LGB individuals on Facebook - there are more than 5.6

million Americans who support one of our pages as of writing.

Location: For all of our geographic data, we match users to states using their current re-

1 0 0n June 26-27, more than 300,000 new supporters of LGBT pages were created. This is about two
orders of magnitude more than the average number of new supporters nationwide per day, and we suspect
this is due to one or more of the pages acquiring fake likes. Due to this, we omit these two days from all of
the below analysis.

"Of course, some of the people who do not describe themselves as LGB by their Interested In status
on Facebook may be openly LGB offline, though as will become clear later on, this would only bias our
coefficients toward zero.
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ported locations, and we limit our sample to individuals in the United States.

Aggregate Friendships Across States: We also count the current aggregate number (as

of October 2015) of friendships across states in the US. We use this to construct measure-

ments of how shocks in one state differentially affect other states. In terms of the aggregate

counts across states, though, there is substantial variation, ranging from 18,000 friendships

between South Dakota and Vermont to about 60 million friendships between Texas and Cal-

ifornia. The mean is 2.8 million and the median is about 960,000.

External data: We use two primary external datasets. The first comes from the Public

Religion Research Institute (PRRI) and consists of state level poll data from 2014 on the

level of support for same-sex marriage. The second comes from Gallup and consists of the

fraction of telephone respondents in each state who responded affirmatively to the question

'Do you, personally, identify as lesbian, gay, bisexual, or transgender?' over the course of

2014. We include these two external datasets in order to compare our Facebook data to of-

fline measurements. Finally, we also obtain data on each state's population from the Census

Bureau's estimates for 2014.

Below we provide summary statistics for our main variables of interest.
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Table 1.1: Summary statistics.

Mean I Std. Dev. Min Max

# LGB Interested In 52.48 73.91 0 1,705
Changes per state-day

# New non-LGBT 109.2 170.62 0 11,310
Supporters per state-day

Fraction LGB per state of those 1.98% 0.40% 1.28% 3.09%
who filled in the Interested In field

Fraction Supporters per state 3.02% 0.76% 1.64% 5.71%

Number friendships 2.9m 5.5m 18k 60m
between states

1.4.2 Comments on our online measurements

The moment an LGB individual comes out in his or her personal life may or may not coincide

with a corresponding update to the Interested In field. Coming out on Facebook may be a

very important moment for an individual, or it may simply be a response to a salient event

and already widely known offline - we have no way of telling from our data.1 2 The same

is true for supporting LGBT causes. However, our data are still valuable for studying the

LGBT movement and norms more broadly for a number of reasons.

First, our data are highly significantly correlated with state-level polling data on the

fraction of the population that is openly LGBT or supports same-sex marriage, suggesting

that our data may in fact be a good measurement of both disclosure and support status.

As aforementioned, we collected state-level data from Gallup Analytics and the PRRI" on

both the fraction of respondents who feel comfortable disclosing over the phone that they

12 There is much anecdotal evidence of individuals' using Facebook to come out even to close family
members, but exactly how large this population is and how many of them are on the margin in our sample
is unknown.

"Flores and Barclay (2015) combine multiple data sources to estimate public opinion toward same-sex
marriage in different states in 2014, citing the disaggregation used in the PRRI studies as a point of concern.
Repeating the analysis with this data yields very similar results.
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are LGBT and the fraction who favor same-sex marriage.1 4 " Below we compare how that

offline data compare to data from Facebook on the fraction of LGB individuals amongst

those who list their sexual orientations and the fraction of Facebook users who like a page

for an LGBT cause. Though the levels of the variables differ, reflecting the separate metrics,

the measurements are highly significantly correlated (Pearson's correlation coefficient p =

0.66, p<.0001 for LGBT status, and p=0. 54 , p<.0001 for LGBT support). We also note

that the Facebook data are interesting in their own right for conveying a sense of the spatial

distribution of stigma around public expressions of sexual orientation and LGBT support.

Offline vs. Online Measurements of LGBT Status Offline vs. Online Measurements of LGBT Support
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Figure 1-3: Scatterplots that depict how our online measurements correlate with similar
offline ones. The measurements are highly significantly correlated (Pearson's correlation
coefficient p = 0.66, p<.0001 for the measurements of LGBT status, and p=0.54, p<.0001
for LGBT support).

Second, publicly stating an LGB status on Facebook or support for an LGBT cause

may itself have important spillover effects. For marginal individuals who are unsure about

the sexual orientations or beliefs of others, such a disclosure may contain very important
14While we do note have data on transgender individuals, we note that this population is currently esti-

mated to be much smaller in size to that of LGB individuals (Harris, 2015).
1 5PRRI data unfortunately do not exist for Washington DC.
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information. This applies for current friends, future Facebook friends, or others who may

now hear the news indirectly.' 6 Finally, our data still enable us to measure the core question

of how public disclosures of sexual orientation and public support for LGBT causes interact.

Evidence of positive feedback between these two on Facebook suggests similar dynamics may

exist offline as well.

1.4.3 Court Rulings

There was an unprecedented string of judicial victories for same-sex marriage over 2014.

For example, at the start of 2014, sixteen states were issuing marriage licenses to same-sex

couples; a year later the number had more than doubled to thirty-five. We identified twenty-

nine major state and federal court decisions over 2014 with pro-LGBT rulings for use in our

analysis.

We focus on these for a number of reasons. First, these were very salient events, often

receiving significant local news coverage, and so individuals were likely to hear about the

decision. Second, by virtue of being major decisions, they carried a significant expressive

value for individuals on the margin of publicly supporting LGBT causes. Third, these events

were sudden and their exact timing was arguably hard to predict, so our results are less likely

to be contaminated by anticipatory effects. In terms of our specific variable construction,

we define an indicator variable that is equal to one in the state and day when that state had

a decision and zero otherwise.

We note that for purposes of our identification strategy we could not use every major

decision on same-sex marriage that occurred over 2014. In particular, the two major decisions

that we omit from our analysis are the October 6 decision by the Supreme Court to decline

1 6 We note that some individuals may not actually support LGB causes (or even be LGB) but may still
falsely claim that on Facebook. This would of course make our measurements of each outcome variable
weaker, as they are no longer unambiguous signals. We have no way of knowing how large this population
is, but we suspect it is small and that our measurements are still strong indicators of underlying positions.
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review of several petitions that arose from lower court decisions on same-sex marriage, and

the February 26 district court decision in Texas that struck down that state's same-sex

marriage ban. The former was a strong outlier amongst all other decisions during 2014

as it simultaneously affected eleven states and was the subject of intense national media

coverage as it was thought to foreshadow future rulings from that Court.17 The February

26 decision similarly coincided with another major event - Arizona Governor Jan Brewer's

decision to veto SB 1062. This bill would have allowed businesses to deny service to LGBT

customers, and the substantial national news coverage the veto received could have similarly

contaminated our results.

Below we show the dates, states affected, and a brief description of the ruling, for each

of our decisions. 18

17The ruling affected five states directly (Indiana, Oklahoma, Utah, Virginia, and Wisconsin) and was
also applicable to six other states (Colorado, Kansas, North Carolina, South Carolina, West Virginia, and
Wyoming) that fell under the jurisdiction of the appeals courts from which the petitions were declined. In
five of these states, instead of same-sex marriage being legalized instantly, there were district court decisions
over the subsequent months that implemented the October 6 ruling. Since it was clear on October 6 that
the ruling would apply to all these states, we omitted these follow up decisions from our main analysis; if we
include them though, our results are very similar (see Appendix).

181n our Appendix we also rerun our results with different sets of decisions for robustness.
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Table 1.2: Case names, dates, and states.

Date State Decision

Jan. 14, 2014 OK Bishop v. United States: District Judge Terence Kern ruled Oklahoma's constitutional
amendment that banned same-sex marriage was unconstitutional.

Feb. 12, 2014 KY Bourke v. Beshear: District Court Judge John Heyburn II ruled that Kentucky must
recognize same-sex marriages from other jurisdictions.

Feb. 13, 2014 VA Bostic v. Rainey: District Court Judge Wright Allen ruled Virginia's same-sex marriage
bans were unconstitutional.

March 21, 2014 MI DeBoer v. Snyder: District Court Judge Bernard Friedman ruled that Michigan's ban
on same-sex marriage was unconstitutional.

April 14, 2014 OH Henry v. Wymyslo: District Court Judge Timothy Black ruled that Ohio must recognize
same-sex marriages from other jurisdictions.

May 9, 2014 AR Wright v. Arkansas: Arkansas State Circuit Judge Christopher Piazza ruled Arkansas'
same-sex marriage ban was unconstitutional.

May 13, 2014 ID Latta v. Otter: Chief Magistrate Judge Candy Dale ruled Idaho's same-sex marriage ban
was unconstitutional.

May 19, 2014 OR Geiger v. Kitzhaber: District Court Judge Michael McShane ruled that Oregon's
constitutional ban on same-sex marriage was unconstitutional.

May 20, 2014 PA Whitewood v. Wolf : District Judge John Jones III ruled that Pennsylvania's same-sex
marriage ban was unconstitutional.

June 6, 2014 WI Wolf v. Walker: District Court Judge Barbara Crabb ruled that Wisconsin's ban on
same-sex marriage was unconstitutional.

June 25, 2014 IN Baskin v. Bogan: District Court Judge Richard Young ruled that Indiana's same-sex
marriage ban was unconstitutional.

June 25, 2014 UT Tenth Circuit Court of Appeals affirmed the 2013 ruling of District Judge Robert Shelby
in Kitchen v. Herbert that struck down Utah's same-sex marriage ban.

July 1, 2014 KY Love v. Beshear: District Court Judge John Heyburn II ruled that Kentucky's ban on
same-sex marriage was unconstitutional.

July 18, 2014 OK Tenth Circuit Court of Appeals upholds the district court decision in
Bishop v. United States.

July 23, 2014 CO Burns v. Hickenlooper: District Court Judge Raymond Moore ruled Colorado's same-
sex marriage ban was unconstitutional.

July 28, 2014 VA Fourth Circuit Court of Appeals ruled for the plaintiffs in the appeal of Bostic v. Rainey.
Aug. 21, 2014 FL Brenner v. Scott: District Court Judge Robert Hinkle ruled that Florida's bans on same-

sex marriage were unconstitutional.
Sept. 4, 2014 WI Seventh Circuit Court of Appeals affirmed the district court's ruling in Wolf v. Walker.
Sept. 4, 2014 IN Seventh Circuit Court of Appeals affirmed the district court's ruling in Baskin v. Bogan.
Oct. 7, 2014 ID Ninth Circuit Court of Appeals affirmed district court's ruling in Latta v. Otter.
Oct. 7, 2014 NV Ninth Circuit Court of Appeals overturned district court's ruling in Sevcik v. Sandoval,

ordering an injunction against enforcement of Nevada's same-sex marriage ban.
Oct. 12, 2014 AK Hamby v. Parnell: District Court Judge Timothy Burgess ruled Alaska's bans on

same-sex marriage were unconstitutional.
Oct. 17, 2014 AZ Majors v. Horne: District Court Judge John Sedgwick ruled Arizona's same-sex

marriage ban was unconstitutional.
Nov. 6, 2014 MI Sixth Circuit Court of Appeals ruled for the plaintiffs in the appeal of DeBoer v. Snyder.
Nov. 19, 2014 MT Rolando v. Fox: District Court Judge Brian Morris ruled that Montana's same-sex

marriage ban was unconstitutional.
Nov. 25, 2014 AR Jernigan v. Crane: District Court Judge Kristine Baker found Arkansas' ban on same-

sex marriage unconstitutional.
Nov. 25, 2014 MS Campaign for Southern Equality v. Bryant: District Court Judge Carlton Reeves found

that Mississippi's same-sex marriage ban was unconstitutional.
Dec. 19, 2014 FL Supreme Court declined to stay district court's injunction in Brenner v. Scott, thereby

enabling same-sex marriages to begin shortly in Florida.
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1.5 Methodology and Results

We now analyze whether the model's predictions are borne out within our dataset. We first

consider whether there is evidence of multiple equilibria across the U.S. before turning to

specific events and peer effects.

1.5.1 Prediction 1: Multiple Equilibria

Our first prediction states that within separate regions, the levels of LGBT support and the

number of openly LGBT individuals may be correlated. Since our data is aggregated at the

state level, that will be our unit of analysis. While anecdotally such a result may seem likely,

it is important to see if it is in fact borne out by the data, and if so, what the magnitudes

of the disparities may be.

We test this prediction using each of our offline and online data. For each of the four

measurements, Pearson's x2 test reject the null with p < 2.2 x 10-16 that the empirical fre-

quency distribution across states is uniform.19 Further, below we plot how our measurements

of LGBT support and openness with LGBT status vary across states. Each plot shows a

clear positive, significant correlation (Pearson's p=.47, p = .0006 for the offline data; p=.33,

p = .0137 for the online data). 20

9 For the Gallup data, comparing counts of affirmative and negative responses, X25 = 337.93; for the
PRRI data, comparing favor vs. not, X49 = 1450.3; for the Facebook data comparing counts of individuals
who list themselves as LGB vs. not, X5o = 140,990; and finally for the Facebook data comparing counts of
supporters vs. not, X5o = 208,420. We note the PRRI data has one fewer degree of freedom since they do
not cover Washington DC.

20 1n fact, all four of our offline and online measurements are significantly correlated. In other words, that
states with high favorability to same-sex marriage according to PRRI also have a higher fraction of LGB
Facebook users (p = 0.65, p < .0001), and states with a high fraction of Facebook users who support an
LGBT cause also have more Gallup respondents reporting an LGBT identity (p = 0.28, p = .044).
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Figure 1-4: In both our offline and online datasets, the state-level measurements of LGBT
support and openness with LGBT status are significantly positively correlated. Perhaps not
surprisingly, we can see in the above that in both the offline and online data, many coastal
states appear to be in equilibria with both more LGBT support and openness with LGBT
status than parts of the South and Midwest.

From these figures not only can we see there is broad spatial correlation in support and

LGBT openness, but the magnitudes of the differences across states are also relatively large.

For all four of the metrics, the states with the highest approval or fraction of openly LGB(T)

individuals was more than double that of the corresponding lowest state. Hence, not only do

we find evidence consistent with multiple equilibria across states, but we also find evidence

of substantial differences.

1.5.2 Prediction 2: Trigger Events

Now we test whether certain events could trigger both more individuals to support LGBT

causes on FacebQok and more individuals to come out. We perform two sets of analyses:

first, we look at the effect of the timing of same-sex marriage court decisions as shocks to

the support rates in different states; second, we look at the effect of Facebook's nationwide

introduction of a custom gender option - whereby users could suddenly choose to specify

a non-binary gender - on February 13, 2014, and how that affected coming out rates in

different states.

We view the court decisions and introduction of the custom gender option as directly
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affecting individuals' decisions to either support LGBT causes on the site or disclose an

LGB identity, independent of contact with LGB individuals or supporters, respectively. As

such, we treat these as shocks to the private cost terms of our utility functions; in the next

section, we consider their spillover effects.

Shocks to LGBT support

Pennsylvania's ban on same-sex marriage was struck down on May 20th, 2014 by District

Judge John E. Jones III. The number of new non-LGBT supporters in Pennsylvania on that

day was about 2,445, which is nearly ten times its daily average of 257. In this section, we

use the timing of court decisions over our data window to test whether these rulings served

as trigger events for support of LGBT causes amongst non-LGBT individuals.

Given our panel data, we run a difference-in-differences specification to compare rates

before and after the day of these decisions. Our baseline specification is as follows:

Supp~t = -ys + At + 0 i31Ds,t+, + Est (1.4)

where Suppet is the number of new supporters of LGBT causes in state s at day t who are

not LGBT themselves, divided by the state's 2014 population. The first two terms are state

and day fixed effects, and the D,,t+, terms equal 0 for all state-day pairs other than s and

t+T. We have T E {< -3, -3, -2, 0, 1, 2, 3, 4, > 4}, where the first and last denote variables

that equal 1 for all days prior to the decision and 0 otherwise. Note that -1 is omitted, so we

are comparing the support rates in a state-day pair to the rate in that state on the day prior

to the decision. Huber-White standard errors are clustered at the state level throughout.

Intuitively, the variation we are exploiting is that state-level court decisions affect specific

states at specific times more than other states, and so we use the disclosure rates in non-
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treated state-day pairs as controls. As with any difference-in-differences estimation, our

results can be interpreted causally under the assumption that the trends in support in treated

states would have been the same in the absence of treatment. We note that given the high

frequency of our data, we believe this assumption is quite likely to hold.

Our main results are depicted below, in Figure and Table form. Column (1) of our table

includes the main specification above, to which we then add region-day dummies (Column

2), and then linear state time trends (Column 3) .21 Overall, we see substantial own-state

effects of the court decisions on support for LGBT causes that persist for several days.

Our dependent variable in Columns (1-3) is the fraction of a state's population that

starts supporting an LGBT cause on Facebook each day who are not LGBT themselves.

From Table 1.3, we can then see that the magnitude of the effects we observe are quite large

- the own day effect is more than double the average, and even three days later the rate is

still significantly above its normal level.

2 1Where regions are those defined by the Bureau of Labor Statistics. Specifically, the Midwest is ND, SD,
NE, IA, MN, WI, IL, MI, IN, and OH; the Southwest is NM, OK, TX, AR, and LA; the Southeast is KY,
TN, MS, AL, GA, FL, NC, and SC; the Mid-Atlantic is PA, WV, VA, DE, MD, and DC; Western is AK,
HI, CA, AZ, NV, ID, OR, and WA; the Mountain Plains are MT, WY, UT, CO, KS, and MO; NY/NJ are
those two states; and New England is VT, NH, ME, MA, RI, and CT.
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Table 1.3: Effects of pro-LGBT Court Decisions on the Number of New LGBT Supporters.
All table entries are scaled by a factor of 106 for expositional clarity.

Dependent variable:

# New LGBT supporters/state pop, scaled

(1) (2) (3)

Ds,t<-3 0.658 -0.726 -1.427
(1.330) (1.227) (1.318)

Ds,t-3 0.922 -0.461 -0.476
(1.143) (1.099) (1.102)

Ds,t-2 1.707 0.254 0.246
(1.056) (0.910) (0.913)

DS't 45.631*** 43.213*** 43.218***
(10.711) (9.963) (9.980)

Ds,t+1 26.194*** 24.797*** 24.818***
(5.913) (5.434) (5.448)

Ds,t+2 9.286*** 8.268*** 8.305***
(2.808) (2.390) (2.399)

Ds,t+3 8.320*** 7.184*** 7.229***
(2.614) (2.317) (2.329)

Ds,t+4 7.586*** 5.623** 5.674**
(2.547) (2.251) (2.264)

Ds,t>4 -0.198 -1.281 -0.730
(1.227) (1.158) (1.147)

Observations 18,461 18,461 18,461
Adjusted R2  0.514 0.552 0.553
State Fixed Effects Y Y Y
Day Fixed Effects Y Y Y
Region x Day dummies N Y Y
Linear state time trends N N Y

Note: *p<0.1; **p<0.05; ***p<0.01
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It is also worth commenting on the short run nature of the effects we observe. Due to

the volume of content that is created on the site each day, material on Facebook tends to

have a very short half life. Hence, users who sign on even a few days after a court decision

would tend to be exposed to many fewer news articles, status updates, etc. that relate to

that event. This timing is consistent with the window over which we observe effects.

The coefficients from Column (3) are displayed below in Figure format:

Scaled New Supporters per Day/State population

60-

LL

~-3 -3 -2 - 0 2 3 4

Days Away from a Court Decision

Figure 1-5: Representation of Column (3) from Table 1.3. We see a substantial effect of
court decisions on the number of new supporters of LGBT causes on Facebook within the
affected state that persists for several days.
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Shock to Coming Out

On February 13, 2014, the total number of people who came out nationwide was nearly

2.5 times the national daily average. This day coincides with the nationwide introduction of

Facebook's custom gender option - instead of only having a binary option for one's gender

identity, starting on this day, users could choose any of a large number of pre-defined options.

The new feature thereby drew attention to the fact that the site can display one's gender

identity and LGBT status more broadly.

It is worth emphasizing that finding a plausibly exogenous source of variation for some-

thing that may be as personal as coming out as LGB is quite challenging. In contrast to our

previous analysis, which had variation at both the location and time levels, since this shock

occurred nationwide on a single day, we use an event-study framework to analyze its impact

on coming out rates. Our baseline specification is:

Outst = 7 + f3#rDt+, + Est (1.5)
T

where Outt is the number of individuals who disclosed an LGB status in state s at day

t, divided by the population of state s. We also include state fixed effects, and the D,,t+,

are as defined earlier, with T E {< -3, -2, -1, 0, 1, 2, 3, 4, > 4} and D,, equal to one on

February 13, 2014 only. Here, -3 is the omitted day, as February 13, 2014 was a Thursday,

and Mondays tend to have the highest internet usage, and we might thus expect more LGB

updates then. Huber-White standard errors are clustered at the state level throughout.

Our main results are depicted below in Table 1.4 and Figure 1-6. Note that not only do

we observe a significant effect on the date of the feature's rollout, but it persists for several

days - likely due to users who check Facebook less than daily. On this specific day the rate

was more than double its mean level, and it remained elevated for several days. Similar to

the previous section, the window over which we observe effects is logical given the site.
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Table 1.4: Effects of Custom Gender Introduction on the Number of New LGBT Disclosers
on Facebook. We see an immediate effect that persists for several days.

Dependent variable:

# New LGB

(1)

0.368
(0.315)

-0.051
(0.456)

-0.890**
(0.442)

10.286***
(0.821)

1.939***
(0.445)

2.151***
(0.491)

1.376***
(0.322)

0.320
(0.455)

-2.442***
(0.395)

Observations
Adjusted R2

State Fixed Effects
Linear state time trends

18,615
0.512

Y
N

Disclosures/State population, scaled

(2)

0.239
(0.315)

-0.045
(0.457)

-0.877**
(0.442)

10.305***
(0.823)

1.964***
(0.445)

2.183***
(0.491)

1.414***
(0.323)

0.364
(0.456)

-1.394***
(0.369)

18,615
0.538

Y
Y

*p<0.1; **p<0.05; ***p<0.01
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Scaled New LGB Disclosures/State population

12

0- -------- ----------------- --------------------------- - -- -

~-3 -3 -2 -1 0 1 2 3 4 '

Days Away from Feb. 13, 2014

Figure 1-6: Representation of Column (2) from Table 1.4. Similar to the effect of the court
rulings, we find evidence that the introduction of the custom gender option caused an increase
in the number of individuals who come out on Facebook each day. The effect persists for
several days. We speculate that a possible reason for the significantly negative coefficient on
Feb. 12 (p=.04 7 ) may be due to some individuals' hearing about the rollout in advance and
perhaps delaying their status updates until the larger event.
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1.5.3 Prediction 3: Positive feedback

In the previous section we found evidence that specific events may cause more individuals to

either start supporting LGBT causes or come out as LGB on Facebook. In this section, we

test our final prediction, that these shocks may further have indirect effects, causing more

individuals to come out and support LGBT causes, respectively. We have two identification

strategies which we discuss in turn.

Does more support lead to more individuals' coming out?

Our identification strategy in this section is similar to that of past authors who have used

network data to identify peer effects (e.g. Tucker (2008) or Acemoglu et al. (2014)) in that

we use instruments for neighbors' statuses. Given we have state-day counts of our outcome

variables as well as data on the aggregated connections across states, our identification

strategy for this section relies upon the timing of state-specific shocks and how these are

differentially felt at different times across the social network.

Specifically, the baseline second and first stages of our peer effects specification is given

by

Outst = -y + At + aSuppExposuret + Est (1.6)

Supp_Exposurest = s + At + 3Court _Exposuret + Vst (1.7)

where Out, is the number of new LGB disclosures in state s at time t divided by the state

population of s, -y,, are state fixed effects, At are day fixed effects, and SuppExposurest is
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the friendship network-weighted exposure state s received on day t to all other states' new

non-LGBT supporters (again divided by their respective state populations). Our instrument

for this term is Court_ Exposuret, which is the friendship network-weighted exposure state

s received on day t to court decisions in all other states.22

We construct our friendship network G as follows. First, we take all friendships where

both individuals report living in the U.S. We then take all friendships where one individual

reports living in state i and the other reports living in state j. We then define Gij as the

latter over the former: it is the fraction of all U.S. friendships that lie between states i and j.

After constructing this matrix, we set the diagonal to zero. Our specification thus captures

how the fraction of the population that comes out on Facebook each day in state s varies

with the fraction of the population of all other states that start supporting LGBT causes on

Facebook that day, weighted by the number of friendships between the states. We elaborate

on this a bit more in the below Figure.

22 It is worth discussing how we translate our model to this specification. Our model makes predictions at
the level of the individual. Particularly, exposure of individuals to friends supporting LGBT causes should
affect their levels of support for those causes. Operationally, if we assume that the exposure an individual
receives on a given day is proportional to the number of her friends who concurrently start supporting LGBT
causes, the total exposure individuals in state s would receive from state s' on day t is:

E E 1{j is in s'} x 1{j starts supporting on day t} (1.8)
iEs jEi's friends

However, since our data is aggregated at the state level, we do not observe the timing of individual level
decisions or their connections. Hence, instead we replace the above expression with one proportionate to the
below, and say that the total exposure state s receives from s' on t is

i{j is in s'}) x 1 k starts supporting on day t}) (1.9)
iEs jEi's friends kEs'

Note that instead of knowing exactly the level of exposure different individuals in s received, we treat
a state level increase in support as affecting other states at an aggregate level proportional to the number
of friendships they share. Finally, since different states have different populations, to account for this we
normalize all flows by their respective state populations. This ensures that conditional on being equally
connected to two states of different sizes, if the same number of individuals start supporting LGBT causes
in both, then the exposure received from the smaller state would be greater, as is intuitive.
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Figure 1-7: For any two states i,j, our interaction matrix weights Gij equal to the number of
friendships between i and j divided by the total number of friendships in the country. Under
this weighting matrix, above are the top five states that Missouri is connected to, other than
itself. Note that while part of the aggregate social network data is correlated with geography
(with ties to Illinois and Kansas), a substantial amount is not. Indeed, under G, Missouri is
actually more connected with Texas that with any of its direct geographic neighbors.

To be clear, we instrument for Supp_ Exposurest with a new variable, Court_ Exposurest

2 GaDj, where Djt is a binary indicator for the day t when state j has a court decision.

Hence, CourtExposurest is the weighted sum of exposures state s gets to court decisions

each period. From earlier, we saw that each court decision creates a substantial increase in

the number of new supporters within the affected state, and hence we exploit this variation

to see how it affects coming out rates in other states. The key identifying assumption is

that the timing of the weighted exposure to court decisions is only correlated with own-state

disclosure rates via the neighboring states' weighted support rates.2 3

Our main results for this section are below. We find evidence that increased exposure to

LGBT support on Facebook causes an increase in the rate of individuals who come out on the

site. In Columns (1-2), standard errors are corrected for spatial and serial auto-correlation

following Conley (1999), truncated at second degree adjacency over the network and after

seven days.

231f out-of-state individuals responded to the court ruling, that could violate this assumption. This could
happen if, for example, individuals in geographically neighboring states cared about nearby decisions or
individuals had moved between states but still cared about decisions in their former residence.
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Table 1.5: Effect of Shocks to Supporter Rates on Coming Out Rates. We find significant
evidence that increased LGBT support leads to more individuals coming out in connected
regions, with p=0.0515 and p =0.0385 for the respective columns.

Dependent variable:

# LGB Disclosures/State pop

(1) (2)

SuppExposurest 1.243* 1.325**
(0.638) (0.640)

State Fixed Effects Y Y
Time Fixed Effects Y Y
Region x Day dummies Y Y
Linear state time trends N Y

First stages
Court_Exposurest 8.4 x 10-5*** 8.4 x 10-5***

(2.2 x 10-5) (2.2 x 10-5)
First stage t 3.876 3.9
T-test p-value 1.1 x 10-4 9.6 x 10-5

First stage Adj. R2  0.8548 0.8544
Observations 18,411 18,411

Note: *p<0.1; **p<0.05; ***p<0.01
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The coefficient in Column (2) means that if we move a state's exposure from the 25th

percentile of our friendship-weighted LGBT support variable to the 75th percentile (2.1x 10-7

to 8.6 x 10-7), the number of new people coming out on Facebook in that state on that day

will increase by 10.1% at the mean (8.5 x 10-6). Of course, given the network structure, any

such shift would simultaneously have direct effects in all other states, further amplifying this

effect.2 4' 2 5

Does more coming out lead to more support?

In the absence of location-time shocks as we used previously, here our analysis rests on a

historical site event - the aforementioned introduction of Facebook's custom gender option.

We use the spike in coming out rates induced by this event study to identify the effect of

increased exposure to LGBT individuals on support rates.

The second and first stages of our main specification are:

Suppst = ys + Aow + $w + aOut Exposurest Est (1.10)

OutExposurest = y, + Ad0w + ow + /31{Feb 13, 2014} + vet (1.11)

where Adow are day of week fixed effects, 0,, are week fixed effects, and OutExposurest

is the network weighted exposure to other states' coming out rates, created exactly as the

24 Since both our outcome variables and our network data are aggregated at the state level, it is worth
clarifying what our coefficient is actually measuring. A shock to support in one state is not uniformly felt by
all members of another state - in the microdata, undoubtedly some people have more friends in other states
than others, and even fixing that, some individuals may get more exposure to the shock than others. Hence,
our coefficient is actually a combination of individual level effects that reflect varying levels of exposure or
connections across states. The fact that we observe an effect means some individuals are coming out in
response to the shock to LGBT support, but we do not know at the individual level the relationship between
exposure and coming out.

25As a robustness check, if we rerun the regression in Column (2) and look instead at the coming out rate
of straight individuals on Facebook, we find no evidence of an effect.

40



support exposure term from the previous section. We use day of week and week fixed effects

since the custom gender option was introduced nationwide, thereby precluding us from using

day fixed effects. Similarly, to minimize the effect of long term trends in the data on our event

study, we restrict our analysis to the window four weeks around the feature's introduction.26

As in the previous section, we must instrument for the exposure term on the right hand

side. Here our instrument is simply a dummy variable for the day of the feature's introduc-

tion. The key identifying assumption is that there is nothing correlated with the timing of

the introduction of the custom gender option that affected the rate of new LGBT supporters

on Facebook.27

This is a strong assumption and we have no way of knowing for certain if it is valid.

However, we point to two pieces of suggestive evidence for why it may hold. First, by

emphasizing that users can disclose something as personal as a non-binary gender (such

as transgender) on Facebook, the feature's rollout would seem to speak to closeted LGB

individuals who were on the margin of coming out with something as personal as their

sexual orientations, as opposed to straight individuals who were on the margin of liking a

pro-LGBT page. 28 Second, both the gender field and the Interested In field are not only

located in the same subsection of users' profiles ('Contact and Basic Info'), but even within

that subsection they are located adjacent to each other. By drawing users' attention to this

specific part of the profile, it would likely make updates to the Interested In field more likely.

In contrast, to support an LGBT page on Facebook involves searching for a specific page by

its name, finding it, and then selecting a like icon from the homepage - a completely distinct

series of steps from updating one's 'Contact and Basic Info' section.

26
1 n the Appendix we rerun our regressions with other windows and find similar results.

27In the Appendix we show that we find evidence that around the time of the custom gender's introduction
we also find a boost in LGBT support rates; hence, we must assume this stems not directly from the custom
gender's introduction, but from the exposure to LGB individuals.

28While, as aforementioned, liking such a page is not without its risks, overall it seems to be much less
risky than coming out as LGBT.
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Male

Figure 1-8: From an example account, we can see the custom gender and Interested In field
are located very close to each other on a user's profile.

We report our main results below. We find significant evidence that increased exposure

to LGBT individuals causes an increase in the rate of new, non-LGBT supporters. As before,

standard errors are corrected for spatial and serial auto-correlation following Conley (1999),

truncated at second degree adjacency over the network and after seven days in Columns

(1)-(2).

Table 1.6: Effects of Shock to
evidence that increased rates of

Coming Out Rates on Support Rates. We find significant
coming out on Facebook lead to increases in LGBT support.

Dependent variable:

# New LGBT Supporters/State pop

(1) (2)

Out_Exposuret 9.007*** 9.007***
(3.354) (3.326)

State Fixed Effects Y Y
Week Fixed Effects Y Y
Day of Week Fixed Effects Y Y
Linear state time trends N Y

First stages
1{Feb 13, 2014} 3.6 x 10-7*** 3.6 x 10-7***

(4.9 x 10-8) (4.9 x 10-8)
First stage t 7.297 7.297
T-test p-value 2.9 x 10-13 3.0 x 10-13

First stage Adj. R2  0.9536 0.9518
Observations 1,479 1,479

*p<0.1; **p<0.05; ***p<0.01
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The coefficient in Column (2) means that if we move a state's exposure from the 25th

percentile of our friendship-weighted coming out variable to the 75th percentile (1.0 x 10-7

to 4.2 x 10-7), the number of new people supporting LGBT causes on Facebook on that

day will increase by 15.9% at the mean (1.8 x 10-). In other words, this suggests that

when friends come out online, users are quite responsive to start publicly supporting LGBT

causes.

1.6 Conclusion

In this paper we applied a model of stigmatized disclosure with peer effects to the decisions

to both support LGBT causes and come out on Facebook. We tested our model using a

large, aggregate dataset constructed from observational data on millions of Americans that

correlates well with offline measurements of similar metrics. We found results consistent with

our three model predictions; namely, that different regions of the country are in different

equilibria, that certain events can trigger individuals to both come out and support LGBT

causes, and these shocks may induce a positive feedback loop between support and coming

out. We hope that our analysis sheds new light on the driving forces behind both the LGBT

movement and that of other stigmatized groups.
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1.7 Appendix

We explore five main areas in this section. First, we rerun all our previous analyses that

depend on our major court decisions with different sets of decisions. Second, we rerun

our second peer effects analysis with different time windows around the introduction of the

custom gender. Third, we report on how the court rulings affected coming out rates and

how the introduction of the custom gender features affected support rates. Fourth, as a

robustness check we consider the role of users who 'came out' as straight over our data

window. Fifth, we look at the time series of new supporters to provide evidence that the

shocks induced by the court decisions were localized events.

1.7.1 Other sets of court decisions

Trigger events. Here we rerun our trigger events analysis with different sets of court

decisions. Below we show how support rates were affected by only district court rulings

(Column 1), district and circuit court rulings (Column 2), and all the rulings considered

in the main text plus the follow up district court decisions in the wake of the October 6

Supreme Court ruling. The results are all very similar to those in the main text, with the

exception of the district court rulings, which appear to give stronger results.
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Table 1.7: Robustness results for trigger events for support.

Dependent variable:

# New LGBT supporters/state pop, scaled

(1) (2) (3)

-2.400
(1.864)

-1.219
(1.486)

-1.281
(1.343)

54.967***
(14.587)

29.226***
(7.302)

8.357***
(2.958)

6.141**
(2.554)

3.962**
(1.892)

-1.840
(1.589)

-1.558
(1.396)

-0.905
(1.123)

-0.121
(0.912)

44.838***
(10.459)

23.886***
(5.675)

7.888***
(2.421)

5.496***
(1.759)

4.000**
(1.870)

-1.071
(1.164)

-2.319
(2.304)

-1.524
(1.687)

0.062
(1.449)

44.228***
(9.393)

22.593***
(4.864)

6.814***
(2.404)

7.049***
(2.198)

4.779**
(2.435)

-2.188
(2.294)

Decisions District District & Circuit All plus post-
Courts Courts Oct. 6 Rulings

Observations 18,461 18,461 18,461
Adjusted R2  0.554 0.552 0.560

State Fixed Effects Y Y Y
Day Fixed Effects Y Y Y
Region x Day dummies Y Y Y
Linear state time trends Y Y Y

Note:
45 *p<0.1; **p<0.05; ***p<0.01
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Peer effects. Below are our results for whether shocks to support rates may affect coming out rates using the different sets of court decisions.

The coefficients are relatively stable whether we focus on only district court decisions, district and circuit court decisions, or all rulings plus

the district court ones in the wake of October 6, as well as with the inclusion/exclusion of linear state time trends. We note for the second

District Court column, the coefficient dips just above marginal significance with p=0.113.

Table 1.8: Robustness results for first set of peer effects results.

Dependent variable:

# LGB Disclosures/State pop
(1) (2) (3) (4) (5) (6)

SuppExposurest 0.873* 0.750 0.891* 0.883** 0.818* 0.929**
(0.514) (0.474) (0.461) (0.440) (0.475) (0.473)

Decisions District District District & Circuit District & Circuit All plus post- All plus post-
Courts Courts Courts Courts Oct. 6 Rulings Oct. 6 Rulings

State Fixed Effects Y Y Y Y Y Y
Time Fixed Effects Y Y Y Y Y Y
Region x Day dummies Y Y Y Y Y Y
Linear state time trends N Y N Y N Y

First stages
Court_ Exposuret 1.4 x 10-4*** 1.4 x 10-4*** 1.2 x 10-4*** 1.2 x 10-4*** 9.0 x 10-5*** 9.1 x 10-5***

(3.2 x 10-5) (3.2 x 10-5) (2.4 x 10-5***) (2.4 x 10-5***) (1.9 x 10-5***) (1.9 x 10-5***)
First stage t 4.46 4.457 5.117 5.138 4.759 4.79
T-test p-value 8.1 x 10-6 8.3 x 10-6 3.1 x 10-7*** 2.8 x 10-7*** 1.9 x 10-6*** 1.7 x 10-6***

First stage Adj. R2  0.856 0.855 0.856 0.855 0.855 0.855
Observations 18,411 18,411 18,411 18,411 18,411 18,411

Note: *p<0.1; **p<0.05; ***p<0.01



1.7.2 Other time windows

Here we rerun our second set of peer effects regressions using different time windows around

the introduction of the custom gender option. Column (1) uses the same window as in the

main text. Again we see the coefficient of interest remains highly significant and relatively

stable across time windows.

Table 1.9: Robustness results for second set of peer effects regressions.

Dependent variable:

# New LGBT Supporters/State pop

(1) (2) (3)

OutExposures 9.007*** 10.389*** 10.375***
(3.326) (3.513) (3.434)

Window (days) 30 60 90

State Fixed Effects Y Y Y
Time Fixed Effects Y Y Y
Region x Day dummies Y Y Y
Linear state time trends Y Y Y

First stages
1{Feb 13, 2014} 3.6 x 10-7*** 3.6 x 10-7*** 3.6 x 10-7***

(4.9 x 10-8) (5.3 x 10-8) (5.3 x 10-8)
First stage t 7.297 6.892 6.741
T-test p-value 3.0 x 10-13 5.5 x 10-12 1.6 x 10-"
First stage Adj. R2  0.9518 0.9629 0.9662
Observations 1,479 3,009 4,538

Note: *p<0.1; **p<0.05; ***p<0.01
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1.7.3 Effects of Court Decisions on Coming Out and Custom Gen-

der Introduction on Support

Here we repeat out earlier difference-in-differences and event study regressions to analyze

the effects of the court decisions and custom gender introduction on coming out and support

rates, respectively.

We note the large magnitudes of the first and last coefficients on the support regression -

these indicate how much support has grown for LGBT causes on Facebook across time. The

significant coefficient for the day before the custom gender option is surprising. We suspect

it may have to do with some time zone accounting for our users (i.e. this may reflect users

who were visiting a time zone for the previous day when the feature was introduced in the

U.S.), though we do not know for sure.

48



Table 1.10: We find no evidence that the court decisions affected coming out rates, and we
find evidence that the custom gender option impacted support rates. Given we find that more
exposure to LGB individuals leads to more support, we would expect to find a significant
effect - the exclusion restriction requires that this increase in support stems from the LGB
exposure. As before, standard errors are clustered at the state level for both regressions.

Ds,t<-3

Ds,t-3

Ds,t-2

Ds,t+i

Ds,t+4

Ds,t>4

Observations
Adj-usted R2

State Fixed Effects
Day Fixed Effects
Region x Day dummies
State time trends

Dep.variable:

# LGBT/state pop
scaled

0.122
(0.265)

-0.096
(0.480)

0.501
(0.401)

0.283
(0.573)

0.667
(0.504)

0.501
(0.341)

0.101
(0.478)

0.220
(0.376)

0.218
(0.310)

18,462
0.760

Y
Y
Y
Y

Dep. variable:

# Supp/state pop
scaled

Dt<t-3 -2.312***
(0.434)

Dt-2 -0.142
(0.455)

Dt_1 2.563***
(0.622)

Dt 5.086***
(1.059)

Dt+1 2.009**
(1.000)

Dt+2 3.977***
(0.666)

Dt+3  0.573
(0.626)

Dt+4 0.556
(0.718)

Dt>-4 16.209***
(0.734)

Observations 18,614
Adjusted R2  0.015
State Fixed Effects Y
State time trends Y

Note: *p<0.1; **p<0.05; ***p<0.01

*p<0.1; **p<0.05; ***p< 0 .0 1
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1.7.4 Coming out as Straight

In this section we consider individuals who 'came out' as straight over our window. Specifi-

cally, as a robustness check, we ask whether we find evidence that more exposure to LGBT

support induced more individuals to come out as straight and whether more exposure to

straight people induced more LGBT support. We find no evidence of the former. We do find

evidence that more exposure to individuals who come out as straight induces more LGBT

support; given how the custom gender drew attention to updating the orientation field for

everyone, this finding is not too surprising though as we would expect straight and LGB

updates to be correlated.
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Table 1.11: Effects of Court Decisions and Custom Gender Introduction for Straight Users.
Here we find no evidence that more exposure to LGBT support induced more users to update
their orientations to reflect heterosexual interests.

Dependent variable:

# New Straight/State pop # New LGBT Supporters/State pop

(1) (2)

SuppExposurest 0.7204
(0.7640)

Straight Exposuret 18.392***
(6.717)

State Fixed Effects Y Y
Day Fixed Effects Y N
Week Fixed Effects N Y
Day of Week Fixed Effects N Y
Region x Day dummies Y N
Linear state time trends Y Y

First stages
Court _ Exposuret 8.4 x 10-5***

(2.2 x 10-5)
1{Feb 13, 2014} 1.749 x 10-7***

2.5 x 10-8

First stage t 3.9 7.101
T-test p-value 9.6 x 10-5 1.2 x 10-12

First stage Adj. R2  0.8544 0.9811
Observations 18,411 1,479

*p<0.1; **p<0.05; ***p<0.01
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1.7.5 Localized Shocks of Court Decisions

For both the difference-in-differences and the first set of peer effects results, it is important

that that court decisions serve as localized shocks to the affected states only. We here plot

the time series over 2014 of the number of new supporters for each of the states that had a

court ruling, compared to the national time series for all other states. (E.g. in the plots for

Arizona, we plot the time series for Arizona and that for all US states excluding Arizona.)

Vertical dashed lines are drawn to indicate when decisions were announced.

We can see that for nearly all of the decisions, we observe an in-state shock and no

evidence of a shock in the rest of the U.S. The second Virginia ruling seems to coincide

with a national shock to support, which may possibly be due to fake profiles (we could

not find an LGBT-related event that we think could explain the spike). Rerunning our

regressions and omitting that day, yields very similar results for both the difference-in-

differences specification and the peer effects. The same holds for the rulings in Oregon,

Pennsylvania, and Idaho.
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Figure 1-9: Plots of the time series of new supporters for each state that had a court decision
in our sample over 2014.
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Figure 1-10: Plots of the time series of new supporters for each state that had a court decision
in our sample over 2014 (continued).
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Figure 1-11: Plots of the time series of new supporters for each state that had a court decision
in our sample over 2014 (continued).
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Chapter 2

Second Trimester Sunlight and Asthma:

Evidence from Two Independent Studies

Nils WernerfeltO, David J. G. Sluskyt, & Richard Zeckhauser*

Abstract

One in twelve Americans suffers from asthma and its annual costs are estimated to exceed $50
billion, Yet the root causes of the disease remain unknown. A recent hypothesis posits that
maternal vitamin D levels during pregnancy affect the probability the fetus later develops
asthma. Employing two large-scale studies, we test this hypothesis using a natural experi-
ment afforded by historical variation in sunlight, a major source of vitamin D. Specifically,
holding the birth location and month fixed, we see how exogenous within-location variation
in sunlight across birth years affects the probability of asthma onset. We show that this mea-
surement of sunlight correlates with actual exposure, and consistent with pre-existing results
from the fetal development literature, we find substantial and highly significant evidence in
both datasets that increased sunlight during the second trimester lowers the subsequent
probability of asthma. Our results suggest policies designed to augment vitamin D levels
in pregnant women, the large majority of whom are vitamin D insufficient, could be very
cost-effective and yield a substantial surplus.

MIT Department of Economics
tUniversity of Kansas Department of Economics
*Harvard Kennedy School
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2.1 Introduction

The worldwide incidence of asthma imposes staggering physical and financial costs. Asthma

afflicts more than 300 million individuals worldwide and kills more than 250,000 people

annually (Cruz et al., 2007). The resulting cost - measuring both direct treatment expendi-

tures and indirect productivity loss - is enormous, estimated at about $56 billion annually in

the U.S. alone (Barnett and Nurmagambetov, 2011). Simultaneously, asthma's root causes

appear varied and remain poorly understood. A recent hypothesis with growing support

speculates that low maternal vitamin D levels during pregnancy increase the probability

that the unborn child later develops asthma (Weiss and Litonjua, 2011). If validated, this

hypothesis presents a low-cost way to reduce asthma incidence, resulting in both improved

quality of life for millions of individuals and reductions in net healthcare spending.

To assess this hypothesis, we examine the impact of local weather conditions while in utero

on the probability of developing asthma later in life. Specifically, our approach holds fixed

the location and month of birth, and then analyzes how exogenous within-location variation

in sunlight levels across birth years affects the probability of asthma onset. Though we

cannot observe maternal vitamin D levels directly, we can capitalize on the well documented

connection between vitamin D levels and sunlight. Namely, Americans obtain over 90%

of their vitamin D from sunlight exposure (Holick, 2004), and we provide evidence that

the sunlight variation we are exploiting correlates with actual exposure, but not with other

factors that might affect asthma incidence. Our reduced form analysis cannot rule out every

alternative pathway through which sunlight might be affecting asthma incidence. However,

for reasons we discuss in greater depth below, we believe that the direct vitamin D channel

is a likely path.

Employing two independent datasets, we find highly significant evidence that an increase

in sunlight in an individual's location during the second trimester in utero reduces his/her
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probability of becoming asthmatic. This result is consistent with pre-existing research from

the fetal development literature, which has found substantial evidence suggesting vitamin

D is particularly important during this period for asthma pathogenesis. Further consistent

with past research on vitamin D and asthma, we find evidence of differential effects by race -

namely, the effects of sunlight seem larger for blacks, though within each study the differences

are not significant.

We report the results from our two datasets separately. Our first dataset (Study I)

draws on individual level data on the state, month, and year of birth for more than 260,000

Americans. We find that doubling the amount of sunshine' during the second trimester

lowers the probability of an asthma diagnosis by 1.15 percentage points, which at a mean

incidence of 11.49% represents a 10.0% reduction. In our second dataset (Study II), we

look for an effect of sunlight on a separate, more cost-relevant margin - hospital discharges

from asthma - on the county level using data on more than 2.1 million births aggregated

into about 3,000 birth month-county cohorts. Here we find that doubling the amount of

sunlight during the second trimester reduces the per capita rate of asthma emergencies by

2.21 percentage points, which is a 21.3% reduction at the mean.2 Both sets of results pass

several robustness checks detailed in the Appendix .

Current estimates are that nearly three out of every four adults are either vitamin D

deficient or insufficient (Ginde, Lui, and Camargo, 2009). Among pregnant women, multiple

smaller scale studies have reported rates that are if anything slightly higher (Bodnar et al.,

2007; Holmes et al., 2009; Johnson et al., 2011). Our results suggest these numbers may be

more costly than previously known, and that policies designed to boost maternal vitamin

D levels during the second trimester - either through increased usage of (or adherence to)

'This is about the difference between the average summer in Nevada and that in New Hampshire.
2 This estimate is significantly different from the previous one, but this is understandable given the datasets

look at two different margins. We report the results here in terms of doubling sunlight for sake of comparison,
but we describe each result in more detail in Section IV.

3Deficiency is defined as less than 10 ng/ml blood; insufficiency is 10-29 ng/ml.
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vitamin D supplements or increased sun exposure - may greatly enhance welfare, on the

order of billions of dollars in surplus gained.4

The rest of the paper is organized as follows. Section II provides the background from

both the medical and economics literatures. Section III describes our two datasets in greater

detail. Section IV presents our results and Section V concludes.

2.2 Background

Our paper builds off of two separate literatures. Thus, we provide the relevant background

for the two sequentially before discussing the connection between sunlight and vitamin D in

more detail.

2.2.1 Prior Medical Literature

Many studies in both animals and humans point to a role for maternal vitamin D levels

during pregnancy in asthma pathogenesis.',' One stream of this literature has tried to find

evidence of a clinical effect. Multiple studies on human subjects in different parts of the

world have found associations between low maternal vitamin D levels during pregnancy

and asthma incidence in the child (Camargo et al., 2007; Devereux et al., 2007; Erkolla et

al., 2009; Miyake et al., 2010; Belderbos et al., 2011). By design, however, these studies

can only report associations, and other associational studies report either no correlation

4 A year's worth of vitamin D supplements typically costs less than $20 online. In addition, exposure to
as little as ten minutes of direct sunlight a day - far less time than it takes to sunburn - is adequate for most
individuals to obtain their daily recommended dosage (Holick, 2007). In contrast, the average asthma-related
hospitalization lasts three days and can cost between $12,000 and $24,000 (Milet et al., 2007).

5There have also been studies recently that look at treating current asthmatics with vitamin D (e.g.,
Castro et al., 2014). This is a related, but distinct hypothesis from those we consider in this paper.

6 Indeed, the evidence is sufficiently strong that two randomized-controlled trials have been started to
look at maternal vitamin D supplementation and during pregnancy and asthma outcomes. These studies
are the Maternal Vitamin D Supplementation to Prevent Childhood Asthma (VDAART) and Vitamin D
Supplementation During Pregnancy for Prevention of Asthma in Childhood (ABCvitaminD); their Clinical-
Trials.gov identifiers are NCT00920621 and NCT00856947, respectively.
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or a positive one between low maternal vitamin D levels and later asthma incidence (e.g.,

Gale et al., 2007). Separately, in a controlled study on animals, rats born to mothers who

were experimentally deprived of vitamin D exhibit several lung abnormalities similar to

those found in human asthmatics (Gaultier et al., 1984). Within this literature, how much

circulating maternal vitamin D in humans is required for healthy fetal lungs, and exactly

how lung health varies with different vitamin D levels remain open questions.

A second stream of literature has been more developmentally focused and tries to deter-

mine when in a human pregnancy maternal vitamin D levels are most important. Human

lung development occurs in five stages: embryonic (roughly 4-7 weeks post-conception),

pseudoglandular (7-17 weeks), canalicular (17-26 weeks), saccular (27-36 weeks), and alveo-

lar (36 weeks to about 2 years old) (Burri, 1984; Weiss and Litonjua, 2011). Several studies

find suggestive evidence that maternal vitamin D levels could be important during part of

the pseudoglandular and canalicular stages., Not only is vitamin D present in fetal lung

tissue during much of this period (Brun et al., 1987), but it is also known to affect either

the growth or gene expression of several types of cells that are active in the lungs at this

time (Lunghi et al., 1995; Stio et al., 1997; Boss6, Maghni, and Hudson, 2007). At week

11 of the pregnancy, many vitamin D related genes that are known to be involved in lung

development and differentially expressed in asthmatics are suddenly activated (Kho et al.,

2013). These studies illuminate a pathway through which vitamin D deficiency could lead

to the abnormal airway development associated with asthma (Weiss and Litonjua, 2011).

Based on these results, we look for evidence within weeks 11-26 post conception, a period

that overlaps relatively closely with the second trimester.

2.2.2 Prior Economic Literature

A growing literature within economics employs economic methods to address questions in

health. Economists' interests in welfare and health costs, combined with the amenability

61



of many health questions to econometric analysis (especially when randomized trials are

hard to conduct due to ethical or other constraints), helps to explain this increase. For

example, recent economics papers have focused on and provided deep insights into HIV

prevalence, chronic disease, long-term mortality, infant health, and even respiratory ailments

(respectively, Oster, 2005; Fogel, 2004; Costa, 2003; Currie, Graff Zivin, Meckel, Neidell, and

Schenker, 2013; Schlenker and Walker, 2011). Our paper also relates to the literature within

both economics and medicine on the long-run impacts of events early in life. Much of that

research shows that outcomes of considerable interest - such as educational achievement,

income, and many health conditions - are strongly influenced by events early in life, including

nutrition (e.g., Grossman 1972, Bhattacharya and Currie 2001, Banerjee, Duflo, Postel-

Vinay, and Watts, 2010; Clay and Troesken, 2006; Heckman, 2006; Bleakley, 2007; Fletcher,

Green, and Neidell, 2010; Bharadwaj, Loken, and Neilson, 2013) or in utero (e.g., Black,

Devereux, and Salvanes, 2007; Almond, Edlund, and Palme, 2009, Black et al. 2014). More

closely relevant to this paper are the negative effects of temperature (Barreca et al. 2015)

and hurricanes (Zahran et al. 2014) on birth outcomes. 7

Our paper relates to several prior economic analyses that employ weather as a proxy

variable for a variable of interest. For example, Maccini and Yang (2009) report on several

positive long-term outcomes for women who were exposed to greater rainfall early in life,

where the presumed causal channel operates through increased agricultural production and

hence income. Jensen (2000) uses rainfall as a proxy for agricultural conditions to study

investments in children, and Oster (2004) uses temperature as a proxy for economic con-

ditions to study the prevalence of witchcraft trials. Similar to these studies and many of

the aforementioned fetal origins papers, we are unable to observe our variable of interest

7From a theoretical perspective, Almond and Currie (2011) adapt a model from Heckman (2007) to show
how the empirical evidence of the "fetal origins hypothesis" can fit within a standard economics modeling
framework. Namely, using a constant elasticity of substitution production function with health investments
at different ages as inputs, they show that complementarities between health shocks and later investments
could amplify small initial differences across individuals.
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(maternal vitamin D levels) directly.' Thus we estimate our model using sunlight instead,

which we provide evidence is correlated. Clearly, direct measurement would be ideal, but

our approach still enables us to provide evidence of the hypothesized effect.

Finally, the paper that relates most closely to ours is Trudeau, Conway, and Menclova

(2016), which explores the consequences of relative sunlight levels on birth weight. These

authors use a similar (though actually less restrictive) specification in their analysis, and

find that increased sunlight has a positive but diminishing effect on birth weight for black

mothers and a negative effect for white mothers. The effect sizes they observe are similar

in magnitude to those found for maternal smoking, participation in SNAP and WIC, and

environmental factors such as air pollution. Hence, whereas we find no negative effects of

sunlight on our outcome variables, Trudeau, Conway, and Menclova (2016) point to a possible

risk (for whites) of increased maternal sunlight exposure.

2.2.3 Sunlight and Vitamin D

As mentioned earlier, humans obtain the vast majority of their vitamin D supply from

sunlight (in fact, a nickname for vitamin D is "the sunshine vitamin"). Though there are

many dietary sources of vitamin D - such as several fish species or a range of fortified

dairy products - it would take about 30 glasses of vitamin D fortified milk to produce

the same amount of vitamin D as one receives from an average of 5-10 minutes of direct

sunlight exposure (Holick, 2007).' A common definition of a sufficient vitamin D serum

level is greater than or equal to 30 ng/ml. We note that there may be adverse effects if

'A few datasets do contain information on vitamin D levels, the largest of which is the NHANES, but
even that dataset does not have enough geographical and seasonal variation for our purposes.

9There is substantial seasonal and latitudinal variation in the number of minutes of direct sun exposure
necessary to produce a daily dose of vitamin D. For example, for darker skinned individuals in the winter in
northern areas (e.g., Minneapolis) no amount of sunlight would be sufficient. (See http: //zardoz. nilu. no/
~olaeng/f astrt/VitD- ezquartMEDandMED_v2. html for more detailed calculations). That said, employing
fixed effects for the birth location-season, as in this paper's regressions, controls for these differences in average
sunlight levels.
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an individual's vitamin D level exceeds 150 ng/ml, though importantly sunlight exposure

cannot produce such toxicities - the body naturally shuts off vitamin D synthesis long before

this amount (Holick, 2007).10

Further evidence on the role of sunlight in vitamin D production is provided by seasonal

variation. In the northern hemisphere vitamin D levels are known to follow strong seasonal

cycles of being highest in the summer and lowest in the winter as the number of sunlight

hours varies (with a reverse pattern in the southern hemisphere; Chen, 1999). Isolated data

from small-scale studies have similarly found seasonal fluctuations in the vitamin D level

of both pregnant women and their newborns (Disanto et al., 2013; Bodnar et al., 2007)."

Finally, on a separate but related note, rickets (which is caused by vitamin D deficiency) was

documented more than a century ago to follow similar seasonal cycles (Kassowitz, 1897). For

identification purposes, the variation in sunlight we exploit is within-location rather than

seasonal, but we include this discussion to simply convey a sense of the tight connection

between sunlight and vitamin D.

2.3 Data

This paper presents two separate studies. Table 2.1 provides an overview of each. The text

then elaborates on the description of each dataset.

'0 For this reason, we suspect the negative effect observed in Trudeau, Conway, and Menclova (2016) is
due to a correlate of sunlight other than vitamin D.

11There is some suggestive evidence that the actual temperature of the human skin may affect vitamin
D synthesis, and so other factors such as humidity may indirectly affect vitamin D levels (Tsiaras and
Weinstock, 2011). We leave future exploration of this possibility and how it may affect asthma incidence in
humans to future work.
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Table 2.1: Overview of our two studies.

Study I

Unit of observation

Level of observation

Weather data

Outcome variable

Years

Study II

CohortIndividual

Each individual's state,
month, and year of birth

Hours of sunlight, at the
state, month, and year level

The individual's self-reported
asthma condition

1914-1987

Each cohort's county,
birth month, and year of birth

Average intensity of sunlight
at the county, month, and year level

Per-capita number of emergency
department discharges for asthma
for that cohort

1999-2009

264,701 individuals 2.1 million people grouped into 3,036
birth month-county-year cohorts
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We employ two analyses, first to see if our main effect replicates, and second to capitalize

on the distinct advantages each possesses. Study I has the advantage of having individual

level data, with sunlight aggregated by state, over a national sample. Study II, by contrast,

operates at the more granular county level for potential sunlight exposure, uses more up-

to-date data in a narrower time frame, and has a more definitive indication of asthma from

emergency department discharges. We note that there is no data overlap (with respect to

either time frame or data sources) between the two studies. This creates a highly indepen-

dent replication, albeit employing the same identification strategy.

Study I: Individual level data on the state and month of birth (as well as health status

and controls) for more than 260,000 Americans were obtained from the 1997-2008 National

Health Interview Survey (NHIS). This data was merged with historical weather data from

the National Oceanic and Atmospheric Administration (NOAA).

An adult from the NHIS data was coded as asthmatic if he/she responded affirmatively

to the question "Have you EVER been told by a doctor or other health professional that

you had asthma?" and similarly for a child below 18 years old if a knowledgeable adult in

the household answered affirmatively to an equivalent question about the child. Negative

responses were coded as a 0; all other responses were omitted (e.g., refused to answer,

not ascertained, don't know).' The publicly available NHIS data provides information on

each individual's year and month of birth, as well as demographic data such as gender and

ethnicity. The restricted-use data we used included each individual's state of birth, which

was the lowest geographic level available. Thus, for every individual in our sample we knew

his/her state, month, and year of birth.

Historical sunlight data were collected from 240 NOAA weather stations located around

12 The NHIS relies on self-reported asthma status. Our second study measures asthma using hospital
discharge data.
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the country. The data range from 1891-1987, though some stations do not cover the entire

time period." Each station measured the total number of hours of sunlight at its location

each month. For example, we can see in our data that Asheville, North Carolina had 188

hours of sunlight in January of 1977. For states with more than one weather station reporting

in any month, the average within-state correlation in sunlight hours was quite high (0.86),

and so monthly data were simply averaged in such cases. In Section 2 of the Appendix, we

provide figures to demonstrate the variation in sunlight at the level of identification (Figure

2-1).

Study II: Our second dataset looks at birth month-county-year cohorts, not individual

data. Sunlight data came from the National Solar Radiation Database (NSRD) at the U.S.

Department of Energy, asthma hospital discharge data from the Health Care Utilization

Project, and birth records from the CDC's Vital Statistics.

The sunlight data shows for each 10 km x 10 km grid cell a measure of sunlight intensity

at hourly intervals (though for our analysis we use the monthly average) for 1998-2009.'1

While available for fewer years, this measure is superior to that of Study I since it captures

both more hours of sunlight and more or less sunlight within the same number of hours.

To map the NSRD to counties, since there is minimal sunlight variation within a county

for a particular month and year, we matched the coordinates of the population weighted

county centroid to the 10 km x 10 km gridded cell that contains it. As for Study I, Section

' 3 The average duration of a weather station was just above 60 years, and the vast majority were reporting
over continuous stretches.

14For each 10 km x 10 km grid cell, Geostationary Operation Environmental Satellites measure solar
radiation reflected back from any cloud cover. Ground radiation can then be calculated from subtracting
reflected radiation from total radiation, presumably using latitude and day of the year to calculate total
radiation (Perez et al. 2002). These ground radiation estimates are then integrated over an hour, since the
most granular data available is at the hour-day-month-year level. Any gaps in the satellite data are corrected
using a long fill method with data from other years for that time and location, smoothing endpoints. The
units for each hour are watt-hours per square meter, or equivalently an average instantaneous rate of watts
per square meter.
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2 of the Appendix contains visual depictions of the variation in sunlight used in this study

at the level of identification (Figures 2-2 and 2-3).

We were able to obtain hospital discharge data from the Health Care Utilization Project

from two states: New Jersey and Arizona. Specifically, we used the State Emergency De-

partment Database, which records visits to the emergency room that did not result in an

admission.15 The discharge data for these states contains the patient's county of residence,

birth month, and birth year, information critical for our analysis.' 6 We limit our sample to

children aged 0-10 years old when discharged, and we assume that their county of residence

is also the county of birth." Discharges are coded as "asthma' if the diagnosis code they

have falls into that category as defined by the clinical classifications software.

As mentioned, this study aggregates data to the county-birth month-birth year cohort.

We thus normalize the discharge data by the number of live births in each county in the

respective birth month and birth year, using vital statistics data from the CDC. 8

15Emergency department visits that resulted in an admission are recorded in the inpatient discharge files.
Unfortunately, the inpatient discharge file for New Jersey does not contain month of birth. As a result, this
analysis uses the emergency department databases, which include more than 80% of the total discharges
with an asthma diagnosis. There are two possible biases here, depending on whether insufficient vitamin D
creates more marginal cases or more serious cases. If it is the more marginal cases, then dropping the most
severe cases would have no effect on this paper's results. If it is the more severe cases, then dropping them
would bias our estimate downward, thus implying that our substantial and significant coefficient would be a
lower bound. Either way, Study II includes the vast majority of the discharge observations.

16Unfortunately, there is no information about birth day within the birth month in the HCUP files, which
restricts the granularity of sunlight data to the month level.

17We limit the sample to ages 0-10 to minimize the effects of cohort differences across time (e.g., changes
in maternal smoking habits). With regards to our county of birth assumption, we note that even if there
were significant movement, it would enter our regressions as classical measurement error as the movement
should not be correlated with whether a county was having a more or less sunny month relative to its mean.
The measurement error would not be classical only if individuals moving somewhere somehow caused that
place to be relatively more sunny than it had been before. Furthermore, this treatment is superior to using
the location of the hospital, which would mix families from urban counties with families from rural counties
that traveled to that urban hospital. Additionally, since this paper is interested in sunlight over the entire
pregnancy, county of residence is significantly more indicative of long-term sun exposure than is the location
of the hospital.

8 Unfortunately, the publicly available data covers only counties with populations exceeding 100,000. For
birth years 1999-2009, data is publicly available for 18 of New Jersey's 21 counties, but only 5 of Arizona's 15
counties. Consequently, we omitted the other 3 New Jersey and 10 Arizona counties from the analysis. This
should not bias the results of this analysis, since there is not likely to be a relationship between time-invariant
(over the decade in Study II) county characteristics (e.g., population, urban/rural) and within-county-month
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Whereas Study I focuses on incidence of asthma (without any measure of exacerbations),

Study II fundamentally covers exacerbations of asthma, without any real measure of inci-

dence across the population. A high per capita asthma emergency discharge rate could be

caused by more individuals in that cohort having asthma and therefore more individuals

having emergencies, or it could be caused by the same types of individuals who would have

had asthma in a different cohort having more severe asthma and therefore more emergencies.

In this way, the two studies complement each other, and show that the relationship between

sunlight in utero and asthma is robust to the choice of outcome measure.

Given this background, Table 2.2 provides means and general summary statistics for our

two datasets.19,2 0 ,21

annual sunlight variation. Furthermore, there is a concern that less populated counties will have a count
of emergency asthma or allergy emergency discharges censored at 0, which would bias a linear regression
model. Omitting those counties helps avoid that bias.

19For Study I, our full sample consists of 595,093 people, and analyzing the means of our variables of
interest across the entire dataset and those for whom we have asthma data reveals that though they are
qualitatively similar, there are significant differences (Table 2.9). Our restricted sample is still described
as the "principal source of national asthma prevalence data for the United States" (National Center for
Environmental Health, 2014), but those significant differences could be due to some unobserved selection
problem, and if so present a potential caveat to our results.

20 We unfortunately do not have measurements of socioeconomic status in either dataset. We mention this
as a weakness of our analysis.

2 1The per capita rate of asthma emergencies is calculated by the count of 2005-2009 emergency department
discharges with an asthma diagnosis for a particular birth month - birth year - county cohort, divided by
the number of individuals born in that cohort. aThis rate is larger in magnitude than one might expect
since multiple discharges for the same individual are counted separately, and since it pools multiple years.
AData limitations make it impossible to track the same individual across discharges and years, which would
be necessary to calculate an individualized rate.
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Table 2.2: Summary statistics for Studies I and II.

Study I
N 264,701

Percent asthmatic:

Average year of birth:

Range of birth years:

Range of ages:

Fraction female:

Major Ethnicities:
White
African American
Other

Hours of Sunlight:

1st Trimester:

2 "d Trimester:

3 rd Trimester:

11.49%

1956.06

1914-1987

9-85

56.0%

81.2%
15.7%
2.8%

Mean Std. Dev.

673.74 196.79
676.58 197.28
668.82 197.24

Study II
N
N (total births)

Per capita rate of
asthma emergencies

Average year of birth:

Range of birth years:

Range of ages:

Average cohort share female:

Major Ethnicities (avg. share)
White
African American
Other

Sunlight intensity (W/m 2):

1st Trimester:

2 nd Trimester:

3 rd Trimester:

3,036
2,119,857

0.104

2004

1999-2009

0-10

48.8%

79.1%
13.0%
n/a

Mean Std. Dev.

182.88 65.99
182.42 65.49
182.10 65.55
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Construction of the sunlight variable: Neither dataset enables us to trace the weather

back to the exact day of birth. Given this coarseness in our data, we cannot determine the

precise weeks of the pregnancy to which a sunlight measure pertains. However, we can assess

a range. For example, in the Appendix, Section 3 we estimate our model at the month level

(i.e. we include months on the right hand side instead of trimesters). Suppose we found that

the month two months prior to birth was significant. For individuals born on the first day of

their month of birth this would be the second to last month of the pregnancy, but for those

born on the last day of the month, it would be the third to last. We thus bound our results

accordingly and in that case would say that we find evidence of significance within the last

two to three months of the pregnancy.

For both studies, our trimester measurements for sunlight sum three adjacent months.

Thus, our third trimester starts with the sunlight from one month prior to the birth month

and adds to it the amounts in the two preceding months. We define the other trimesters

correspondingly. We start one month prior to the birth month so that our second trimester

measurement aligns better with the late pseudoglandular and canalicular stages.

We also stress that neither of our datasets contains information on the length of the

pregnancies at hand. This is a further drawback of our data, as if individuals were born very

prematurely, we may be systematically mislabeling their trimesters. Namely, if our samples

contained many premature births, then what we label as the second trimester on average

may actually be an earlier period in the pregnancy. To partially counter this timing issue,

we note that there is scant medical evidence for an asthma-vitamin D connection prior to

the second trimester. Apart from the timing concern, we cannot rule out the possibility that

the causal channel we are observing is that vitamin D deficiency induces slightly premature

births, and that premature births are a risk factor for asthma. Published studies have found

associative evidence supporting both of these claims (e.g., Bodnar, Platt, and Simhan, 2015).
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Given the effect sizes observed in these studies, however, we believe such a channel cannot

explain the full magnitude of our results.

2.4 Methodology and Results

We begin at a very broad level by comparing the distributions of normal and asthmatic

births across the calendar year utilizing no controls, employing the dataset from Study I. The

distributions differ significantly (Pearson's Chi-squared test, X2 =25.73, df=11, p=0.0071),

with asthmatic births more common roughly during the summer.

Given the seasonal variation in weather across most of the nation, these data suggest a

potential connection between sunlight and asthma. However, other factors could contribute

to or produce this pattern. For example, it is known that seasonality of birth correlates with

race (e.g., Bound and Jaeger, 2001; Buckles and Hungerman, 2013; Currie and Schwandt,

2013). Therefore, to the extent that race is correlated with asthma incidence, racial differ-

ences in the season of birth could conceivably produce this pattern. The same logic holds for

other factors that have been shown to correlate with season of birth, such as socioeconomic

status or the degree to which pregnancies are planned.

To study our research question in greater detail, we now turn to our main results. They

capitalize on the aforementioned natural experiment to rigorously test the sunlight hypothe-

sis. Our approach fixes the birth location and month, and then assesses how within-location

sunlight variation across years affects the probability of asthma.22 We report results as lin-

ear probability models with our binary measure of asthma as the dependent variable and

measures of sunshine and our controls as independent variables.

22 For this approach to provide meaningful evidence on a possible vitamin D connection, we need to assume
that this variation in sunlight correlates with vitamin D levels. Though this may seem obvious, to provide
supportive evidence, we merged our data from Study II with that from the American Time Use Survey to
show that the variation we exploit correlates with time spent outside. Since we view this result as supportive,
we refer the reader to the Appendix, Section 4, for more on this point.
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Study I: Given the individual-level data, this study's regressions take the following form:

ASTHMAismy = a + Asm + py + yln(SUNmy) + X|/3 + Eismy (2.1)

where ASTHMAimy is the asthma status of individual i born in state s in month m and

year y. Asm are state of birth interacted with month of birth fixed effects; p, are year of birth

fixed effects (which also captures the effect of aging, as the longer one is alive the more time

one has to receive as asthma diagnosis); ln(SUNsmy) is the log-transformed measurement of

sunlight; and the Xi are individual controls for race and gender. 23

In words, here is an example of how this specification proceeds. Individuals born in July

in Georgia in 1978 received a certain exposure to sunlight in utero; individuals born in July

in Georgia in 1979 received a different exposure. We assess how that variation in exposure

affects the probability of developing asthma, taking into account a possible national trend

in asthma diagnoses across years with the py.

Our main results are displayed below in Table 2.3. We report our analysis using log-

transformed sunlight to express our results in terms of percent changes, but in the Appendix

we show similar results with a nonlinear functional form. 24

2 3Ideally, we would have liked to control for birth weight in our regressions as well, in order to isolate
the effect on asthma beyond the birth weight effect documented in Trudeau, Conway, and Menclova (2016).
However, the fraction of the NHIS sample that has birth weight data is very small; thus unfortunately we
simply do not have the power to produce such an analysis.

24 See Table 2.13. To be fair, Study II's results seem more robust to functional form that Study I's.
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Table 2.3: Regression output of main results from Study I. The results indicate that greater
potential sunlight exposure during the second trimester reduces the probability of being
diagnosed with asthma later in life. For the coefficient on the second trimester sunlight,
p=0.00 9 1, 0.0095, and 0.0079 for Columns (1) to (3), respectively. All regressions are done
with robust standard errors clustered at the state level.

Dependent variable:

Asthma

(1) (2) (3)

Log Hours of Sun 0.00123 0.00156 0.0014
3 rd Trimester (0.00711) (0.00707) (0.00711)

Log Hours of Sun -0.01615*** -0.01592*** -0.01653***
2nd Trimester (0.00595) (0.0059) (0.00596)

Log Hours of Sun 0.00274 0.00318 0.0036
1" Trimester (0.00726) (0.00728) (0.00717)

State of Birth x Month x x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x x
Race controls x
Gender x

N 264,533 264,533 264,533
R2 0.0081 0.0089 0.01073

Note: *p<0.1; **p<0.05; ***p<0.01
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This Table's striking finding is that sunlight exposure during the second trimester has a

large and significant effect on the probability that a child is later diagnosed with asthma.

More specifically, doubling the amount of sunshine during this period lowers the subsequent

probability of asthma by 1.15 percentage points.25  Thus, at the mean incidence rate of

11.49%, such an increase in sunlight would lower the probability of asthma by around one

tenth. In contrast, during neither the first nor third trimester is sunlight significant. To put

these results in context, the average number of hours of sunlight in the summer in Nevada

is about twice that for New Hampshire. Similarly, a baby born in December in New Mexico

has on average about three times as much sunlight during the second trimester as a baby

born in May in Michigan.

Bounding the time window as mentioned in the Data section, these results provide ev-

idence for significance inside weeks 10-26 of the pregnancy. This is a close match with the

window of weeks 11-26 we specified earlier. 26

Our results pass various robustness checks detailed in the Appendix, Section 6. Namely,

if we add an additional pregnancy's worth of sunlight data both before conception and after

birth to our main regressions, none of these extra terms is significant while our main effect

persists. We also re-estimated our analyses with state-specific time trends and found similar

results. 27 Finally, to explore whether the effect is constant across time, we also re-estimated

our analysis on separate time intervals. Interestingly, we find that the effect we observe is

largely driven by more recent births, arguably making our findings more relevant for current

policy.

25This number comes from multiplying the coefficient on the second trimester in Column (3) by ln(2):
-0.01653 x ln(2)=-0.0115.

26Given that data from both studies are at the month level, we repeat the analysis at this finer level in the
Appendix, Section 3, to see if we can learn more about when during this period sunlight exposure is most
important (Table 2.10).

27These would help control for factors that might be changing differentially across time in states, such as
use of sunscreen or behavioral patterns affecting time spent outside.
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Study H: The main regression used in this study is:

ASTHMAcmy = a + Acm + py + -yln(SUNcmy) + Ecmy, (2.2)

where ASTHMAmY is the per-capita number of emergency department discharges for

asthma in county c for individuals born in month m and year y. Acm are county interacted

with month of birth fixed effects; py are year of birth fixed effects; and ln(SUNcmy) is the

log-transformed measurement of sunlight.

In words, what this specification does is as follows. The cohort of individuals born in

Mercer County, New Jersey in March, 2006 received a certain exposure to sunlight in utero;

individuals born there in the March, 2007 cohort received a different exposure. We are deter-

mining how that variation affects the incidence rate of emergency department discharges for

asthma for those cohorts, taking into account possible trends across birth years that would

affect all counties. Our main results from this study are in Table 2.4. As above, we report

our analysis using log-transformed sunlight, but re-estimating our models with alternative

functions of sunlight yields very similar outcomes. 28,29

28 See Table 2.14.
2 9One might be concerned that there are fewer years of discharge data available from 2005-2009 for cohorts

born after 2004 since they were alive for a smaller portion of the five year observation period. The birth year
fixed effects in the main regression should take care of these level differences, but may be then entangled
with an abnormally large or small cohort year. Column (2) therefore omits the birth cohorts born after 2004,
and re-estimates the main regression on the 1999-2004 cohorts. Each of these six cohorts has a full five years
of discharge data. The second trimester coefficient in Column (2) is actually larger than that of the main
result in Column (1), strongly suggesting that the main result is robust to the inclusion of younger cohorts.
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Table 2.4: Regression output of main results from Study I. We estimate the model regression
on the full sample and a subset of the birth years (see footnote). The results indicate that
greater potential sunlight exposure during the second trimester reduces that cohor's per
capita rate of emergency department discharges for asthma later in life. For the coefficient
on the second trimester sunlight, p=0.00 4 , and 0.009 for Columns (1)-(2), respectively. All
regressions are done with robust standard errors are clustered at the county level.

Dependent variable:

Asthma

(1) (2)

Log Average Sunlight 0.0114 -0.0226
intensity 3rd Trimester (0.0244) (0.0339)

Log Average Sunlight -0.0319*** -0.0598***
intensity 2 nd Trimester (0.0098) (0.0209)

Log Average Sunlight 0.0205 -0.0124
intensity 1st Trimester (0.0197) (0.0197)

County of Birth x Month x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x

Birth years 1999-2009 1999-2004

N 3,036 3,036
R2 0.7624 0.7467

Note: *p<0.1; **p<0.05; ***p<0.01
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This Table shows that there is a large negative and highly statistically significant coeffi-

cient on the relative amount of sunlight during the second trimester, the exact same period

we documented in Study I. Other trimesters show no effect. To interpret our second trimester

coefficient, consider the following. Across this dataset, compared to the mean potential sun-

light exposure within a specific county-month pair, the minimum and maximum levels are

approximately -0.2 to 0.2 log points away. If everyone had the sunniest second trimester in

the data set for their month and county of birth, this would thus yield on average approxi-

mately 20% more sunlight. That 20% increment would lower the rate of asthma emergency

department discharges by 0.2 x 0.03 = 0.006, which at the mean rate of 0.10 observed in

this dataset, is about a 6% reduction relative to the average.o These results pass robustness

checks similar to those described for Study I (see the Appendix, Section 6, Table 2.16).31

Racial Differences: Blacks suffer from vitamin D deficiency at much higher rates than do

whites. Two factors explain this disparity: blacks have a greater incidence of lactose intol-

erance (which limits their ability to consume vitamin D fortified dairy products), and their

greater skin pigmentation inhibits the production of vitamin D from sunshine. The benefit of

additional sunlight exposure for blacks may be greater or less than it is for whites. Sunlight is

converted to vitamin D at a lower rate for blacks, but likely provides a larger marginal benefit

given their lower base level. We thus sought to explore how our observed effects differ by race.

30 If we repeat this analysis on a similar sample from Study I (babies born in December in New Jersey),
we see a 4.8% decrease in asthma diagnoses at the mean. While these values are of similar magnitude, the
two are in fact significantly different. This is not surprising though, as given the range of symptoms present
in asthmatics, it seems likely that the effect of sunlight may differ for those who receive borderline diagnoses
versus those with sufficiently extreme cases to entail emergency department visits.

"One additional robustness check we conducted added county-specific annual time trends. This addition
negligibly affected our results. See Tables 2.17 and 2.18.
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Table 2.5: Regression output estimating our models for blacks and whites separately for
Studies I and II. For the coefficient on the second trimester sunlight, (p=0.0585, 0.0963,
0.00002, and 0.295 for Columns (1)-(4), respectively All regressions are done with robust
standard errors clustered at the state level.

Dependent variable:

Asthma

(1) (2) (3) (4)
Study I I II II
Racial Group Whites Blacks Whites Blacks

Log Sunlight 3rd -0.001009 0.007127 -0.0035 0.1605
Trimester (0.007834) (0.014906) 0.0137 (0.1458)

Log Sunlight 2nd -0.012988* -0.035054* -0.0526*** -0.064
Trimester (0.006704) (0.020672) (0.0091) (0.0592)

Log Sunlight 1" 0.005516 -0.0033 -0.0254* 0.0389
Trimester (0.008271) (0.016188) (0.0123) (0.1015)

Region of Birth x x x x x
Month of Birth Fixed Effects
Year of Birth Fixed Effects x x x x
States (counties) All All NJ (18) NJ (18)
N 214,688 41,553 2,376 2,376
R2 0.0104 0.0253 0.658 0.334

Note: *p<0.1; **p<0.05; ***p<0.01
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We see above that the second trimester coefficients are actually larger for blacks, though

within each study the differences are not statistically significant. In terms of each individual

regression, the evidence is less statistically significant than in the pooled regressions, but we

do still see evidence of an effect within each racial group. If blacks have lower baseline levels

of vitamin D, then perhaps the qualitatively larger second trimester coefficients derive from

a diminishing marginal benefit of vitamin D during the second trimester. We leave further

analysis of this hypothesis to future work.

Alternative Hypotheses: We provide evidence that within-location variation in sunlight across

birth years affects the probability of asthma pathogenesis. To conclude that our results imply

a causal role for vitamin D, we must assume that our variation in sunlight correlates with

maternal vitamin D levels and that it is uncorrelated with other factors that might actually

determine asthma.

While we cannot rule out every possible alternative story, we addressed as many plausi-

ble ones as we could given our data. From the fetal development literature, specific factors

that have received detailed study are smoking while pregnant, pollution, and temperature. 2

Namely, there have been associational studies that document correlations between in utero

exposure to each of maternal smoking and pollutants such as carbon monoxide and asthma

later in life (e.g., Stick et al. 1996; Gilliland, Li, and Peters, 2001; Mortimer et al., 2008).

We note that apart from only reporting correlations, the exact biological pathways in utero

connecting these contaminants to asthma remain unclear. In comparison, the connection

between vitamin D and sunlight is extremely well documented, and the pre-existing evi-

32The negative effects of cigarette smoke on current asthmatics is very well documented; note here we are
referring to the smaller literature on in utero exposure to smoke.
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dence on in utero vitamin D and asthma has a clear, well researched biological pathway. To

consider these further, we explore below each of these hypotheses in greater detail.

Smoking: One could imagine various stories by which the variation in sunlight we are ex-

ploiting correlates with smoking rates. For example, since a sunny day can reduce stress

and give many individuals more options for leisure and amusement, one might expect it

to reduce smoking rates. Alternatively, given regulatory restrictions and social sanctions,

individuals now mostly smoke outdoors (as opposed to in their workplaces or homes), and

so a less sunny day could result in reduced smoking. If we believe that smoking affects fetal

lung development and therefore asthma rates, then our observed sunlight coefficient could

conceivably be picking up an effect from smoking behavior.

The American Time User Survey (ATUS) asks respondents about the number of minutes

spent smoking per day.33 This variable can be used to test the relative impact of sunlight

on smoking, using the same econometric framework as above. Table 2.6 shows the results of

this analysis.

3 3The ATUS has a single code for "Tobacco and drug use." We are assuming here that since tobacco use
rates are much higher than drug use rates, and that smoking is still the primary method of tobacco use, this
variable can safely be used to represent time spent smoking.
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Table 2.6: Smoking results, women 15-44, using ATUS. Regression output of time spent on
smoking and drug use on average sunlight for the population-weighted state centroid on the
reference day. The results indicate no relationship between greater sunlight and time spent
on smoking / drug use (p >0.1 for all). All regressions are done with robust standard errors
clustered at the state level.

Dependent variable:

Time Spent

on smoking

(1) (2) (3)

Log Average Sunlight 0.04633 0.04028 0.03617
Intensity for Reference Day (0.09518) (0.09325) (0.08995)

State x Month Fixed Effect x x x
Day of week and Year Fixed Effects x x
Demographic controls x
N
R2

Note:

27,340 27,340 27,340
0.114 0.116 0.125

*p<0.1; **p<0.05; ***p<0.01

The coefficients are extremely small in magnitude and are far from statistically insignif-

icance. A one log-point increase would increase the mean amount of time spent smoking

by only a few seconds, which is even less than one cigarette. With the standard errors in

Column (3), we can rule out at the 5% level any effect bigger than 9 fewer seconds ((0.036 -

0.09 x 2) x 60) or 13 more seconds spent smoking on an unusually sunny day. Finally, due to

some data concerns with the ATUS, in Section 5 of the Appendix, we do a separate analysis

using the CPS Tobacco Use Supplements.
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Pollution: One may be also be concerned about a potential correlation between sunlight and

pollution levels. The study cited above specifically refers to carbon monoxide (CO), which

a separate literature has consistently shown to be a pollutant with adverse effects on child

health (Neidell 2004; Currie, Neidell, and Schmieder, 2009; Schlenker and Walker 2011).

To investigate whether our results are robust to this potential issue, we apply the re-

gression framework of Study II to pollution data, and also to a combined regression that

includes both pollution and sunlight data. The analysis below uses measured CO level (in

parts per million), averaged over each calendar month and year. As with the satellite sunlight

data, each county is matched with the pollution monitor that is the closest to its population

weighted centroid.

The log of a three month moving average level of CO is modestly negatively correlated

with sunlight (-0.2). This adds plausibility to the concern described above, since higher in

utero sunlight levels, which should reduce asthma rates, would coincide with lower in utero

CO levels, which could also reduce asthma rates.

In Table 2.7, Column (1) repeats that main results for Study II from above for compar-

ison. Column (2) replaces the log of average sunlight in each trimester with the log of the

average CO level in each trimester. Finally, Column (3) includes both sets of independent

variables to see how greatly CO levels reduce the magnitude and significance of this paper's

main finding.
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Table 2.7: Study II, Carbon Monoxide results. Here we repeat the analysis done earlier for
Study II. Column (1) contains the same main result as above. Column (2) repeats above
analysis using instead the log of the average CO level. Column (3) estimates a "horse race"
including both sets of independent variables. Robust standard errors clustered at the county
level. The p-value for the second trimester sunlight coefficient in Column (3) is 0.005, versus
0.004 in Column (1).

Dependent variable:

Asthma

Log of Average
Sunlight intensity
3 rd Trimester

Log Average
Sunlight intensity
2nd Trimester

Log Average
Sunlight intensity
1" Trimester

(1)
0.0114

(0.0244)

-0.0319***
(0.0098)

0.0205
(0.0197)

Log Average
CO level
3rdTrimester

Log Average
CO level
2 nd Trimester

Log Average
CO level
1" Trimester

(2)

0.0092
(0.009)

-0.001
(0.0072)

0.0056
(0.0067)

(3)

0.0118
(0.0241)

-0.0287***
(0.0092)

0.0254
(0.0174)

0.0094
(0.0088)

-0.0005
(0.0072)

0.0051
(0.0067)

County of Birth x Month x x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x x

Birth years 1999-2009 1999-2009 1999-2009
N 3,036 3,036 3,036
R 2 0.7624 0.7628 0.7633

Note: *p<0.1; **p<0.05; ***p<0.01
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Column (3) shows the results of including both the in utero CO level and sunlight level.

The second trimester sunlight result remains extremely statistically significant, but its mag-

nitude is reduced about 10%. While this is consistent with a hypothesis that the in utero

CO level does have an effect on asthma, and that this effect is somewhat correlated with the

effect of sunlight, it does not diminish the robustness of the main result of this paper. The

effect of sunlight is not simply proxying for the effects of pollution, but rather represents its

own substantial result.

Temperature: Finally, average monthly sunlight levels are highly correlated with average

monthly temperatures (correlation of 0.82). A broad literature documents the connection

between temperature and health (as reviewed in Deschenes 2013) though that relationship

has diminished over time (Barreca et al. forthcoming). While there is no literature specif-

ically linking temperature in utero to asthma, there is work linking temperature to birth

outcomes (Barreca et al. 2015).

We repeat the above analysis using the log of the average monthly temperatures over the

three months of each trimester. Data is from U.S. Historical Climatology Network Monthly

(USHCN) which consists of 1218 weather stations spread throughout the United States. For

the Arizona and New Jersey counties in Study II the population-weighted county centroid

is matched to the nearest weather station.

Table 2.8 shows the results of estimating an analogous regression of relative temperatures

on asthma rates, as well as a horse race with both sunlight and temperature as possible ex-

planatory variables. So while contemporaneous temperature may affect mortality, fertility,

and birth outcomes, temperature in utero appears to have minimal future effect on asthma.
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Table 2.8: Study II, Temperature results. Here we repeat the analysis done earlier for
Study II. Column (1) contains the same main result as above. Column (2) repeats above
analysis using instead the log of the average temperature level. Column (3) estimates a
"horse race" including both sets of independent variables. Columns (4)-(6) instead add the
average number of days per month that a temperature was "extreme." Robust standard
errors clustered at the county level. The p-value for the second trimester sunlight coefficient
in Columns (3)-(6) are 0.003, 0.012, 0.041, and 0.013 versus 0.004 in Column (1).

Dependent variable: Asthma

(1) (2) (3) (4) (5) (6)

Log of Average Sunlight
intensity 3 rd Trimester

Log Average Sunlight
intensity 2 nd Trimester

Log Average Sunlight
intensity 1 " Trimester

Log Average Temperature

3rd Trimester

Log Average Temperature

2nd Trimester

Log Average Temperature

1 " Trimester

Average Days/Month
Temperature<150 F

3 rd Trimester

Average Days/Month
Temperature<15' F

2 nd Trimester

Average Days/Month
Temperature<15' F

1 " Trimester

Average Days/Month
Temperature Hot

3 d Trimester

Average Days/Month
Temperature Hot

2nd Trimester

Average Days/Month
Temperature Hot
1" Trimester

0.01 0.0165 0.0157
(0.0261) (0.0271) (0.0257)

0.0114
(0.0244)

-0.0319***
(0.0098)

0.0205
(0.0197)

0.0133
(0.0244)

-0.0331*** -0.0282** -0.0259** -0.0295**
(0.01) (0.0104) (0.0119) (0.0109)

0.0194
(0.210)

0.0230 0.0209 0.0248
(0.0229) (0.0242) (0.0207)

0.0065 0.0089
(0.0173) (0.0189)

0.0101 0.0084
(0.0147) (0.0188)

0.0043 0.0008
(0.0169) (0.0159)

0.0018
(0.0014)

0.0016
(0.0018)

0.0024*
(0.0014)

>800 F
-0.0004
(0.0005)

>950 F
0.00003
(0.0005)

-0.0002 -0.0007
(0.0005) (0.0008)

0.0001 -0.0008
(0.0005) (0.0005)

County of Birth x Month x x x x x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x 86 x x x x
Birth years 1999-2009 1999-2009 1999-2009 1999-2009 1999-2009 1999-2009
N 3,036 3,036 3,036 3,036 3,036 3,036
R2 0.7624 0.7619 0.7624 0.763 0.7624 0.7626

Note: *p<0.1; **p<0.05; ***p<0.01



Here, the results are even stronger than above, with temperature in utero having a

minimal effect on asthma rates, and when included in a "horse race" regression having no

impact on this paper's main results.

One additional temperature robustness check in Columns (4)-(6) instead adds the average

number of days per month that the temperature was "extreme," i.e., under 15' Fahrenheit,

over 800 F, and over 950 F (following Barreca et al. 2015). While the magnitude of the main

2nd trimester effect of sunlight is somewhat decreased, the results remain robust overall.

Finally, while our data availability did not enable us to repeat this analysis with Study

I, it is worth highlighting how the temperature extremes may have played a differential role

across time in that Study, due to the advent of indoor climate control (as pointed out by a

referee). Hence, omitting temperature in Study I's regressions could diminish the coefficients

on sunlight smaller in earlier decades, which is consistent with what we see in Table 2.19.

2.5 Conclusion

Our results from two independent studies provide evidence that greater sunlight during the

second trimester of pregnancy reduces the probability the unborn child will later develop

asthma. Further, we find evidence that sunlight has an effect for both blacks and white,

which is important given the increased prevalence of asthma within the African American

community." The presumed causal channel operates through the mother's conveyance of

vitamin D to the fetus, the vast majority of which comes from her sunlight exposure. Sim-

ilarly, we have provided evidence that sunlight exposure is correlated with the variation in

weather that we exploit. A qualification to our identification strategy is that there might

14The daily data necessary for this piece is available from NOAA's Global Historical Climatology Network.
See ftp: //ftp. ncdc. noaa. gov/pub/data/ghcn/daily/readme. txt.

35We thank a reviewer for encouraging us to explore this direction.
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be unobservable factors other than vitamin D that are correlated with sunlight levels and

are the true causal determinants of asthma. Given our data, we cannot rule out all such

possible unobservables, but given the strength of the pre-existing hypothesis surrounding in

utero vitamin D and asthma, and our results from several external datasets detailed in the

Appendix, we believe the results to be strongly suggestive. To judge the overall significance

of the results from our two studies, we note that if the true effect of second trimester sunlight

levels on asthma incidence were zero, the probability of finding effects at less than the 1%

significance level in two independent studies would be less than one in ten thousand.

Our results suggest low levels of maternal vitamin D during pregnancy may be more

harmful than previously thought. As mentioned earlier, vitamin D deficiency and insuf-

ficiency are extremely widespread, with multiple studies of pregnant women documenting

overall rates in excess of 80% (Bodnar et al., 2007; Holmes et al., 2009; Johnson et al., 2011).

Hence, our results suggest that if we could raise vitamin D levels in these women, the savings

in terms of both future quality of life and healthcare costs could be substantial.

The two most practical and cost-effective methods for augmenting vitamin D levels would

be supplements and increased sunlight exposure. Both may be helpful, but when regularly

available, we prefer the latter for two reasons. First, many women already take supplements

during pregnancy that include vitamin D, but some studies have found that their insufficiency

rates are similar to those of women who do not take supplements (e.g., Holmes et al., 2009,

or see Vieth et al., 2001). This may be due to inadequate dosages, absorption problems, or

compliance issues, but it suggests that supplementation is not completely straightforward.

Second, sunlight exposure is a very efficient means of vitamin D production. A rule-of-thumb

in the medical literature is that most people may obtain a sufficient daily dose of vitamin D

from 10 minutes of direct sunlight exposure (Holick, 2007).36 Further, unlike supplements,

36The specific amount required varies with ethnicity, altitude, latitude, etc. - there are several calculators
available online, such as http: //nadir.nilu. no/~olaeng/f astrt/VitD- ezquartMEDandMED_v2. html. To
be fair, in some geographies, it is simply impossible to get enough vitamin D from sunlight exposure alone.
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which can only deliver vitamin D in fixed quantities, production of vitamin D from the skin

automatically shuts off when levels are sufficiently high (Holick and Garabedian, 2006). The

main cost of additional sunlight exposure would be a slightly higher risk of sunburn and

melanoma, but given how little sun exposure most people need to obtain sufficient vitamin

D compared to the amount necessary for sunburn, much less melanoma, this risk seems

modest. To be fair, Trudeau, Conway, and Menclova (2016) do find evidence that more

sunlight may slightly increase the probability that a white mother has a lower birth weight

child. However, a very rough back of the envelope calculation of the magnitude of the broad

economic surplus from widespread vitamin D supplementation is $5 billion per year.3 7

Additionally, while this study focused on asthma due to data limitations, other diseases

have been linked to low levels vitamin D (e.g., multiple sclerosis, schizophrenia, and car-

diovascular disease). Future work could consider whether increased sunlight reduces the

incidence of those diseases as well, perhaps using this paper's empirical framework.

Prior research has shown that the mechanisms that underlie asthma are numerous and

complex. We find evidence suggesting that sunlight during the second trimester (which we

posit contributes to and proxies for maternal vitamin D levels) is a significant factor. Given

the extent of the asthma epidemic afflicting the world today, securing a better understanding

of this complex disease and its numerous contributing factors is extremely important. On

a broad note, our paper contributes to the growing economics literature that uses applied

econometrics to shed light on medical questions. We believe that such econometric analyses

have the ability to complement (not supplant) the standard randomized controlled trials of

Even when the location and timing make it feasible to obtain the necessary level of vitamin D from the sun,
other factors may make this difficult in practice, such as sunlight obstruction from tall urban buildings.

3 7This estimate is calculated as follows. From Study I, the reasonable relative range of sunlight hours is
double. Multiplying ln(2) by the regression coefficient (-0.0165) and dividing by the mean incidence (11.5%)
and yields a 10% reduction. With the annual cost of asthma at $56 billion (Barnett and Nurmagambetov
2011), this would be a surplus of $5.6 billion. The costs of supplements is minimal compared to these
surpluses, not to mention the even smaller cost of more time outdoors. This analysis also ignores the risk of
increased low birth weight children for white mothers suggested by Trudeau, Conway, and Menclova (2016).
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medicine. They can provide substantially cheaper, larger-scale analyses of pre-existing data

that can also help to guide future randomized controlled trials. Econometric studies and

randomized controlled trials are not rivals in research; they are partners.

90



2.6 Appendix

2.6.1 Mean Comparison for Study I

Comparing our variables of interest from the full sample of NHIS data with the subset for

which asthma data is available reveals they are qualitatively similar, though in fact the sam-

ple means all are significantly different (other than 2nd trimester sunlight). Our asthma

indicator was created by using the AASMEV and CASHMEV variables from the Sample

Adult and Sample Child files, respectively. Like several other NHIS health outcomes from

these datasets, coverage is not as high as one may like, but it is still a fairly large sample

and is used as the basis for many governmental asthma reports.
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Table 2.9: Comparison of summary statistics across samples. Restricted Sample refers to
the full dataset restricted to those for whom we have asthma data on. Note the 11.49% in
both is mechanical due to the missing data, and Hours of Sunlight is expressed as Mean i
Standard Deviation.

N

Percent asthmatic:

Average year of birth:

% Female

Major Ethnicities:
White
African American
Other

Hours of Sunlight

1st Trimester:

2 nd Trimester:
3 rd Trimester:

Full Sample

595,093

11.49%

1957.24

52.9%

81.6%
15.0%
3.2%

674.85 197.18
677.52+197.33
669.28+197.29-

Restricted Sample

264,701

11.49%

1956.06

56.0%

81.2%
15.7%
2.8%

673.74+196.79
676.58 197.28
668.82+197.24
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2.6.2 Sunlight Variation Figures

To better convey a sense of the variation in sunlight we are exploiting in each study, we here

provide graphics that look at sunlight levels in different locations across years for two sample

months (December and June).

December Deviations from State Means

1920 1935 1950

1965 1980

(a) December weather

June Deviations from State Means

1920

1965

1950

1980

(b) June weather

Figure 2-1: To illustrate the sunlight variation we exploit in Study I, this Figure demonstrates
for select years the log deviations from the state-month mean level, for each of December and
June. For example, we can see that December of 1980 was a particularly less sunny month
for Washington state but particularly more sunny for Vermont, compared to their average
Decembers (data from NOAA).

9
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(a) December weather

(b) June weather

Figure 2-2: Arizona sunlight variation, Study II. These two subfigures show the log deviations

from the county-month mean for Arizona for December and June for the different years used

in our analysis (data from NSRD). Scale ranges from -0.24 to 0.14 log points. The black
dots indicate the population weighted county centroid.
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4

(a) December weather

p

p
(b) Juie weather

Figure 2-3: New Jersey sunlight variation, Study II. Here we repeat our earlier Figure with
data from New Jersey (data from NSRD).
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2.6.3 Month Level Estimation

Since data from both studies are available at the month level, we now re-estimate our main

models at this level to see if we can provide evidence for when in the late pseudoglandular

and canalicular stages vitamin D may be most important. Table 2.10 contains the output

from these regressions, where Column (1) is the month level version of Column (3) from

Table 2.3 in the main text and Column (2) corresponds to Column (1) from Table 2.4.

These results show that no months outside our window of interest are significant in either

dataset, but also that the main driver of the significance we see in the second trimester is

from month five before the month of birth in both datasets. Thus, within the time frame we

first posited, we find evidence that vitamin D may be particularly important during roughly

weeks 10-18. As an example of how to interpret this magnitude, the Study I result predicts

that doubling the total hours of sunlight during this window alone would reduce the mean

incidence of asthma by about 4.8%.
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Table 2.10: Here we repeat our main analysis at the finer month level to see if we can
narrow down when during pregnancy vitamin D may be most important. Coefficients are
reported for each study's respective measurement of potential sunlight exposure, where, for
example, "Log Sunlight Month 9" refers to the sunlight present nine months prior to the birth
month. In both datasets, we see no months outside our window of interest are significant and
specifically Month 5 is highly significant in both (p=0.004 8, 0.0011, respectively). Column
(2) is estimated on birth years 1999-2009.

Dependent variable:

Asthma

(1) (2)

Log Sunlight -0.00260 0.01184
Month 1 (0.0053) (0.01122)

Log Sunlight 0.00005 -0.00371
Month 2 (0.0043) (0.01042)

Log Sunlight 0.00239 0.0091
Month 3 (0.00314) (0.00768)

Log Sunlight -0.00057 -0.00785
Month 4 (0.00329) (0.0046)

Log Sunlight -0.00794*** -0.01579***
Month 5 (0.00269) (0.00557)

Log Sunlight -0.0057 -0.00687
Month 6 (0.00384) (0.00632)

Log Sunlight -0.001 -0.00507
Month 7 (0.00404) (0.00662)

Log Sunlight -0.00221 -0.01298
Month 8 (0.00483) (0.01005)

Log Sunlight 0.00527 0.01785
Month 9 (0.0031) (0.01207)

Location of Birth x x x
Month of Birth Fixed Effects
Year of Birth Fixed Effects x x
Race Controls x
Gender x
N 264,524 3,036
R2 0.0108 0.7629

to7
*p<0.1; **p<0.05; ***p<0.01Note:
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2.6.4 Sunlight and Time Spent Outdoors

For our analysis to provide evidence between a possible connection between maternal vitamin

D levels and asthma incidence, it is critical that the variation in sunlight we are considering

correlates with actual vitamin D levels in pregnant women. In other words, fixing the

location and time of year, if the weather one year is particularly sunny, do the people there

tend to have higher vitamin D levels? Given that seasonal variation in vitamin D levels is

well documented, the answer to this question may seem clear, but note that it is a slightly

different variation in sunlight that we are exploiting.

Even if exposure to sunlight leads to vitamin D production, our hypothesis relating sunny

weather in utero to asthma protection would fail if sunnier days led people, for example, to

get less exposure to the sun, say by spending most of their time inside with air conditioning.

To rule out this possibility, we investigate whether fixing the location and time of year, more

sunlight leads individuals to spend more time inside using data from the American Time

Use Survey (ATUS). 38

The ATUS, which began in 2003, asks individuals for a specific day to diary all of the

activities that they did that day, and identifies the state of residence. Since the satellite

sunlight data used in Study II overlaps the time period of the ATUS (i.e. 2003-2009) and is

granular to the day level, we can investigate whether individuals spend relatively more time

on outdoor activities on relatively more sunny days. This relatively short time period allows

us to assume that preferences for these activities are relatively constant.

Table 2.11 shows the results from the regression of the total number of minutes spend

on outdoor activities 39 on the log of average sunlight intensity on the reference day. While
381f individuals still spend the same amount of time outside, and there is more sunlight during the hours

they are outside, they would still be getting more vitamin D. Hence, even obtaining no effects of increased
sunlight on time outside may not discredit our first stage.

39Activities that are coded as "outdoor" include playing baseball, biking, boating, climbing, spelunking,
caving, participating in equestrian sports, fishing, playing football, golfing, hiking, playing hockey, hunting,
playing racquet sports, participating in rodeo competitions, rollerblading, playing rugby, running, skiing, ice
skating, snowboarding, playing soccer, softball, playing volleyball, walking, and participating in water sports
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most pregnant women do not engage in these active pursuits, they are a reasonable proxy

for the lower bound of activities that women 15-44 might engage in.

Table 2.11: Time spent outdoors, women 15-44. Regression output of time spent on outdoor
activities on average sunlight for the population-weighted state centroid on the reference day.
The results indicate that greater sunlight results in more time spent outdoors (p < 10-6 for
all). All regressions are done with robust standard errors clustered at the state level.

Dependent variable:

Time spent on

outdoor activities

(1) (2) (3)

Log Average Sunlight 2.3600*** 2.3344*** 2.3111***
Intensity for Reference Day (0.4817) (0.4524) (0.4431)

State x Month Fixed Effect x x x
Day of Week and Year Fixed Effects x x
Demographic controls x
N
R2

Note:

27,340
0.0504

*p<0.1;

27,340
0.0528

**p<0.05;

27,340
0.0674

***p< 0 .0 1

Analogous to the main results, the regressions include state times month fixed effects

(e.g. July in Kansas) to control for time invariant local tastes and cultures. Column (2)

adds fixed effects for the days of the week (e.g., Saturday), since individuals generally have

more time for leisure on the weekends. Finally, Column (3) adds demographic controls. The

coefficients can be interpreted as follows. A sunny day might have three times the average

sunlight intensity from a cloudy day, or a one log-point increase. Across the population, the

average effect is to spend 2 more minutes on outdoor activities. But given that approximately

(Siikamdki, 2009).
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90% of this population spends 0 minutes on outdoor activities, the size of the effect on those

who spend time outdoors could be scaled up to approximately 20 minutes, which is a more

plausible intensive margin (and consistent with these high intensity activities being a proxy

for the low intensity activities for pregnant women's intensive margin). This shows that

individuals are reacting to increased sunlight by spending more time outdoors, suggesting

that the first stage of our identification strategy is sound.40

2.6.5 Additional Smoking Check

As described in Song (2011), there is a concern that as the ATUS almost always only mea-

sures primary activities, it significantly underreports time spent smoking (which is often a

secondary activity). When examining the impact of being a smoker on time spent on other

activities, Song and others instead use the CPS Tobacco Use Supplements (TUS), which

asks more direct questions regarding how many cigarettes on average an individual smokes

daily and whether an individual smokes every day. Hence, to supplement the analysis down

in the main text, Table 2.12 therefore shows analogous regressions pooling several years of

the CPS Tobacco Use Supplement for 1999-2007.

While there is likely less underreporting with this dataset, it presents other serious draw-

backs, including only monthly data (not daily) and an unbalanced state-month panel as

the TUS was conducted in different months in different years. Still, the results are entirely

consistent with those from the ATUS: no contemporaneous impact of relative sunlight on

smoking.

'OA Tobit regression, which accounts for the censored individuals (i.e. those who spend no time outside),
confirms this back-of-the-envelope calculation and returns a coefficient of 24.7*** (7.5), which is approxi-
mately 10 times (i.e. 1/(1-90%)) the 2.31 coefficient in Column (3).
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Table 2.12: Smoking results, women 15-44, using CPS-TUS. Regression output of number
of cigarettes/day or whether one smokes everyday on average sunlight for the population-
weighted state centroid on the survey month. The results indicate no relationship between
greater sunlight and smoking (p > 0.1 for all). All regressions are done with robust standard
errors clustered at the state level.

Dependent variable:

Number of Smokes everyday

cigarettes/day

(1) (2) (3) (4)

Log Average -0.2011 -0.0417 -0.0054 0.001
Sunlight Intensity (0.3344) (0.3185) (0.0214) (0.0211)
for Survey Month

State x Month x x x x
Fixed Effects
Year Fixed effects x x x x
Demographic controls x x

N 164,946 164,946 201,834 201,834
R2 0.024 0.082 0.019 0.08

Note: *p<0.1; **p<0.05; ***p<0.01
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2.6.6 Robustness checks, Subgroup Analyses

In this section, we detail several robustness checks mentioned in the main text. First, we re-

estimate our model for both studies with alternative functions of the independent variable

instead of a log transformed one. Second, for both studies, we first add an additional

pregnancy's worth of trimesters prior to conception to our regression to confirm that sunlight

in those periods does not relate to asthma incidence. Third, we then add another pregnancy's

worth of trimesters post-birth to confirm that those as well are not related to our dependent

variable of interest." The second trimester variable retains its significance in all of these

regressions in both datasets.4 2

Fourth, we repeat our analysis using dummy variables which we do not hypothesize

are related to sunshine exposure to show that we find no evidence that sunlight has an

effect on these outcomes. Specifically, we use the share of white and share of males in each

birth month-year-county cohort as dependent variables. We find no substantial (i.e., beyond

marginal) evidence that sunlight has an effect on these outcomes.

Fifth, we add region-specific year or month time trends to our existing birth year and

birth region-county fixed effects specification.

Finally, we re-estimate our model separately on different subsets of the data, where we

partition our samples by time and geography. The reasoning for this is as follows. First,

given the decades spanned by Study I, we wanted to investigate whether the effect we ob-

served was constant across time. Indeed, from a policy perspective if in recent years the

effect has diminished to zero that would be very different that the reverse (we find evidence

of the latter). Second, we re-estimate our model from Study II separately on each state. We

do this since Study II's two states differ greatly in terms of mean sunlight and the range

"In our results, 1st Trimester, Post-birth corresponds to the first three months after the birth month,
etc., and 1st Trimester, Pre-conception corresponds to the first three months prior to the 1st trimester.

4 2A referee noted that pre-conception sunlight may have a selection effect on who gets pregnant, and thus
having terms for those levels of sunshine may not be as strong a falsification exercise as would be ideal.
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of sunlight. These sub-group results come with the caveat that fewer counties are included;

hence, the consequences of clustering standard errors at the county level are all the more

pronounced.
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Table 2.13: Regression output from alternative specifications, Study I. To make the results more
interpretable in Columns (2)-(4), we report the results scaled to units of 10,000 hours of sun. Column
(1) contains the main analysis from Study I, whereas Column (2) repeats the analysis with linear
sunlight terms instead of log transformed ones (for the second trimester terms, p-value = 0.0079 and
0.0133, respectively). Once we expand the analysis to include quadratic and cubic terms, however,
the second trimester terms are no longer statistically significant. Robust standard errors clustered
at the state level.

Dependent variable:

Asthma
Independent variable is: Log Linear Quadratic Cubic

(1) (2) (3) (4)

Hours of Sun 0.00140 0.088 -0.42 -2.35*
3 rd Trimester (0.00711) (0.1104) (0.44) (1.187)

Quadratic term 0.00 0.003*
(0.0003) (0.0018)

Cubic term 0. 00*
(0.000)

Hours of Sun -0.01653*** -0.238** -0.71 -1.19
2 nd Trimester (0.00596) (0.0927) (0.44) (1.457)

Quadratic term 0.00 0.00
(0.0003) (0.002)

Cubic term 0.00
(0.000)

Hours of Sun 0.00360 0.014 0.28 1.60
1 "t Trimester (0.00717) (0.1131) (0.50) (1.552)

Quadratic term 0.00 0.00
(0.0003) (0.002)

Cubic term 0.00
(0.000)

State of Birth x Month x x x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x x x
Race controls x x x x
Gender x x x x
N 264,533 264,533 264,533 264,533
R2 0.01073 0.01073 0.01074 0.01075

Note: *p<0.1; **p<0.05; ***p<0.01
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Table 2.14: Regression output from alternative specifications, Study II. Column (1) contains the
main analysis from Study II, whereas Columns (2)-(4) repeats it with linear, quadratic, and cubic
sunlight terms instead of log transformed ones. Second trimester sunlight is always highly significant,
with p-value = 0.004, 0.004, 0.006, and 0.005, respectively. Robust standard errors clustered at the
county level.

Dependent variable:

Asthma
Independent variable is: Log Linear Quadratic Cubic

(1) (2) (3) (4)

Average Sunlight Intensity 0.0114 0.0000765 0.000355 -0.00173*
3 rd Trimester (0.0244) (0.000116) (0.00063) (0.000983)

Quadratic term -6.55 x 10- 7  0.0000108**

(1.35 x 10-6) (4.92 x 10-6)

Cubic term -1.97 x 10-8**

(8.60 x 10-9)

Joint Significance [F=0.7821 [F=1.851

Average Sunlight Intensity -0.0319*** -0.000180*** -0.000154 -0.000466

2 "d Trimester (0.0098) (0.0000549) (0.000493) (0.000948)

Quadratic term -5.48 x 10- -1.34 x 10-6
(1.18 x 10-6) (5.21 x 10-6)

Cubic term -2.17 x 10-9
(9.38 x 10-9)

Joint Significance [F=6.42***] [F=5.69***]

Average Sunlight Intensity 0.0205 0.0000991 0.000335 0.000551
1 " Trimester (0.0197) (0.0000962) (0.000606) (0.000977)

Quadratic term -5.30 x 10- 7  -2.09 x 10-6

(1.36 x 10-6) (4.39 x 10-6)

Cubic term -2.99 x 10-9
(7.21 x 10-9)

Joint Significance [F=0.53] [F=0.26]

County of Birth x Month x x x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x x x
Birth Years 1999-2009 1999-2009 1999-2009 1999-2009
N 3,036 3,036 3,036 3,036
R2 0.7624 0.7624 0.7624 0.7630

*p<0.1; **p<0.05; ***p<0.01Note:
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Table 2.15: Regression output from robustness checks, Study I. Regression output from robustness
checks. Here we provide evidence that the sunlight specifically during the late pseudoglandular
and canalicular stages is important by showing that the sunlight levels both before and after the
pregnancy are insignificant, while our main coefficient of interest retains its significance (p-value=
0.0086, 0.0121).

Dependent variable:

Asthma

Log Hours of Sun

3 rd Trimester

Log Hours of Sun

2 "d Trimester

Log Hours of Sun
1" Trimester

Log Hours of Sun
1" Trimester, Pre-conception

Log Hours of Sun
2nd Trimester, Pre-conception

Log Hours of Sun

3rd Trimester, Pre-conception

Log Hours of Sun
1" Trimester, Post-birth

Log Hours of Sun
2ndTrimester, Post-birth

Log Hours of Sun
3 rd Trimester, Post-birth

(1)
0.0014

(0.00684)

-0.01676***
(0.00612)

0.00336
(0.00736)

0.001289
(0.00656)

-0.000556
(0.00659)

0.00147
(0.00658)

(2)

0.0019
(0.00684)

-0.016434**
(0.00631)

0.00482
(0.00737)

0.00281
(0.00638)

-0.00007
(0.00656)

0.00196
(0.00666)

-0.0065
(0.00547)

-0.00887
(0.00814)

0.0016
(0.00716)

State of Birth x x x
Month of Birth Fixed Effects
Year of Birth Fixed Effects x x
Race Controls x
Gender x
N 264,524 264,524
R2 0.0108 0.0108

Note: *p<0.1; **p<0.05; ***p<0.01

106



Table 2.16: Regression output from robustness checks, Study II. Here, we repeat the analysis done earlier for Study II. Whereas our results
in the main text included individuals born in 1999-2009, in order to trace out additional sunlight data, we must restrict our sample to births
in 2000-2008 here. Hence, the first column repeats the original analysis on this smaller sample. In all of the asthma regressions, the second
trimester variable retains its significance, with p-value = 0.001, 0.001, and 0.010, respectively. For placebo regressions from this dataset, we
estimate our model on the share of male and white births in each birth month-county-year cohort (Columns 4-7). None of the coefficients are
significant at the 5% level, with p-value = 0.055, 0.264, 0.171, and 0.316 respectively. Robust standard errors clustered at the county level.

Dependent variable: Asthma Asthma Asthma % births male % births male % births white % births white

(1) (2) (3) (4) (5) (6) (7)

Log Average Sunlight -0.00902 -0.00389 0.00258 -0.00125 -0.00203 -0.00837 -0.00459
Intensity 3 rd Trimester (0.02607) (0.02645) (0.02809) (0.0119) (0.0207) (0.00136) (0.0198)

Log Average Sunlight -0.04995*** -0.04830*** -0.04102*** -0.0264* -0.0171 -0.0127 -0.0151
Intensity 2 nd Trimester (0.01249) (0.01265) (0.01451) (0.0131) (0.0149) (0.00901) (0.00147)

Log Average Sunlight 0.00332 -0.00452 0.00094 0.00338 0.00738 -0.0237* -0.0149
Intensity 1" Trimester (0.01942) (0.02131) (0.02115) (0.0112) (0.0146) (0.0124) (0.0175)

Log Average Sunlight Intensity 0.01989 0.02319
1" Trimester, Pre-conception (0.02259) (0.02374)

Log Average Sunlight Intensity 0.00137 0.01002
2 nd Trimester, Pre-conception (0.02064) (0.02252)

Log Average Sunlight Intensity -0.02983 -0.02067
3rd Trimester, Pre-conception (0.02349) (0.02473)

Log Average Sunlight Intensity 0.0315
1" Trimester, Post-birth (0.02285)

Log Average Sunlight Intensity 0.01637
2ndTrimester, Post-birth (0.01518)

Log Average Sunlight Intensity 0.00974
3 d Trimester, Post-birth (0.01721)
County of Birth x x x x x x x x
Month of Birth Fixed Effects
Year of Birth Fixed Effects x x x x x x x
Birth Years 2000-2008 2000-2008 2000-2008 1999-2009 1999-2004 1999-2009 1999-2004
N 2,484 2,484 2,484 3,036 1,656 3,036 1,656
R2 0.7718 0.7723 0.7727 0.1061 0.1804 0.9702 0.9751

Note: *p<0.1; **p<0.05; ***p<0.01
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Table 2.17: Regression output with state-specific time trends, Study I. Column (1) contains
the main analysis from Study I, whereas Column (2) repeats the analysis with state-specific
yearly time trends. The second trimester variable is significant in both. Robust standard
errors clustered at the state level.

Dependent variable:

Asthma

(1) (2)

Log Hours Sunlight 0.0014 0.00484
3rd Trimester (0.00711) (0.006952)

Log Hours Sunlight -0.01653*** -0.013883**
2nd Trimester (0.00596) (0.005983)

Log Hours Sunlight 0.0036 0.006583
1" Trimester (0.00717) (0.00718)

State of Birth x Month x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x
State-Specific Yearly Time Trend x
N 264,533 264,533
R2 0.01073 0.0118

Note: *p<0.1; **p<0.05; ***p<0.01
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Table 2.18: Regression output with county-specific time trends, Study II. Column (1) con-
tains the main analysis from Study II, whereas Column (2) repeats the analysis with county-
specific yearly time trends. The second trimester variable is highly significant in both, with
p-value = 0.004 and 0.007, respectively. Robust standard errors clustered at the county level.

Dependent variable:

Asthma

(1) (2)

Log Average Sunlight 0.0114 0.0117
Intensity 3rd Trimester (0.0244) (0.025)

Log Average Sunlight -0.0319*** -0.0330***
Intensity 2 nd Trimester (0.0098) (0.0111)

Log Average Sunlight 0.0205 0.0157
Intensity 1 " Trimester (0.0197) (0.0183)

County of Birth*Month x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x
County-Specific Yearly Time Trend x
Birth years 1999-2009 1999-2009
N 3,036 3,036
R2 0.7624 0.7829

Note: *p<0.1; **p<0.05; ***p<0.01

109



Table 2.19: Regression output from repeating Study I's main analysis separately on different
time windows. Splitting our time frame roughly in thirds, here we see that our second
trimester effect is really driven by the most recent years in our sample (p-value = 0.0194
for Column 4). The positive and significant coefficient on the 3rd trimester in Column 3
(p-value = 0.0385) may be due to correlation with temperature that induces early births
that are more likely to have asthma, but we leave an exact examination of this potential
effect to future work.

Dependent variable:

Asthma

(1) (2) (3) (4)

Log Hours Sunlight 0.0014 -0.009781 0.022428** -0.011417
3 rd Trimester (0.00711) (0.009783) (0.010545) (0.009038)

Log Hours Sunlight -0.01653*** -0.02102 0.00271 -0.032775**
2 nd Trimester (0.00596) (0.014151) (0.010305) (0.013558)

Log Hours Sunlight 0.0036 0.012803 0.013012 0.002437
1" Trimester (0.00717) (0.015609) (0.009296) (0.012628)

State of Birth*Month x x x x
of Birth Fixed Effects
Year of Birth Fixed Effects x x x x
Race controls x x x x
Gender x x x x
Birth Years All 1913-1938 1939-1964 1965-1986
N 264,533 54,446 112,182 97,905
R 2 0.01073 0.0175 0.0132 0.0137

Note: *p<0.1; **p<0.05; ***p<0.01

110



Table 2.20: Regression output from re-estimating Study II's analysis separately by state.
Columns (1) and (2) show that the main results hold for New Jersey but are no longer
statistically significant for Arizona (p-value = 0.523, 0.0003, respectively). This is possibly
because Arizona has only five out of fifteen counties with publicly available birth certificate
counts.

Dependent variable:

Asthma

(1) (2)

Log Average Sunlight -0.0214 -0.0098
Intensity 3 rd Trimester (0.0378) (0.0272)

Log Average Sunlight -0.0344 -0.0451***
Intensity 2 nd Trimester (0.0436) (0.010)

Log Average Sunlight -0.0158 0.0190
Intensity 1 " Trimester (0.0335) (0.0226)

N 660 2,376
Counties 5 18
State AZ NJ
R2 0.779 0.763
Mean asthma rate 0.087 0.109

Note: *p<0.1; **p<0.05; ***p<0.01
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Chapter 3

A Modular Approach for Analyzing

Evolutionary Games in Structured

Populations

Nils Wernerfelt, ,a David G. Rand,b Martin Nowaka,c,d & Corina Tarnita

Abstract

It is well known that population structure can greatly impact the outcomes of evolutionary
processes. Many models have been proposed that analyze this interplay under the assump-
tion of 'weak selection.' Here we provide a general, modularity-based framework for studying
evolutionary games on structured populations under weak selection that includes many pre-
viously known results as special cases. Our framework helps to show how these past disparate
results are connected, and we exploit this insight to develop a general method for quantify-
ing in closed form the effect of population structure on evolutionary dynamics. When direct
computation is hard, our approach can be used to generate approximations. We illustrate
our framework by proposing and solving a new model that generates a simple rule for the
evolution of cooperation on endogenous dynamic networks.

MIT Department of Economics
aProgram for Evolutionary Dynamics, Harvard University
bYale Department of Psychology
aProgram for Evolutionary Dynamics, Harvard University
cHarvard Department of Mathematics
dHarvard Department of Organismic and Evolutionary Biology
ePrinceton Department of Ecology and Evolutionary Biology
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3.1 Introduction

Evolutionary processes are highly dependent on the underlying population structure that

determines who interacts with whom. The same evolutionary game, played on two different

structures can lead to completely different outcomes. This observation has spurred a large

literature that spans several fields on how different types of population structures affect dif-

ferent evolutionary games (Nowak and May, 1992; Durrett and Levin, 1994; Van Baalen and

Rand, 1998; Ohtsuki et al., 2006; Tarnita et al., 2009a; Izquierdo et al., 2010; Hanaki et al.,

2007; Ellison, 1993; Zimmermann et al., 2004; Biely et al., 2007; Cavaliere et al., 2012; Eshel

et al., 1998; Nowak et al., 2010a). Many broad insights have emerged from these studies, but

as each model varies in its combination of specific game, interaction structure, and method

of analysis (such as simulations, approximations, or analytic solutions), the underlying forces

and commonality across many of these models are often hard to see. In a step towards a

unified understanding of the effect of population structure, previous work has found exis-

tence and computational results describing parameters that capture the effect of structure

on evolutionary dynamics (Tarnita et al., 2009b, 2011; Nathanson et al., 2009b). In this

paper, we develop a conceptual framework that shows the mechanism through which many

evolutionary models of structured populations - both previously analyzed and previously

intractable - attain their disparate findings, and we then exploit this insight to develop a

method of quantifying in closed form the effect of the structure on the dynamics.

Our results apply to models that assume the effects of selection are small ('weak selec-

tion'). This assumption arises in many corners of biology and is frequently invoked in areas

such as population genetics (Ohta, 1992; Kimura, 1985), inclusive fitness theory (Wild and

Traulsen, 2007; Taylor et al., 2007; Nowak et al., 2010b), and evolutionary game theory

(Broom and Rychtar, 2013; Nowak et al., 2004).

There is a simple intuition that underlies our approach. A state of a stochastic evolu-
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tionary model of a finite population is a specification of the types of individuals and their

population structure at a moment in time. Such models have a large number of possible

states and directly solving for their stationary distributions is often infeasible. We show that

weak selection models on structured populations can be studied from a different, more mod-

ular perspective that can greatly reduce the dimensionality of the state space. First, we show

that the condition for natural selection to favor a strategy can be written in terms of smaller

modules or 'units of structure' as N -+ oc. This approach is similar in spirit to past work

on individual level or pair approximation foundations for macro behavior (such as (Helbing,

1992; Matsuda et al., 1992; Ahn et al., 2010)), but our restriction to weak selection models

lets us derive several precise insights not previously formulated, which in turn sets the stage

for our second main result. Our second result is to derive a method for analytically solving

for the effects of the structure on the dynamics. In cases where our approach is still compu-

tationally too hard to solve for in closed form, we can still use it to generate approximations.

For examples of models that are encompassed by our approach, we refer the reader to Figure

3-1. Before we move to our general results, we illustrate our approach with a specific example.
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0

(a) Moran process (b) Static, regular graphs

(c) Set-based interaction (d) Phenotype-based interaction

Figure 3-1: Examples of weak selection models in the literature for which our approach
applies. (a) is the standard Moran process in a well-mixed population, as modeled in (Nowak
et al., 2004; Nowak and Sigmund, 2004; Taylor et al., 2004). Here, the unit of structure is
a single individual; (b) is the static graphs model of (Ohtsuki et al., 2006). The unit of
structure here is the entire network, but we can use our approach to replicate their main
approxination result; (c) and (d) are a set-based model and a model where actions can be
conditioned on location in 'phenotype' space (Tarnita et al., 2009a; Antal et al., 2009) -
our approach shows that these two results come from different manifestations of the unit of
structure (a set and a phenotype-based unit, respectively), though computationally solving
them using our approach remains as challenging as in the original papers that analyzed them
(Tarnita et al., 2009a; Antal et al., 2009).
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3.2 The Evolution of Cooperation on a Dynamic Graph

Consider a network-structured population of N individuals engaged in a Prisoner's Dilemma

game. An individual can either cooperate (C) and pay a cost c > 0 to provide a partner with

a benefit b > c or defect (D). Defection entails no cost and provides no benefit. Individuals

interact with their neighbors and receive a payoff. The effective payoff of individual i is given

by fi = 1 + Jpi, where pi is the total payoff from all of i's interactions, and J is the selection

coefficient. The limit of weak selection is J - 0. For 6 = 0 the process is neutral. At each

time period, either the strategies or the structure can be updated. We refer to the former

as a 'strategy update' and the latter as a 'graph update.' They occur with probabilities

1/(1 + p) and p/(l + p), respectively.

When a strategy update occurs, one individual is chosen at random to die and the entire

population competes proportional to effective payoff to replace it. Hence, we use global

updating (Nathanson et al., 2009b). Reproduction is subject to mutation; with probability

u the individual adopts a random strategy. For the purpose of this paper we assume that

mutations are rare, u -- 0. In short, strategy updates follow a standard frequency dependent

Moran process, which can also be interpreted in terms of learning and imitation (Moran,

1962). When a graph update occurs, two individuals are chosen at random without replace-

ment. If they have opposite strategies, any interaction link between them is broken; if they

have the same strategy, a link is formed between them if one does not already exist. Inter-

action links are binary and undirected. Thus, the graph update allows cooperators to shed

their ties with defectors. We would therefore expect that as p increases and graph updates

become relatively more common, it would be easier for cooperative behavior to emerge. See

Figure 3-2 for a schematic demonstration.
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Figure 3-2: Our model of cooperation on a dynamic graph. (a) In our example model, a
'strategy update' occurs when one individual is randomly selected to update its strategy, and
it chooses from the entire population proportional to effective payoff. Here, a red-strategist
has learned from a blue-strategist. (b) A 'graph update' occurs when a pair is selected a
random and they are left connected if and only if they have the same strategy. (c) For
example, if two individuals have different strategies and are connected when they are chosen
for a graph update, they are left unconnected.
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We say that natural selection favors cooperation over defection in such a model if, in the

long-term average, cooperation is more abundant than defection. We denote this condition

by (xc) > (XD), where the angular brackets denote the long-term average over the entire

state space and the inside terms denote the respective frequencies at each state. We look

for the critical benefit-to-cost ratio for which this is the case (Tarnita et al., 2009b; Nowak,

2006; Tarnita et al., 2009a). A state of this model is given by a specification of the strategies

of each individual, together with the presence or absence of interaction links between them;

hence the total state space is of order 2N 3 . As the system evolves over this large state space,

the relative abundance of strategies and the interaction structure are continually co-evolving.

Despite this complexity, our main insight is that the entire process is actually being driven

by a state space of size eight. To identify this core process, note that while the structure

changes during the evolutionary process, any pair of individuals may be in one of eight

possible states - either may be C or D, and they may be connected or not. Simultaneously,

any pair of individuals in the same state is equally likely to change to another state, and as

the number of individuals grows large, these pairs become independent of each other. For

example, at a given state of the overall system, all connected CC pairs are equally likely to

transition to a connected CD pair. In other models (such as (Tarnita et al., 2009a; Antal

et al., 2009)) this condition may not be true for pairs - for example, if there were local

learning, some CC pairs might be more likely to become CD pairs than others. In such

cases we must look for other subnetworks that have identical transition probabilities. We

call these subnetworks 'units of structure.'

Having identified the unit of structure in our system, we show in the SI that we can then

break the entire structure down in the large population limit into such units and analyze the

behavior at that level. More precisely, in our case, instead of analyzing the whole structure

across time, it suffices to consider a random pair of individuals. Moreover, weak selection
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allows us to study the state space at neutrality (when 6 = 0; see the SI and also (Antal

et al., 2009; Tarnita et al., 2009a; Nowak et al., 2010b)). Therefore, our first result states

that in the large population limit the condition (xc) > (XD) is equivalent, in the limit of

weak selection, to (Pc)o > (P-c)o. Here, (Pc)o denotes the payoff of cooperators in a unit of

structure in the long-term neutral average, and (P-c)o denotes, summing over each of these

cooperators, the average payoff of their reproductive competitors (again averaged over the

long-term at neutrality). We show (Pc)o oc (b - c)(Pr(a random pair is in state CC1 ))o -

c(Pr(a random pair is in state CD1 ))o, where the subscript 1 denotes the two players are

connected, and we can define P-C similarly. While this formula represents a simplification

of the problem at hand, it remains difficult to analyze. Our second result allows for a

straightforward analytical calculation.

To do this, we start by calculating the transition probabilities across pair states at neu-

trality (note two individuals can be in one of eight possible pair states - either can be C or

D, and they can be connected or not.). As an example, the probability that a connected CD

pair changes state to a connected CC pair is the probability that there is a strategy update

(1/(1 + p)), and that the defector is chosen to die (probability 1/N), and she is replaced

by a cooperator (probability Nc/N), where Nc denotes the number of cooperators at that

time. Notice that the only 'evolving' (not exogenously given, like p or N) parameter needed

to fill in the matrix entries is Nc; for a given Nc, we can write the 8 x 8 transition matrix

of the unit of structure and easily solve for its stationary distribution. From this we know

the stationary-average payoff to individuals from connected CC links, connected CD links,

etc. given Nc. We then solve the model by averaging across all values of Nc, by weighing

by the probability of being in a state with Nc cooperators. Once we have done this, we

know the long-term average payoffs to both cooperators and their competitors within a unit

of structure.

In other words, we are taking a double average: the first average is taken over the state
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space of the unit of structure given the number of cooperators, and the second average is

taken over all possible numbers of cooperators. This separates the intractable problem over a

state space of size 2 N 3 into a problem first over a state space of size 8, which is then averaged

over a state space of size N; both these operations are easily tractable. The SI contains a

complete analysis, but after a short calculation we obtain that for large N the condition for

natural selection to favor cooperation is approximately

bN
- > 1+ - (3.1)
C p

Figure 3-3 shows matching agent-based simulations. Although this particular model is for

exemplification purposes and not the main focus of our paper, the above inequality warrants

a few comments. First of all, this result demonstrates a clean intuition about the role of

the dynamic network in promoting cooperative behavior. Since b > c, for a given N, there

always exists a p such that cooperation is favored. As the population becomes more fluid

via a rising p, the critical benefit-to-cost ratio is reduced and it becomes easier to get coop-

eration. Modularity has been empirically observed in dynamic networks (such as (Fortuna

et al., 2011)), and our result is in line with past work that shows fluidity is a key enabler of

cooperation on dynamic networks (Aktipis et al., 2004; Pacheco et al., 2006), as well as be-

havioral studies that demonstrate the same phenomenon experimentally (Rand et al., 2011;

Wang et al., 2012; Fehl et al., 2011; Jordan et al., 2013).
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Figure 3-3: The agent-based simulation results are reported as dots and their predicted
values are represented by the solid line (N=50). These simulations are based on the pairwise
imitation rule of (Traulsen et al., 2007), where the corresponding rule is b/c > 1 + N/(2p).

3.3 General Results

Having provided the intuition behind our approach, we now lay out the broad evolutionary

environment within which it applies. We study finite populations of fixed size N, whose

individuals play one of n strategies and are situated on the nodes of a graph with two sets of

edges. One set of edges indicates who interacts with whom. The other set of edges indicates

where the offspring of each individual can be placed. A state of the system specifies the

strategy of each node, as well as the current makeup of the edges. Each time interval,

the individuals receive effective payoffs as a result of their interactions, as described in our

example above. Individual birth and death rates are functions of these effective payoffs.

Reproduction occurs with mutations as described above. In such an evolutionary process

with n strategies, we say strategy k is favored by selection if its equilibrium frequency exceeds

the frequency at neutrality, which is 1/n:
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(Xk) > 1 (3.2)
n

As before, Xk is the frequency of strategy k in a certain state, and the angular brackets

(-) represent the average over all possible states of the process. In what follows, in the limit

of weak selection, we derive a simple and intuitive equivalent formula as well as a tractable

way to evaluate it.

To do so, we use the concept of a unit of structure, exemplified above. Intuitively, for a

given model, the unit of structure is formed by breaking up the overall structure into many

identical smaller structures. By analyzing behavior at the level of these smaller units we can

then draw conclusions about the overall system. Within a unit of structure, let Pk be the

payoff of k strategists and let P-k be the average payoff of their competitors for reproduction.

As explained above and in the SI, the weak selection limit allows us to study the neutral

averages, denoted by (-)o. Our first main result states that strategy k is favored by natural

selection in the large population limit if and only if

(Pk)o > (P-k)o (3.3)

In other words, a strategy is favored at the population level if and only if it outcompetes its

average competitors within a unit of structure. This result is why in the above example of

the dynamic graphs, instead of analyzing the whole system, we were able to focus on just a

single pair.

Before proceeding, it is worth commenting on this result. First, different units of structure

in past models have lead to their disparate outcomes (e.g., see Figure 3-1). The effect of

population structure is not to induce more clustering of specific strategies per se but rather

to induce more time in certain states of the unit of structure. Second, building on (Tarnita

et al., 2009b), in the SI we show condition ?? is a linear function of the entries of the payoff
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matrix. One implication of this result is that for all 2 x 2 games, natural selection favors the

risk dominant strategy of V 0 T, where V is the payoff matrix, 0 denotes the Hadamard

(component-wise) product, and T captures the entire effect of the population structure (in

well mixed models, T contains all ones). More broadly, this result states that for any game

with positive entries, we can have population structures that will favor any strategy.

The above result is the main conceptual contribution of this paper. However, if we want

to solve models in closed form, it is usually not analytically tractable (though it can be

used in simulations). Our main analytical contribution is a method for calculating these

quantities in a two-step process. We did this earlier by first estimating these terms for a

fixed value of NC and then averaging over all values of this parameter.

In that example, when we were looking at the transition probabilities over states of a

pair of individuals, the only information we needed apart from their current state was Nc.

Formally, N0 was a sufficient statistic for the transition probabilities given the state of the

entire system. More generally, our approach is to reparametrize the system as a joint Markov

chain over states of a unit of structure and values of a sufficient statistic, R, that captures

the effect of the global state on local evolution. To analyze this joint Markov chain, we need

that as the population size grows, the probabilities of switching between adjacent values of R

cannot differ too much. For example, in our earlier model, the probability of switching from

a connected CD pair to a connected CC pair when NC = 37 cannot differ too much from the

same probability when NC = 36 when the population size is large. This requirement, spelled

out in formal detail in the SI, is to ensure our approximation becomes exact in the large

population limit; in practice it is often easily satisfied by having the probability of updating

any specific unit of structure go to 0 as N -+ oo.

Using R, we can estimate (Pk)o by taking two averages sequentially. First, we find the

stationary distribution over states of the unit of structure evaluated at each value of R and

use that to compute the average payoff to k strategists at each one. Second, we average over
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all values of R by weighing by the probability of each R value, which in the earlier example

can be derived from the stationary distribution of the Markov chain over R values. Denoting

this two-step procedure by ((.)) R. We then have

lim (Pk)o -((Pk))R (3.4)
N-+oo

The same holds for P-k. Thus, ?? provides a way of estimating ??. In the SI, in addition to

proving the above results, we also walk through applications of it to several related models.

This result holds for a substantial share (but not all) of the models of evolutionary games

in structured populations studied in the literature. Instead of analyzing the entire system

at once, our approach is thus to first break the analysis down to the level of the unit of

structure and then analyze that quantity in the large population limit. Depending on the

specific model at hand, the unit of structure will vary - it may be as simple as an individual

(in the well mixed case) or as complicated as a set (as in (Tarnita et al., 2009a)). When one

cannot find a small unit of structure, as when the reproduction network is non-regular, our

approach can still be used to generate approximations. For example, on regular networks

where individuals reproduce locally (so their offspring replace their neighbors), the unit

of structure is the entire network and hence our approach does not simplify the problem.

However, our approach can still be used to obtain the main approximation result of Ohtsuki

et al. (2006) (Ohtsuki et al., 2006), via a significantly simpler calculation than that in the

original paper (see SI for details).

3.4 Conclusion

In conclusion, we argue that our approach offers several advantages. First, it can greatly

simplify analyses and provide a clearer intuition for how the population structure is affecting

the dynamics. To illustrate this point, we compare in the SI the analysis of the dynamic
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graphs model using our approach to that performed using an existing approach. Second,

models that were previously intractable can be solved using this approach. For example, if

we modify our above model so that CC links are formed but DD links are broken (which is

arguably more realistic), this asymmetry renders the model intractable by all techniques we

are aware of. However, we are able to analytically solve the model even in this asymmetric

case, as we show in the SI. Finally, even in instances where direct computation of the station-

ary distribution over states of the unit of structure is still too computationally burdensome,

our approach can be used to generate approximations, as shown with the example of the

regular networks analyzed by (Ohtsuki et al., 2006).

Overall then, we view the contribution of this paper as twofold. First, we present a broad

framework for understanding evolutionary models on structured populations under weak se-

lection that shows how previous models were able to achieve their disparate findings. We

then exploit this finding to derive a method of quantifying (or approximating) in closed form

the effects of the population structure on the dynamics. We hope this framework will aid

future, especially empirical, work by clarifying how population structure induces different

evolutionary outcomes.
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3.5 Supplementary Information

This 'Supplementary Information' has three parts. First, we lay out in formal detail the

evolutionary environment within which our framework applies and define our key terms.

Compared to the main text, this section is intentionally much more detailed. In the second

part, we derive our main results. In the last section, we go through the various calculations

that were mentioned in the main text.

3.5.1 Background

Evolutionary models in structured populations

Consider a finite population of fixed size N. Each individual is hard wired to play

some strategy from the symmetric n x n payoff matrix V (where n > 2 and no strategies

are repeated). Time is discrete, and at any time t, denote a state of our finite system by

s E S = S x Z, x ZR where S c ZN denotes each individual's strategy, Z C RNxN denotes

who interacts with whom, and ZR c {O, 1}NxN denotes who can learn from whom. Denote

the transition probability between any s, s' E S by p(s, s'). Individual i has effective payoff

fi= 1+ 6pi where pi denotes her payoffs from all her interactions. We require weak selection,

or that 6 -+ 0. Reproduction is proportional to effective payoff but subject to mutation u;

when an individual is updating her strategy, with probability 1 - u it is proportional to

effective payoff, but with probability u she adopts a random strategy (i.e. the probability of

adopting any one strategy is 1/n). We refer to a specific model as a Markov chain F.'

Given this setup, we make four assumptions.

'Since our results hold for N -+ oc, we actually have a sequence of Markov chains, each indexed by a
value of N. To avoid excessive use of subscripts and repeating that the conditions must hold for all N, the
reader should assume that all statements about r implicitly state that they hold for every Markov chain in
the sequence.
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Assumption 1: Constant death or birth rate. Without loss of generality, we here assume

a constant death rate for purposes of our exposition. This assumption requires that every

generation the probability an individual of strategy A dies is proportional to some constant

d times the current frequency of strategy A. We note that this assumption is satisfied by all

weak selection models we know of.

Assumption 2: F is ergodic. Again, this assumption is satisfied by all weak selection mod-

els that we are aware of. Pathological cases are possible where this does not hold, but even

in those instances this assumption can often be met by adding a small mutation probability.

Assumption 3: The transition probabilities on S are differentiable around 6 = 0. Again,

this satisfied by all weak selection models we are aware of; this assumption is needed for a

Taylor series expansion.

Before stating the next assumption we need to define a few terms: b is the birth rate of

individual i in state s, {A 2 (i) } is set of all individuals who are competing with i for repro-

duction (inclusive of i), and k is the set all individuals i is connected to in the reproduction

structure in state s.

Assumption 4: The reproductive structure is 'symmetric.' Loosely speaking, this means

the structure looks similar for all individuals. Formally, we define a symmetric population

structure to be one that satisfies at all s E S:

1. (a) b = d
6=0 6=0

(b) -- 0 = 6=0 for all i -a j

(c) =b _ s for all s ES, i / j, k 74l, i E {K 2(j)}, k E {K 2 (1)}6=0 - &f 16=0
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In most death-birth models, the probability an individual dies each generation is 1/N,

and the first part of this assumption just requires that when everyone has the same

effective payoff, individuals then reproduce at the same rate. This is satisfied, for

example, in all models of a fixed population size and 'global updating' (when all indi-

viduals compete uniformly for reproduction - see (Nathanson et al., 2009b) for more

details).

The second and thirds parts of the assumption simply ensure that individuals respond

symmetrically to changes in their or their reproductive competitors' fitnesses.

2. k= = K for all ij

I.e. all individuals are connected to the same number of individuals in the reproductive

network.

We note that Assumptions 4.1-4.2 are commonly satisfied by weak selection models in the

literature. For the purposes of this paper, any model that satisfies the above conditions and

assumptions we refer to as an evolutionary model in a structured population. In accordance

with past work (e.g. (Tarnita et al., 2009a,b; Nathanson et al., 2009a)), we say natural

selection favors strategy A if A players have a frequency greater than 1/n in the stationary

distribution of the Markov chain on S.
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Units of structure

Given the above set of models, we now define our main unit of analysis - a unit of

structure. Specifically, in an evolutionary model in a structured population, we break the

overall system of players, their interaction network, and their reproduction network down

into m identical (potentially overlapping) clusters. Let Xf E S denote the state of cluster

i, where a t superscript denotes the time. For a game I' with transition probabilities p(-, -),

a unit of structure is a cluster definition which satisfies at any s C S for all clusters 1,.., m

and 9, ' E ':

lim p(Xf = , ... , X' s'-1) = lim p(X' = 91s-1) x ... x lim p(Xt = 9 s'-t) (3.5)
N-+oo N-*oo N-+oo

Intuitively, this is saying as the population size grows, the clusters become small and do

not influence each other (this is similar to assumptions often made in unstructured models

where the unit of analysis is the individual). We note that for any model, there may be

many cluster definitions which satisfy the above requirement, and our approach will work

for all of them, but it will generally be easiest to work with the one with the smallest state

space. Degenerately, the entire system can be defined as one large cluster.

Given the definition of a unit of structure, we can now define a few more terms that will

be relevant later on. Let PA( ) be the payoff to A players in a unit of structure in state 9

and let P-A(9) be the payoffs of the average competitors for reproduction to A players in s.

Formally, for EiA(j) denoting summing over all A players in 9, we have

PA( ) - ZpA P-A(g) = Z I Pj (3.6)
iEA(g) iEA(g) jE{K 2(i)}
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where pi denotes the payoff of player i. Let 7 denote the unique stationary distribution

of the Markov chain F (note we are guaranteed its existence from ergodicity), and let 7r(s)

denote the probability under this distribution that a randomly chosen unit of structure is in

state . We then define

(PA)o = E7r()PA(9)
g(E5 6=0

In words,

at neutrality

reproductive

(PA)O = 7(9)P-A(9)
6=0

(3.7)

these terms define what happens if we look at one unit of structure across time

(6 = 0) and compute the expected payoffs to A players versus those of their

competitors.

Proposition 1

Given these definitions, we can now state our first proposition:

Proposition 1: In an evolutionary model in a structured population, strategy A is favored

by natural selection in the N -+ oc limit if any only if

(PA)O > (P-A)o (3.8)

Thus, A players are favored by natural selection if they outcompete their reproductive

competitors at the level of the unit of structure. Thus, we can describe population level

phenomena by looking at the smaller level of a unit of structure.
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Sufficient statistic and Proposition 2

While the above simplification can be used in simulations to derive conditions under

which a strategy is favored by natural selection, we now discuss our second result, which can

allow us to analytically solve for that condition. The first step is to reparametrize the state

space - namely, we take a specific unit of structure and reformulate the Markov chain as over

states of that cluster and states of the rest of the system. Instead of a Markov chain over S,

we denote this reparametrized state space as S U {S\8}. Given this reparametrization, let

(., -) denote the induced transition probabilities over states of the unit of structure (note

that P will vary with time as the state of the rest of the system changes.)

We now search for a statistic R(S) such that we can define a joint ergodic Markov chain

over states of our unit of structure and values of R(S). (Going forward, we will refer to this

statistic simply as R, and in a slight abuse of notation, we will also say r, r' E R to denote

different values of R.) We denote by 7r(g, r) the probability under the overall stationary

distribution that our unit of structure is in state and R = r - note we use the same 7r as

before since we are referring to the same stationary distribution.

We require:

1. Sufficiency: R is a sufficient statistic for f(-,-) given the current state of S.

2. Balance: For any r E R and 9 E 5,

lim rs'r'pf',r'), ( ,r)) lim E E r( ', r)p f /', r), (9, r'))
N-+o \ N+o \

r'#Ar g,'E5 r':Ar 'ES

The first condition is the core of our approach - we achieve a reduction in state space

by instead of tracking all values of S, we only need to follow the values of R. We note that

degenerately, the entire state space is a sufficient statistic, in which case our approach buys
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no computational gain, but we may often find a lower dimensional object. For example, in

the dynamic graphs example listed in the text, instead of tracking all values of the entire

system, we instead only need to keep track of the number of cooperators (in fact this is true

for all weak selection models with global updating we have seen). By looking at the joint

Markov chain over states of our unit of structure and values of R, we may solve for (PA)o

and (P-A)O if is easy enough, but our second requirement will often reduce the problem

either more. (For more discussion of sufficient statistics, see (Casella and Berger, 1990).)

In addition, we note that the use of sufficient statistics to simplify problems without loss

of information has a long history and is recently becoming more popular. We are the first

paper that we are aware of to apply the idea in evolutionary game theory.

Intuitively, the second requirement says that as the population size grows, the probability

mass that is escaping any partition of the overall state space where R = r is balanced by

the probability mass that is flowing in. Loosely speaking, this balance condition allows the

stationary distribution over unit of structure states evaluated holding R fixed to be a good

approximation to its true value for large N. Though this condition may look complicated,

we note that a sufficient condition that usually satisfies it is if the probability a specific unit

of structure is updated goes to 0 as N -+ oo. This is akin to unstructured models that

assume a large population so the probability any individual is updated becomes small.

Given these two conditions, we can now outline our approach. First, from Proposition

1, we know that our population level question about which strategy natural selection favors

can be answered by looking at one representative unit of structure across time. Though this

result can be used for simulation, if we want to derive a closed form solution, the difficulty

with this result is that the probability the unit of structure changes state vary across time

as the overall system changes. We thus consider the joint Markov chain over states of the

representative unit of structure and values of R, a sufficient statistic that captures the effect

of the rest of the system on the local transition probabilities. To find the overall payoff to A
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players, we first within each value of R find the distribution over states of our unit of cluster

and the resulting payoff for A players, and we then weigh each of these by the respective

probability of that R value. We denote this two stage averaging process by ((.))0; we go

through an explicit example of calculating it later on in the SI.

Our second result states:

Proposition 2: In the N -+ oc limit, we have

(pA) 0 = ((pA)) (3-9)

And the same holds respectively for P-A as well, meaning the condition for natural selection

to favor strategy A in the N -+ oc limit is ((PA)) > ((-A )).

We now prove our two results. The first proof extends an earlier result from (Nathanson

et al., 2009b) to units of structure and the second proof introduces R to get our main

simplifying result.

3.5.2 Proofs

Proposition 1: limNoo ZsES 7(S)XA(s) > 1/n 4==> limN+oo(PA)0 > limN-+ooP-A)O

Proof: Denote by x' the frequency of A individuals at state s E S, bs the total birth rate of

A individuals, and d' = dx' the total death rate of A individuals (this equality holds by our

assumption of a constant death rate). At any s E S, the expected change in the frequency

of A individuals is given by:
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LXA (s) = I - U bs + bj) - ds (3.10)
J$A

=bA- ubA - - ds + -d - -bs + (uds - ud) (3.11)
n A n nA A A

S(bs - d)(1 -u) d - udA(s) (3.12)

where going from the first to second line we used E, bj = Ej dj due to the fixed population

size. For our, we drop the N subscripts and consider the problem at any finite population

size. Since the average total change in the frequency of A individuals must equal 0 (i.e.

sES 7r(s)SXA(s) = 0), we have:

r(s)A(s) = + U r E7(s) (bs -ds (3.13)
SESrn ud\I A

seS sES

Thus, the condition E> s 7r(s)XA(s) > 1/n reduces to ZsES ir(s)(bs - dAA) > 0.

Now, because we assumed the transition probabilities are differentiable around 6 = 0, we

can do a Taylor series expansion of the above to get:

Z7r(s) bs -d) = S r(s) bs -ds +6 7r(s) A b d^r(s) bs -ds +0(62
sES sES 6=0 +(S 6=0 6=0 S)6=0 6=0)

(3.14)

By Assumption 4.1, b = dj, so our condition then reduces to:

0 (bs -ds
S r(s) A-dA) > 0 (3.15)

sES 6=0 06 6=0
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We now solve for (bs - ds). Since we assumed the transition probabilities over all states

are differentiable around J = 0, we can therefore also do a Taylor series expansion of b :

bI = b +6 .bL +0(62) (3.16)a6
5=0 6=0

abs
0b - d7 = 6 * +0(62) (3.17)as

6=0

where the second line comes from Assumption 4.1. Now denote by {K 2 (i) } the set of

individuals who are competing with i for reproduction (including i).2 Now using the chain

rule, since the change in birth rate of any individual i in response to a change in 6 only

depends on the change in birth rate of his reproductive competitors, and since these birth

rates are all linear functions of payoffs, we have:

as- LL __P (3.18)
6=0 jE{A 2 (i)} 6=0

Since Ej b' = Ej di = d, we then have:

P z = 0 (3.19)
iEN jE{g 2 (i)} f 6=0

This can be rewritten as:

(9bi b0 = Pi + f P (3.20)
iEN 6=0 jE{K2(j)\} a 3 6=0

Now, by Assumption 4.1 again, - for all i f j, and = for all
a 6=0 -- -aj=O0f 1 6=0 af S=O

i 7 j, k # 1, i E {A 2(j)}, k E {.A 2 (l)}. Rearranging, for some k , 1 we get:
21n a standard networked model, this would be i's neighbors' neighbors, hence the notation.
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abs absk
o = zpi + Y ApN 2 (i)\i}

afk 5=0 iEN 6=0 iEN

abs Ob- EiGN A
Df, 6=0 J= fk J0 EiEN A I{NA 2(j)\j}

ObI 1 abs

6=0 6=0

(3.21)

(3.22)

(3.23)

where the last line follows from Assumption 4.2: {A 2 (i)\i} K - 1. Now plugging back

into our earlier expression, we get:

6 Ob +0(62)06
6=0

= 6 * Pi + T- P + +0(62)
= ( f6=0 jE{Af2 (i)\i} O* ) (0

= 6 b ( 1 E P +0(62)
Ofk 6=0 \ K -1 jE{gA 2

(i)\i}

= 6 .bk P- P) +0(62)
Ofk6=0 KjE 2()

(3.24)

(3.25)

(3.26)

(3.27)

We then sum over all A players in state s and our desired condition reduces to:

7r(S) A 5 > 0 (3.28)
sES \ iEA jE{jA 2

(i) / J=

where EieA p is the sum over all A players of their payoffs. We now focus on the first

term, LiEA pi (the argument is identical for the second term). By construction, the units of

structure all have independent transition probabilities when N -+ oc. Thus, we know that

in the N -* oo limit, the stationary distribution of the entire Markov chain can be solved
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by considering one unit of structure across time, giving us:

lim E7r(s) pi
->osES iE A 5=0

Oc lim E r(9)PA(9)
N-+oo

6=0

Repeating the calculation for the second term, we get

in
N-+oo

sES

in1
N-aoo

1 {
jE{Ar2(i)}

7r( ) [PA(s) - P-I( )
6=0

Pi) > 0
6=0

> 0

lim (PA)o > lim (P-A)O
N->oo N->oo

E (3.32)

Proposition 2: In the N -4 oo limit, we have

(PA)o = ((PA)) R (3.33)

Proof: Consider the joint Markov chain on S and values of R. From the balance equation,

we know for any 9 E S and r E R:

7r (, r)

(., r)) + E 5 7r( ', r')p((s', r'), (9, r))
r'/r g'ES

(3.34)

(3.35)

And now by our assumed balance condition, we have:
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(3.29)

(3.30)

(3.31)

7r (8) Epi -
\ i-A

= 7r W', r')p (',r'), (P,r)
r'E R g,'ES

= E7r (9', r)p ((v', r),



iM 7r(9, r) = lim Z (', r)pQ(s', r), (9, r)) + Z r(.', r)p ((', r), (9, r'))3.36)
s'Es r'$r glES

= lim E E 7r(9', r)p ((g', r), ( , r'))
N-+oo \

r'E R g, s
(3.37)

We can now multiply and divide by the probability R = r, which we denote by ir(S,):

lim 7r( , r IS,)
N-+oo

=lim
r'E R 9/ Es

= lim 1r (S)
N-+oo

(3.38)

(3.39)

where Ur (g) is the unique stationary distribution over states of the unit of structure evaluated

at R = r (it is easy to show this must be ergodic). Since the choice of 9 was arbitrary, we

have (where the last line follows by definition):

lim (PA)O
N-*oo

= lim -r(s', r)PA(s)
N-+ ro o GrER 9/,

= lim E 7r(Sr) r(g', r I Sr)P(9)
N-+rER

= lim r(Sr)
N-+ r RrER

= lim ((PA))
N-+oo

E frr ()PAQ)
9,ES

(3.40)

(3.41)

(3.42)

(3.43)

D-
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3.5.3 Applications

In this section, we analyze three different models. Each model demonstrates how our ap-

proach compares to the current literature and some advantages it confers. Relevant agent-

based simulation results are presented in the main text, below, and in (Ohtsuki et al., 2006).

First, we consider the model stated in the main text. In Section 3.1 we describe the

model in more formal detail, and then in Section 3.1.1 we solve it using a pre-existing

method from coalescent theory. In comparison, in Section 3.1.2 , we show that by solving

with our technique, the calculation is much simpler and we gain much more intuition about

how the population structure is acting. Building upon this, in Section 3.2 we then modify

the model slightly in such a way that renders it intractable by all current methods of which

we are aware. We then show how it can still be solved easily using our approach. Finally,

in Section 3.3 we take the static networks model of (Ohtsuki et al., 2006) and generate the

main approximation result from that paper using our approach. The calculation is again

much simpler.

The Evolution of Cooperation on a Dynamic Graph

Consider a population of N individuals represented by vertices on a graph. Each individ-

ual is hard wired to play either Cooperate or Defect in the simplified Prisoner's Dilemma:

C D

C b -c -c
(3.44)

D b 0)

where b > c > 0. Time is discrete, and each generation a state, s E S, of our process is given
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by a binary symmetric N x N matrix of connections, Z, and a vector of strategies, S.3 Since

Z is symmetric, zij = zji for all i, j; if zi= 1 then individuals i and j interact; otherwise,

they do not. We assume there is no self-interaction so that zij = 0 for all i. The vector S

denotes the strategies of each of the N players, where si = 1 if i is a cooperator, and si = 0

if he is a defector. Thus, in a given state, the effective payoff of player i is given by:

N

A = 1 + 6 1 zij (bsj - csi) (3.45)
j=1

where we assume weak selection, 6 -* 0.

Each time step there is a probability p/(1 +p) of a 'graph update' and thus a probability

1/(1 + p) of a 'strategy update.' In the former scenario, two individuals, i and j, are chosen

at random. If i and j have opposite strategies, zij and zji are set equal to 0; otherwise, a

link is established.

When a strategy update occurs, one individual is chosen at random to die. Another

individual is chosen proportional to fitness to replace him. With probability n -+ 0 there

is a mutation and the 'dead' individual is reborn with a random strategy. With probability

1 - u, the dead individual is reborn with the other player's strategy while retaining his own

graph connections. In short, strategy updates follow a Moran process with global updating.

We look for the conditions on the parameters such that natural selection favors cooper-

ation.

3As will become apparent shortly, we assume global updating so for simplicity we disregard the fully
connected uniform reproduction network in the definition of the state space.
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Coalescent-based approach

We now solve the above model using the techniques developed in (Tarnita et al., 2009a,b;

Antal et al., 2009). On the upside, their approach can theoretically be applied for any popu-

lation size; however, unless we assume a large N the calculation becomes quite cumbersome.

On the downside, notice how involved this calculation is and ultimately how it provides less

insight into the workings on the population structure than the approach developed here. In

addition, the coalescent-based approach requires symmetric strategy and graph updates (e.g.

it is impossible to join CC links but break DD links); as we shall see, this new approach

frees us from that constraint, allowing us to solve models that were previously intractable.

Preliminaries: First, we can follow the general approach of our proof outlined above (as

well as those of (Antal et al., 2009) and (Tarnita et al., 2009a)) to derive the condition for

natural selection to favor cooperation. Namely, for F = E zg(bsg - csi) and ir(s)

equal to the probability the stationary distribution assigns to state s E S when 6 = 0, our

condition is:

z(Yzsi(Fi - Fj) )r(s) > 0 (3.46)
sES \ i N / =

We note that this is simply the explicit form of inequality (8) for this specific model. For

(-)o equal to ES(-7r(s) , we can use the equation for effective payoff to reduce this to:

b N(ZEj sizij)o - (Z1 i j sisizi)o(
- N>~ , ' 'Z~ (3.47)c N(Ei' sisjzij)o - (Eli'j sisj zij)0

This condition will form the basis of our analysis for the coalescent approach, so it is

important to consider what each of these terms represents. First of all, remember that we are

considering the neutral state only here. Given this, the first term in the numerator is derived
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from picking two individuals at random, and if they are mutually connected and the first

one is cooperator, then the sum is augmented by one. The first term in the denominator is

the same, except that now both individuals must be cooperators for the term to be non-zero.

Finally, the last term in both the numerator and the denominator (which are equivalent)

comes from picking three individuals, and if the first two are mutually connected and the

first and third are both cooperators, then the sum is increased.

Solving for each term: We can now solve for the specific terms in the above inequality.

We can start with (Zi sizij)o since it is the simplest, and then move onto the other terms.

The same approach is used for each term.

To find (E sizij)o, we first find the probability that si 1. Since we are in the neutral

case, this is simply j. Now, to find the probability that zij 1, we can trace back in time

until the last generation when there was a graph update between individual i and individual

j. Say this occurs at time t9. The probability that zij = 1 now is given by the probability

that i and j last graph updated at t9, times the probability that i and j had the same

strategy at tq. At any generation, the probability that there is a graph update between i

and j is 2p (for large N). Thus we can write this as:
N2 (1+p)

Pr(zij = 1) = 1 - 2 p)t-l (N2P)Pr(si = sj | T=tG) (3.48)
N2 (I + p) N2(1 + p)

Setting TG - y, we can rewrite the above as:

_2pPr(z = 1) = e---2pPr(si = sj IT=t) (3.49)Pr~zij1+ P eIPi

To find the probability that i and j have the same strategy at tq, we employ the standard

Most Recent Common Ancestor (MRCA) approach, except what is normally considered to

be the present time is shifted to q~. The MRCA approach takes advantage of the fact that
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at a certain time in the past, all the lineages extant today will have coalesced into a single

individual. Thus, the probability that two individuals today have the same strategy is the

probability that there has been an even number of mutations that resulted in a change of

strategy in their lineage. The probability of an even number of strategy changing mutations

in t generations can be written as:

(2t) (1 U 2t-21 (U 2l 1 + (1 - u)2t
E 21 2 (3.50)1=0

Holding [t = 2N2 u constant, as N 2 -+ oo, we get that the probability of an even number

of mutations in r = t/N2 generations since the MRCA is:

1
1 (1+ e- A) (3.51)

Now we need to find the probability that i and j coalesce at some t' > tq. Using the same

approach we did for the most recent graph update, we get:

Pr( i, j coalesce at t tE > t) 1 - N2 ) (3.52)
Z3 %3N2(1 + p) N2(1 + p))/

Once again, setting 7r = - reduces the above to -+2 . Putting all these

equations together, we get:

Pr(zij = 1) = Pr(i, j G T )Pr(i, j - T > -Tq)Pr(even number of mut. in -q)

(3.53)

where the horizontal lines with G and C over them refer to the probabilities of i and j having

their most recent graph update and coalescence (after the graph update), respectively, at Gfj
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and TS > TG We can rewrite the above as:

/2p 2Gf 2 2(Td-TfS) 1{
Pr(zi2 =1) = 1 - 1+p ) -I+ e- ~-TF (3.54)

Adding the initial Pr(si = 1) to this, multiplying by N 2 since it is a double summation,

and integrating over the appropriate limits, we get:

/ N2 2 2 ( 2 (r-r)

(2.osizij) 0 4 1+p e+1+P + P C +
i~j3

N 2( 1+ (
+ 4 (3 .56 )2+p

Next, we turn our attention to the term with the triple summation. Using the same

approach as above, solving this term is now relatively simple. The term for zij is unchanged,

and to find the probability that s, = 1 is the probability that i and I coalesce at some ts and

that there is an even number of mutations in their lineage. Using the equations from above,

we get:

f 1 00f N 3 2 2 + 2p 2

ssizi))O = ( -1+ jj'+(2-s _ e 1+P (3.57)
0 0 'r 8 1 +p P1+P

I~~' 2 S(~-

1+ Pe 1+ ) (1 + e-(r-r3)) dTi dr d is (3.58)

N3( 4 + t2=P 2 2(3.59)

Now we can solve for the final term in the inequality, (_, sisjzij)0. Unlike in the last

term we considered, where the graph connection in question was between i and j and the
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relevant strategies were for i and 1, now we must consider the same two individuals for both

strategy and graph connection. Thus, there are two cases, corresponding to whether the

most recent graph update between i and j occurred before or after the most recent strategy

update that involved either i or j.

The reason for the two cases is that the labels i and j are just placeholders - looking up

individual i's history would yield different strategies learned from many different individuals.

Thus, this term and the one we considered last are identical after the most recent strategy

update with either i or j. Fixing this time, as the probability of graph updates rises, it is

more likely that the most recent graph update between i and j occurred more recently than

this strategy update, meaning that zij = 1 with probability one. In this scenario, the term

reduces to the probability that si = 1 times the probability that i and j coalesce at a given

time, times the probability of an even number of mutations - this is identical to the first

term we considered! So we can see that as the ratio of graph to strategy updates varies,

this term will approach either the first term in the numerator, or the second term in the

denominator, causing the overall value of the inequality to range from 1 to infinity.

Let us now calculate the term explicitly. For 'rfv equal to the time of the most recent

strategy update that involved i or j, and Trs equal to the most recent coalescence of i and

j after the most recent graph update between the two of them, the two cases are:

Case 1: (E i, sisjzij)o ,

= Pr(si = 1)Pr(i, j -C r r%)Pr(even num. mut. in r - -rhj)Pr(i,j -+ T3 < rs)Pr(i,j S riA )

_2 2 
i- v 2j 2j S 2NrVj

e- j 1+e )- d e 1v 1+ dr ?dris (3.60) e + e 4+p e +

Case 2: (Eij sisjzij)o T
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= Pr(si = 1)Pr(i,j E+ -r, > rivj)Pr(even num. mut. in r - risv)Pr(i,j - >rij)Pr(i, j -+ rh)
x Pr(i, j -C TS2 > T, )Pr(even num. mut. in r- )

f fN 2

O ,IS G 8ZVj ij f,%3

( 2
e

1
+p

1+p
1 + p e 2 )

2N
e

1 +p

2
NT-f.

1+P )

%2( S2
x (+ pe 1+P ) (i + e d -2 d-rd-rdS (3.61)

Summing the two above equals (respectively):

( + -)
P + )(2 + [L(+ )( , + p )

( siszij)o =
2,3

(3.62)
N3 (4 _ 2

+T , "7 , )

We can now plug all these values in and solve for the critical benefit-to-cost ratio:

N (
(b*I

\c}/

N
2 ( I+L1

2 + j

2 ( 4;+ /)2

+ 8(p;+)+p) -f2

= 1 + N/p
( N 3 ( 4 p+)2

(2 ;+t)2 )
(3.63)

(3.64)

Application of our Technique

We now solve our model of cooperation using our technique - as we shall show, the

calculation is much reduced and provides more intuition as to the interplay between the

population structure and the evolutionary dynamics. We go through this application slowly

to make sure the reader can follow, but as shown in the second example, the approach can

be done quite quickly.
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Here, we note that a unit of structure is a single interaction pair (i.e. a pair of individuals

who can be either strategy, connected or not, and with the global updating reproduction

structure). A sufficient statistic for the transition probabilities is Nc, the number of cooper-

ators. Each link can be in one of eight possible link states - either can be C or D, and they

can be connected or not. Denote by CC1 a connected CC pair, CDO an unconnected CD

pair, etc.

To start, we take our condition

7r (Sr) E ~r (9) PA (s) -- A () > 0 (3.65)
r-R\/ 5=0

and rewrite it as:

S r(Sr) [kr(CC1)(b-c) -r(CD1)c- fr r(CCi)(b-c)-rr (CDI)c+'r (DC1)b+rr(DD1)o 0

(3.66)

Note that K = N here and global updating meant that when we summed over all A players

in the unit of structure, we summed over the same quantity r times, giving us the r/N

above. Next, since the Moran process is an imitation model, we can use standard results

from birth-death Markov chains to write:

ir(Sr) oc Nr(So) (3.67)
r(N - r)

We now solve for each i~rr by looking at the 8 x 8 matrix below. As an illustration of how

we fill in the entries of our transition matrix, consider the probability a CD1 changes to a

DD1 when there are r cooperators. This is the probability there is a strategy update (I),

times the probability the C is randomly chosen to die (1/N), times the probability that he

learns from a D, which is (N - r)/N. Similarly, the probability a CCo changes to a CC,

is the probability there is a graph update (P), times the probability this particular link is
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chosen ( ' ). We assume the low mutation limit, so mutation can be effectively ignored.

CD 1
N-r

N
2

(p+1)

(N-1)2+(N-2)(N+1)p
(N-1)N(p+1)

0

N
2

(p+1)

0

0

0

0

DC 1

N-2
N

2
(p+1)

0

(N-i 2+(N-2)(N+1 p
(N-i N p+i)

NY(p+i)

0

0

0

DD 1

0

N-r
N

2 
(p+i)

N-r
N

2
(p+i)

1- 2r
N

2
(p+')

0

0

0

2p
(N-1)N(p+1)

CCo

0

0

0

0

(N-2)N(pN+N+p-1)+2(N-1)r
(N-1)N

2
(p+1)

N
2 

(p+i)

N
2

(p+1)

0

CDo

0

2p
(N-1)N(p+1)

0

0

N-r
N

2
(p+1)

pN+N

0r
N

2
(p+1)

DCo

0

0

2p
(N-IN(p+i)

0

N-r
N

2
(p+i)

0

pN+N

N 
rN7(p+1)

The left eigenvector of this matrix gives us 'r, for all relevant states.4 We then weigh

each by 7r(Sr) and sum over all the r values. Plugging this into our earlier expression, we

-get b/c > 1 + (N - 1)/p, which for large N becomes 1 + N/p.

Finally, we note that due to the symmetry of the graph updating rule, direct computation

reveals that the above problem can be solved by simply evaluating the transition matrix over

pair states at r = N/2, so we can even bypass the summation in this case.

Another model of cooperation on a dynamic graph

We now consider the same model as before, except now CC links are formed and DD

links are broken. We note that this model cannot be solved using any techniques currently

in the literature that we know of. For u -+ 0 the relevant transition matrix is then:

4When solving for this eigenvector, care must be used to be sure the relevant mathematical program is
returning a probability distribution and not some rescaling of the entries that do not sum to one.
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Denoting by A the left eigenvector of the above matrix, the relevant (rescaled) elements are:

Acc1(r)

ACD 1 (r)

ADC 1 (r)

ADD 1 (r)

= r2 (r2 (N - 1)2 + N(N - 1)(2r + N)p + 2N2 2 )

r2 (N - r)(N - 1)(r(N - 1) + Np)

r2 (N - r)(N - 1)(r(N - 1) + Np)

=r 2(N - r)2 (N - 1)2

Weighing each as appropriate by 7r(S,) as calculated earlier and summing over all r

values, we get the condition for cooperation to be favored over defection to be:

(b-c) (N-1)N 2 (3(N-1) 3+2(N-1)(7N-2)p+12NP2))

> b ((N - 1)2N 2(3 - 2p + N(-6 + 3N + 4p)) )

-c (A(N-1)2N2(N+1) (N- 1+2p)

+ 0 (N - 1)3 N2 (N + 1))

(3.68)

(3.69)

or,
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b/c >
(N - I +p)(l + N(2N - 3 + 6p))

p(l + N(5N - 6 + 6p)) (3.70)

Note at each value of b/c, the critical ratio is lower in the asymmetric case since whenever a

C is born in this model, he is likely attached to fewer D's than in the previous model where

D's congregate.

Below we present the results of agent-based simulations of this model; as we can see, the

prediction is quite exact for N 50.

Critical b/c

15

10

10 20 30 40
~~~1~ p

50

Figure 3-4: Agent-based simulation results and predicted values for our asymmetric model
of cooperation on a dynamic graph. As in the main text, these results correspond to the
pairwise imitation rule of (Traulsen et al., 2007), where the corresponding rule here is b/c >

1 + N (1N4p)'
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Evolution of Cooperation on Static Graphs

We now consider the model of cooperation on a static graph as proposed by (Ohtsuki

et al., 2006). They consider a weak selection model where every individual is connected

to an average of d other individuals. The network is static and is the same for interaction

and reproduction. Their solution technique employs a combination of pair and diffusion

approximation, and their main result is that the condition for cooperation to be favored

under death-birth updating is b/c > d.

We now use our approach to generate an approximation that reproduces their result,

where we assume each individual is connected to d others. We assume that a pair is the unit

of structure, and that R is the number of C players. Since their model features local learning,

this is clearly not true, but we still proceed as if it is, knowing our result will therefore be

approximate. This yields the 4 x 4 transition matrix over link states seen below:

cc1 CD1  DC, DD1

CC 1 - 2(N-Nc)(d-1) (N-Nc)(d-1) (N-Nc)(d-1) 0
dN 2  dN 2  dN 2

CD 1 + Nc(d-1) d(N-1)-1 0 1 (N-Nc)(d-1)
1  dN dN 2  dN dN dN2

DC 1 + Nc (d-1) 0 d(N-1)-1 1+ (N-Nc)(d-1)
1  dN dN 2  dN dN dN2

DD, 0 Nc(d-1) Nc(d-1) 2NC(d-1)
dN 2  dN 2  dN 2

Solving this yields using the same steps as above yields b/c* = d, which is exactly the

result in the original paper. We note that our technique solves the model much faster

than the combination of pair and diffusion approximations that the original authors require.

Though a detailed analysis of why our simulation results match their death-birth result is

beyond the scope of this paper, we note that the two approaches are similar in that both

focus on interactions on the pair level, approximating the behavior of the entire system by

pairwise interactions. We leave more detailed analysis of the approximation error induced

by our approach for different models to future research.
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