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Abstract

The potential for peer pressure at the workplace is high since social interactions
are frequent and we care about our social standing at work. Peer effects in politics
at the workplace are important to understand since workplaces are becoming more
sorted according to human capital, which implies that workplace peer effects can in-
crease social inequalities in turnout. To quantify peer effects we use population-wide
administrative data from Sweden that covers several general elections and allows us
to measure the turnout of colleagues. To identify peer effects we use the turnout
of colleagues’ family members in earlier elections as an instrumental variable, and
leverage the richness of the data to assess assumptions, improve interpretation, and
study heterogeneity. Our estimates suggest that workplace peer effects contribute
to social inequality in turnout.
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Introduction

In Brady et al.’s (1995) influential model of voter turnout, people do not vote because
“they can’t”, “they don’t want to”, or because “nobody asked”. While “they can’t” points
to individual resources, the latter two refer to engagement and mobilization, factors with
a social dimension. Engagement of citizens in politics can be stimulated by membership in
politically active groups, and mobilization can take place through networks that encourage
citizens to participate in politics. These factors underscore the role of social networks for
voter participation.

The workplace constitutes one of the most important social networks we are part
of. The majority of the electorate is employed by a firm, we spend many hours each
day in contact with our colleagues, and we often care deeply about our social standing
at work. Workplace peers can establish social norms about political participation, and
peer pressure at work can motivate to vote. The workplace can serve as a political
arena that provides political information and knowledge through informal conversations
and discussions (Mutz and Mondak 2006). Workplaces can further provide mobilization
efforts, e.g., through trade union activity (Leighley and Nagler 2007), and it can shape
political preferences (Kitschelt and Rehm 2014).

However, the empirical literature on the role of workplaces and colleagues for voter
turnout is surprisingly scarce. Mutz and Mondak (2006) pointed this out more than
20 years ago, but research has still been more concerned with the role of civic (Gerber,
Gruber, and Hungerman 2016), neighbourhood (Bratsberg et al. 2021), elite (Pietryka and
DeBats 2017), and family (Dahlgaard 2018; Dahlgaard et al. 2022) networks. The main
reason for this, we believe, is that few data sets have the information that makes it possible
to analyze the influence of the workplace and the political behaviour of colleagues.!

We leverage data that allow us to investigate coworker peer effects on voter turnout.

Documenting workplace peer effects is not only important for understanding the deter-

! Aggeborn and Andersson (2022) and Cox, Fiva, and King (2024) are two notable exceptions. They
study how political candidates mobilize turnout at their workplaces, which is a related but different
question from ours. Another related paper is Alt et al. (2022), who use a similar identification logic as
us to identify the effects of unemployment in one’s social network on political attitudes and vote choice.



minants of voter turnout, but can also shed light on the development of political in-
equalities. Recent work on political inequalities has emphasised political mechanisms to
explain inequalities, such as weak political representation (Heath 2018) or a mismatch
between demand and supply of political platforms (Evans and Tilley 2017). Labour mar-
ket developments might be equally important, however, since peer effects can exacerbate
inequalities in turnout between demographic groups (DiMaggio and Garip 2012): If there
are important peer effects at the workplace, they will exacerbate inequalities if workplace
networks are homophilous to individual characteristics. Hakanson, Lindqvist, and Vla-
chos (2021) show that Swedish firms are becoming more strongly sorted on skills and
other characteristics, i.e. colleagues in the same firm are more similar to each other today
than in the past. This trend is mainly driven by exogenous changes in the labour market,
which means that if it contributes to political inequality, it will be a harder social issue
to solve.

To identify coworker peer effects, we rely on an IV approach. The problems of dis-
entangling peer influence from other factors that can produce correlations between the
behaviour of group members is well-understood (Manski 1993). In the absence of ex-
perimental designs, IV methods are frequently used to estimate causal peer effects. We
follow several previous papers (e.g. Nicoletti, Salvanes, and Tominey 2018; Carlsson and
Reshid 2022; Buggle et al. 2023) and use the so-called peers of peers approach (Bramoullé,
Djebbari, and Fortin 2009) to construct an instrument for turnout among colleagues. The
idea is to identify social networks that influence colleagues, but which do not overlap with
the social networks of the respective worker, and therefore do not influence the worker.
If these networks are exogenous to the worker and have sufficient influence on colleagues,
we have a promising candidate for an instrument for workplace turnout.

In our application, we use the share of coworkers’ family members who voted in a
previous election as an instrument for the average turnout among coworkers. The key
assumptions required for a causal interpretation of our estimates are that the influence
runs solely from peers of peers (no reflection) and that the peers of peers have no direct

influence on the worker (the exclusion restriction). Below we describe in detail how we



implement our identification strategy and conduct several tests of the key assumptions.

We use administrative micro-data from Statistics Sweden which spans from 2009 to
2022 and covers the full population of individuals, firms and workplaces in Sweden. The
most important features of the data are that they contain information on turnout at the
individual level for several elections, firms and workplaces, and family members. The
data enable us to identify coworkers and family members of all workers from which we
can calculate the explanatory variable (turnout among coworkers) and the instrument
(turnout among family members of coworkers).

We find evidence of a positive coworker peer effect. Our baseline estimate reveals that
a ten percentage points higher turnout among coworkers causes a 1.5 percentage point in-
crease in the probability of voting, which corresponds to a 1.7 percent increase in turnout
compared to the average turnout in the sample. However, we find significant and polit-
ically meaningful heterogeneous effects. We find stronger peer effects among individuals
with characteristics that predict lower turnout (previous abstention, low turnout among
parents, males, low education, unmarried, low income). Stronger peer effects among work-
ers that are less likely to vote imply that turnout differences across demographic groups
can be reduced if groups with high and low turnout interact. However, the recent develop-
ment of an increasing sorting of workers with similar characteristics into firms (Hakanson,
Lindqvist, and Vlachos 2021) reduce such interactions and instead lead to a preservation
and strengthening of inequalities in turnout.

The rest of the paper is structured as follows. Next, we discuss the literature on peer
effects on turnout and argue that colleagues might influence propensity to vote. The
following two sections describe the research design and the data, before we discuss and
assess the IV assumptions. Then we present the empirical results, with a particular focus

on heterogeneity, before the final section concludes.

Peer effects on turnout

The rich literature on why people vote has identified many relevant factors at the indi-

vidual level. These include the importance of individual resources (Brady, Verba, and



Schlozman 1995), psychological dispositions (Gerber, Green, and Shachar 2003), genetics
(Fowler and Dawes 2008), and rational cost-benefit calculations (Downs 1957). While
the literature for long also has acknowledged the role of various social dimensions of vot-
ing as important — see Lazarsfeld, Berelson, and Gaudet (1944) for a classic study, and
more recently Rolfe (2012) and Sinclair (2012) — its impact is still much less understood
(Campbell 2013). Most work on social aspects of voting has studied the role of social
connections and networks that are explicitly political, such as mobilization through polit-
ical campaigns (Gerber and Green 2000) or how political candidates leverage their social
networks (Cox, Fiva, and King 2024).

The social aspects of turnout are harder to study empirically, which is probably why
this literature is less developed. This is particularly true for the effects of daily social
interactions. It is highly plausible that the behaviour of people in our social networks
influences our behaviour (“peer effects”), but, as outlined by Manski (1993), correlated
behaviour might be due to selection to networks (we prefer to interact with people similar
to us) and reflection (influence can go both ways). Moreover, we often lack data on social
connections and the behaviour of peers.

Still, important work over the last two decades has improved our understanding of peer
effects on turnout. Causal peer effects in turnout have been identified within households
(Nickerson 2008), neighbourhoods (Finan, Seira, and Simpser 2021), and across Facebook
friends (Bond et al. 2012). Typically, two mechanisms are proposed for explaining these
peer effects. The first is an information and learning mechanism: Through our social
networks we can learn about, e.g., the process of voting, the norms of voting, the platforms
of political parties, candidate characteristics, and the potential coalition partners after the
election, all of which can mobilize us to vote. The second mechanism is through social
norms and peer pressure. Previous work shows or suggests that social pressure from
neighbours (Gerber, Green, and Larimer 2008), community members (Funk 2010), and
friends (Bond et al. 2012) can influence the propensity to vote, in particular if there is
a risk that others can reveal that you did not comply with the social norm of voting

(Gerber, Green, and Larimer 2008; Green and Gerber 2010).



Peers at the workplace can influence turnout through both learning and social norms.
By engaging in conversations about politics with our colleagues, the learning and infor-
mation mechanism will be in play. This is particularly so since we are more likely to meet
people with different political views at the workplace than in more intimate networks,
which means that we might get new political information and knowledge through these
discussions (Mutz and Mondak 2006). The information and learning effect is likely to
be stronger if a higher share of the colleagues vote. Social norms and pressure are also
likely to be in play when more of the colleagues vote. While colleagues cannot monitor
whether other colleagues turn out to vote, abstention might be revealed during casual
conversations, thereby causing social embarrassment, which will uphold the social norm.

We should point out, however, that there might also be costs of engagement in or
exposure to political conversations at the workplace. For instance, employee well-being
might be negatively affected by learning that one has a minority view on contentious
political issues (Rosen et al. 2024), and one might learn biased information (Carlson 2019).
Perhaps because of these costs, some avoid political discussions altogether (Krupnikov and
Ryan 2022), which will limit the peer effect. Although Swedish politics is less polarized
than the US, these countervailing mechanisms might operate there too.

Peer effects in turnout are important to understand because they might explain cur-
rent social inequalities in turnout (DiMaggio and Garip 2012). Swedish firms in all major
industries have become more homogeneous in their cognitive and non-cognitive character-
istics over the last decades (Hakanson, Lindqvist, and Vlachos 2021). Turnout is positively
correlated with such skills, which means that workplace peer effects are likely to amplify
social inequalities in turnout. Stronger sorting is an important driver of wage inequality
in Sweden (Hakanson, Lindqvist, and Vlachos 2021), which means workplace peer effects
also provide a possible mechanism for the correlation between wage inequality and turnout
(Solt 2008). Since stronger sorting reflects trends in labour market restructuring, it means
that it is difficult to envision social and political interventions that can easily reduce its
negative effect on political inequality (which one might perceive as a negative externality

of restructuring).



Research Design

Equation (1) provides the starting point for estimating the coworker peer effect in voting:
VOt@di72022 = BVOtGd_i7201g + €; (1)

In equation (1), subscript i refers to the workers for whom we estimate whether they are
influenced by turnout among their coworker peers. Henceforth, we label these workers
index workers. The variable Voted; 2020 measures whether index worker ¢ voted in the

general election in 2022, which is the outcome. The explanatory variable of interest is

ZjEPi Votedj72018

uz

m_mm = , which measures turnout in 2018 among index worker ¢’s
coworkers, excluding the index worker, indicated by notation —:. This exclusion means
that the explanatory variable of interest generally takes different values for index workers
at the same workplace.? In the expression for m,i’gmg, P, denotes the set of i’s
workplace peers, n; is the number of coworker peers, and j indexes the coworker peers.
The coefficient of main interest is (3, which measures the coworker peer effect.

There are several endogeneity problems that most likely will result in a biased estimate
of B in equation (1). One endogeneity problem is the reflection problem (Manski 1993;
Moffitt 2001) we mentioned above. In our case, the reflection problem means that two
workers at the same workplace may simultaneously affect the voting behavior of each
other, which makes it hard to determine if the first worker impacts the second or vice
versa. A second endogeneity problem is if workers self-select into workplaces. Certain
types of workplaces may attract workers who share similar characteristics, and this could
make it challenging to distinguish workplace peer effects from correlations that reflect self-
selection into firms. One could also imagine endogeneity problems because individuals at
a workplace share the same local labor market, as contextual factors may impact voting

behavior. For instance, local changes in the the risk of unemployment will be correlated

at the workplace, and can influence political behaviour (Alt et al. 2022; Finseraas, Rged,

2Tt will take two different values if all workers at the workplace belong to the same peer group, but
as we explain below, we use worker characteristics to construct homogenous peer groups, which means
that there could be more than two values at each workplace.



and Schgne 2017).

We address these endogeneity problems with an IV approach that is sometimes labeled
the peers of peers approach in the literature. That is, for each index worker, we use
the share of coworkers’ family members (siblings and cousins) that voted in the general
election in 2010 (WF,_MMO; F=family) as an instrument for the average turnout of
the coworkers in 2018 (i.e.,m,i,gglg). Specifically, the instrument is obtained by first
calculating the fraction that voted among siblings and cousins of each coworker and then
taking the workplace average of these numbers. In the calculation of the instrument for
an index worker, the family members of the index worker herself are excluded. Again,
the index worker exclusion implies that the instrument generally takes different values for
index workers at the same workplace.

The IV approach relies on the existence of peers belonging to different networks that
are not related in a direct way (Bramoullé, Djebbari, and Fortin 2009; Carlsson and Reshid
2022; De Giorgi, Pellizzari, and Redaelli 2010; Nicoletti, Salvanes, and Tominey 2018).
Thus, we assume that the naturally occurring social networks at workplaces and within
families are distinct. The main identifying assumption for the IV to be valid is that the
index worker must not interact directly with the family members of their coworkers. This
exclusion restriction means that the impact of the voting behavior of a family member of
a coworker on the index worker’s turnout must operate only via the coworker. In other
words, if we assume that individuals 1 and 2 are coworker peers and individuals 2 and 3
are cousins, then the assumption is that individual 3 has no direct influence on individual
1. Instead, any influence must operate indirectly through its effect on individual 2, who
is a coworker of individual 1 and a cousin of individual 3.

Following previous research on peer effects (e.g. Cornelissen, Dustmann, and Schénberg
2017), we adopt the concept of homogeneous peer groups (HPGs). This means that peers
should not only belong to the same workplace or family but should also share similar
characteristics such as gender and educational level, which we use to construct HPGs.
Thus, some workplaces will have several HPGs, while others will have only one. The

rationale for using HPGs is the notion that social interactions are more likely to occur



between individuals with similar characteristics. Peer effects are thus more plausible
within HPGs.

We address the reflection problem by constructing the explanatory variable and the
IV based on the voting behavior of coworkers and their family peers in prior elections.
Specifically, we measure turnout of index workers in 2022, turnout of the coworkers in
2018, and turnout of the coworkers’ family members in 2010.> The temporal order of
the variables reduces the most obvious reflection problems, but there could still be a
reflection problem for index workers who were entitled to vote in elections prior to 2010.
For example, if these index workers influenced coworkers in the 2002 election, which in
turn influenced their family members in the 2006 election. To address this, we control for
whether the an index worker voted in the 2010 general election (and whether the person
was below 18 years old in 2010 and thus ineligible to vote).

This setup using three elections and our definition of homogeneous coworkers means
that, e.g., a highly educated male index worker with observed turnout in 2022 is paired
with i) highly educated male coworkers at the same workplace with turnout measured
in 2018 and ii) highly educated male family members (siblings and cousins) of these
coworkers with turnout measured in 2010. Thus, there are four cells of individuals at
workplaces and in families defined by the two dimensions education and gender.

A remaining endogeneity problem is that even if there are no social interactions be-
tween an index worker and the coworkers’ family members, we cannot rule out common
factors in the family peer groups to which index workers and coworkers belong. For
example, index workers and the family members of coworkers could live in similar neigh-
bourhoods and/or share similar background characteristics. If these factors also affect
turnout and are not accounted for, the ignorability assumption is violated, which will
bias the first stage and the reduced form estimates. Moreover, the exclusion restriction is
violated if the effect of the instrument runs through such variables.

We account for such common factors in several ways. First, the included control

variable for whether the index worker voted in the 2010 general election, i.e., lagged

3Turnout from the 2014 election is not digitized and not available from Statistics Sweden.



turnout, will control for many unobservable factors of the index worker that is shared
by the coworkers’ families. Second, whenever we use the IV, we include as a control
variable the average turnout of the index worker’s family members (excluding the index
worker), akin to a family fixed effect. We call this variable the “individual IV” (Nicoletti,
Salvanes, and Tominey 2018) because it is closely related to the instrument. Controlling
for the individual IV will reduce potential biases caused by unobserved characteristics
at the family level.* Third, we add electoral district fixed effects for the 2018 electoral
district of the index worker. There are approximately 6,000 electoral districts in Sweden,
which typically correspond to small homogeneous neighborhoods. The electoral district
fixed effects address potential bias from selection of index workers and coworker’ family
members into the same neighborhood. Fourth, using the year of the instrument (2010),
we control for average characteristics of the coworker’s family members that correlates
with turnout (age, income, marital status, number of children, and employment status).
Finally, because there are systematic differences in turnout between the HPGs we include
fixed effects for which type of HPG an index worker belongs to.

We do the estimations using two-stage least squares (2SLS), and the second-stage

[V-regression takes the following form:

VOtedi72022 = 5V0t€d_i72018 + ’YVOtedE_i?Qol() + 5V0t€di72010+

The outcome Voted; 2022 is a binary indicator of whether the index worker voted in
2022. The explanatory variable of main interest is m_@gmg, which is the predicted
value of 2018 turnout among coworkers (excluding the index worker) obtained from the
first-stage regression, and mp,_i,gom is the individual IV. The remaining variables
control for the issues discussed above, i.e., potential common factors in the family peer
groups to which index workers and coworkers belong: Voted, 2010 is the turnout of the

index worker in 2010, ElecDistr; 5015 are fixed effect for electoral district of the index

4Tt will also reduce the so-called exclusion bias in studies of peer effects (Caeyers and Fafchamps
2023). The exclusion bias is caused by a correlation between the turnout of the index worker and the
average of the peer group in small peer groups, which is created mechanically when the index worker is
excluded in the calculation of the average of the peer group.



worker, CoworkerFamilyX, 5,4 is a vector of the means of coworkers’ family average

characteristics, and TypeOfHPG; 5,5 are four dummies for the type of peer group.

Data and sample

Population-wide micro-data

We use micro-data from Statistics Sweden’s registers, which span the years 2009-2022,
covering the full population of individuals above 16 years old and all firms and work-
places in Sweden. The most important features of the registers are that they i) contain
information on turnout at the individual level for the full population for several elections,
ii) contain identifiers of individuals, parents and children, firms, and workplaces, so they
can be linked together and across years. Thus, we can link individuals to workplaces,
identify the index workers’ coworkers, identify the family members of index workers and
coworkers, and observe turnout and other characteristics of each individual. In the ap-

pendix, we provide additional details of the main registers we use.

Constructing the sample

To implement the peers of peers method, we need to identify coworkers and family mem-
bers (siblings and cousins) of each index coworker. The former is required to construct the
explanatory variable and the latter to construct the instrument. We identify coworkers by
identifying workers who share the same unique workplace identifier. To identify the family
members of coworkers, we use the family identifiers to construct a dataset representing
a family tree for the full population of individuals. From the family tree we can identify
siblings and cousins of each individual, defined by sharing parents or grandparents.®
The nature of workplace peer effects on turnout, as well as data limitations, motivate
a few restrictions on the sample. We make all sample restrictions based on predetermined
variables (typically measured in 2017, i.e., before the 2018 election when treatment takes
place), to avoid post-treatment bias. The most obvious restriction is excluding individuals

who are not employed. We exclude those without a workplace in 2017, and those who have

5Thus, we require that siblings share at least one parent and cousins at least one grandparent.
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a very low income in 2017, which typically means that they work few hours and thus have
a weak connection to the workplace. Next, we exclude workers for whom the individual
IV is unobserved, i.e., workers who do not have any siblings or cousins. This restriction
means that many immigrants are excluded since the individual IV is often unobserved for
immigrants (because there is no information on parents and grandparents in the registers).
To keep the sample homogeneous we therefore exclude all first-generation immigrants.
Moreover, we exclude workers who have a sibling or cousin at the workplace. Including
these workers would violate the identifying assumption of non-overlapping networks. Next,
we exclude workplaces with only one worker, in which case there cannot be any peer
influence. We also exclude workplaces with more than 50 coworkers in 2017. We do this
for two reasons: i) The size of the relational dataset between index workers, coworkers, and
family members grows exponentially with the size of the workplace, making the dataset
unmanageable. ii) Co-worker turnout will to a lesser extent reflect political interactions at
large workplaces. Since the upper limit of 50 workers is somewhat arbitrary we examine
robustness with different thresholds in the empirical analysis. Finally, we limit the sample
to workers who are between 18 and 40 years old in 2018 when treatment takes place. The
upper age restriction is motivated by previous literature which shows that voter habits
are strongly correlated with age (Cravens 2020).° The final sample consists of 390,317

index workers at 84,666 workplaces.

Descriptive statistics

Summary statistics for turnout and the demographic variables of the index workers can
be found in Table A1l. The most important to notice is that turnout is very high in our
sample, at about 90 percent.” This reflect the general high level of turnout in Sweden,
but also that we condition on employment in 2017 and exclude immigrants. As explained,

we need to make these sample restrictions to get internally valid estimates, but it means

5The lower age restriction implies that voters below 26 years of age in 2018 were ineligible to vote
in 2010 and are represented by a missing dummy for Voted; 2010. Table A4 shows that we get similar
results if we exclude these workers from the analysis.

"One might worry that using a linear probability model on such a skewed dependent variable produces
biased estimates. However, we get almost identical marginal effects as those reported below if we use a
probit specification.

11



that external validity might be limited to other high turnout samples.

Table A2 documents how turnout is influenced by previous voting and demographic
variables. The estimates reveal that workers who voted in 2010, have parents that voted
in 2010, are females, are younger than median, have college education, are married, have
above median income are more likely to vote. These patterns coincide with what is
commonly found in the literature (Smets and Van Ham 2013). As it turns out, these

patterns are important when we later interpret our main findings.

Assessing the IV assumptions

We need several assumptions to be satisfied for our estimate of the parameter of interest
in equation (2) to reflect the unbiased causal peer effect (see, e.g., Angrist and Pischke
2009). First, the instrument (turnout among coworkers’ families) must be correlated with
the treatment variable (turnout among coworkers), i.e., there must be a first-stage, and to
avoid bias in the second-stage estimate, the first-stage correlation needs to be strong (the
relevance assumption). Second, the monotonicity assumption must be satisfied, which
states that a change in the instrument either has no impact on the treatment variable
or changes it in the same direction for all index workers. Third, the instrument should
only affect the outcome (turnout of index workers) through the instrument (ezclusion
restriction). Fourth, the instrument and the outcome should not be jointly correlated
with unobserved variables (ignorability assumption).® In our case, these assumptions are
conditional on the included covariates. We conduct several direct and indirect tests to

assess whether the assumptions are plausible.

First-stage and monotonicity

The first-stage assumption requires that the turnout among coworkers’ family members
can predict turnout among coworkers. We test this by regressing turnout among coworkers

on turnout among the coworkers’ family members. Moreover, if monotonicity holds, a

80ne additional assumption is the stable unit treatment value assumption, which says that index
workers’ potential outcomes are unrelated to the co-worker turnout of other index workers. This assump-
tion will be violated if peers-of-peers’ networks overlap. We cannot test this assumption, but as explained
above we have made sample restrictions to make it more plausible.

12



testable implication is that the first-stage should not be negative for any subgroup of
index workers. Following Bhuller et al. (2020), we examine this implication by estimating
the first-stage in sample splits - in our case for gender and education, which are the
variables defining the HPGs. We find positive and significant first-stage estimates for all
subgroups, also for the sample of college-educated where almost everyone votes (see Table

A3).

Exogeneity tests using predetermined characteristics

While the exclusion restriction and ignorability assumptions cannot be directly tested, it
is possible to conduct indirect tests. For example, if these assumptions hold, we should
not find that the 5 parameter is significant if we re-estimate equation (2) but replace the
dependent variable with different predetermined characteristics of the index workers. For
this exercise, we use such characteristics which are often included in models of turnout
(Smets and Van Ham 2013) — age, age squared, income, marital status, and number of
children — but not used to construct the HPGs (i.e., education and gender). The estimates
are presented in Table 1. Reassuringly, for all outcomes, we find coefficient estimates that

are trivial in size and statistically insignificant.

Table 1: Exogeneity tests on predetermined individual characteristics.

Age- Number of
Age squared  Income  Married  children
WP Turnout 0.236 16.638 203.429 0.036 -0.024
(0.316) (15.226) (112.813) (0.029) (0.079)
Controls Yes Yes Yes Yes Yes
HPG FE Yes Yes Yes Yes Yes
District FE Yes Yes Yes Yes Yes
Kleibergen-Paap F 1487 1487 1487 1487 1487
N 390970 390970 390970 390970 390970
Mean of Y 22.35 531.40 3179.73 0.20 0.95

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.

13



Results

Main estimates of the coworker peer effect

Table 2 presents the main estimates of the coworker peer effect, which are visualized
in Figure 1. The dependent variable is turnout measured in 2022 and the explanatory
variable is turnout among coworkers in 2018. The first column presents the OLS estimate
of the peer effect. The coefficient estimate of 0.047 means that ten percentage points
difference in the turnout among coworkers increases the likelihood that an index worker
votes by approximately half a percentage point. Since the standard deviation of turnout
among coworkers is 20 percentage points, this means that a standard deviation increase
in turnout among coworkers increases the probability of voting of an index worker by
one percentage point. However, the OLS estimate is likely to be biased for the reasons
discussed above. In particular, we suspect that reflection and selection effects will cause

a positive bias in the estimate.

Table 2: Main results.

First Reduced  Second

OLS stage form stage
WP Turnout 0.047*** 0.152%**
(0.003) (0.025)
Instrument 0.145%*%*  (.022%**
(0.004) (0.004)
Controls Yes Yes Yes Yes
HPG FE Yes Yes Yes Yes
District FE Yes Yes Yes Yes
Kleibergen-Paap F 1487
N 390970 390970 390970 390970
Mean of Y 0.90 0.91 0.90 0.90

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.

Next, we turn to the estimate of the peer effect using the IV approach explained
above and start by again verifying the existence of a strong first-stage and showing the
reduced form estimate. The second column in the table shows that a ten percentage point

difference in turnout among coworkers’ family members is associated with 1.45 percentage

14



points higher turnout among coworkers. This correlation is precisely estimated, which
means that weak instrument bias in the second stage is not an issue.? Column 3 presents
the reduced form estimate, i.e., the impact of turnout among coworkers’ family members
on turnout among index workers, which is positive and highly significant. The magnitude
of the coefficient is moderate in size: A ten percentage points higher turnout among
coworkers’ family members twelve years prior leading to 0.22 percentage points higher

turnout among index workers.

Figure 1: Plots visualizing the main results.
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Note: The figure displays the variation driving the estimates in Table 2. Variables on
the Y and X axes are residualized using the covariates in Equation . Each dot represents
one percent of the observations, while the regression line is based on all observations.
Bars on the axes are histograms of the respective variables.

Finally, in column 4 we present the main IV estimate corresponding to parameter
in equation (2) above. The IV assumptions imply that the reduced form estimate solely
reflects the influence of coworkers, which means that the second stage estimate is the

ratio of the reduced form and the first stage. The second stage estimate of 0.152 is thus

9The Anderson-Rubin 95% confidence interval for the second stage estimate is very close to the
conventional confidence interval, which indicates no weak instrument bias (see e.g. Lal et al. 2024).
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our estimate of the causal coworker peer effect: A ten percentage points higher turnout
among coworkers causes an increase in the probability of voting among index workers of
1.52 percentage points. In the Appendix we show that this estimate is robust to adding
various types of additional control variables (see Table A6).

To get a better sense of the importance and plausibility of the estimate, it is informative
to compare it to other estimates of peer effects. The most straightforward comparison to
make is to the neighbourhood peer effect in Finan et al. (2021). They find that a one
standard deviation difference in neighbourhood turnout is associated with a peer effect
in turnout of about 1 percentage point. In our case, a standard deviation difference in
workplace turnout (0.2) amounts to a peer effect that is about three times larger (.152x%.2).
Since most of us have more interaction with colleagues than neighbours, we believe that a
larger workplace peer effect is plausible. Moreover, Nickerson (2008) estimates a within-
family peer effect of about six percentage points. It is arguably less straightforward to
compare this estimate to ours, but adding one additional voter to ones’ workplace peer
group will in most cases have a much smaller effect than this. We only get close to a
six percentage point peer effect if the peer group goes from consisting of two non-voting
colleagues to three colleagues and the additional colleague is voting (e.g. .152x%.33 = .05).
We find it plausible that the workplace peer effect is larger than the neighbourhood peer
effect, but smaller than the within-family peer effect. Still, valid concerns can be raised

against the estimate, which is what we turn to next.

Comparing the OLS and IV estimates

The causal estimate is more than three times larger than the OLS estimate (0.152 and
0.047), which is somewhat surprising since we argue above that the OLS estimate is likely
to be positively biased. In this section, we explore factors that can result in a larger IV
than OLS estimate (see e.g. Lal et al. 2024).

First, our second stage estimate is the local average treatment effect (LATE) for
the complier group. With heterogeneous treatment effects, LATE might differ from the

average treatment effect (ATE) in the population. OLS estimates the ATE, but probably
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a biased estimate due to the endogeneity problems discussed above. Thus, the peer effect
we estimate may be larger than the OLS estimate because of heterogeneous treatment
effects.

Second, and related, the heterogeneity causing a larger IV estimate might be because
the treatment effect varies according to the (unobserved) underlying probability of being
treated (resistance to treatment). The LATE will differ from the ATE if those with high
treatment effects have more weight in the LATE estimate.

Third, IV can address attenuation bias, due to noise in or miss-classification of the
explanatory variable, which will result in a downward bias using OLS.

Finally, while the three explanations just discussed all assume a valid instrument, the
IV estimate will also be biased if the instrument is invalid. We addressed some of the
IV assumptions above, such as weak instrument bias and monotonicity, and below we

conduct a set of placebo exercises (see section 6.3) to further examine instrument validity.

Heterogeneous effects based on observables

We first examine treatment heterogeneity on observables. If the peer effect is stronger
among index workers with certain characteristics, and those in the complier group have
these characteristics to a larger extent, then the LATE will be larger than the OLS
estimate (see e.g. Angrist and Pischke 2009). To investigate this, we first explore het-
erogeneous effects with respect to observed characteristics of the index workers and then
profile the complier group with respect to these characteristics.

We estimate heterogeneous peer effects for index workers with different observed char-
acteristics by adding interaction variables between the treatment variable and the re-
spective characteristics. For example, for gender we multiply a female and male dummy
indicator with turnout among coworkers and add the resulting interaction variables and
the female dummy to the regression. We leave out the variable measuring turnout among
coworkers, which eases comparing the estimates within subgroups with the overall esti-
mate: the main coefficient in Table 2 is then the (weighted) average of the coefficients

of the two interaction effects. We use the same approach for the other characteristics of
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the index workers. In this analysis, we examine the predetermined variables of the index
workers (age, income, married, and number of children, education, gender, and turnout
in 2010) and parental turnout in 2010. The characteristics are analyzed using separate
regressions.

The estimates of heterogeneous effects for the various subgroups are presented in Table
3. We find strong heterogeneous effects with a consistent pattern such that the peer effect
is stronger in subgroups with lower turnout. Specifically, the peer effect is stronger among
those index workers who did not vote in the 2010 general election, have parents that did
not vote in the 2010 election, are male, younger, do not have a college degree, are not

married, and have income below the median.
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Table 3: Heterogeneous effects.

WP Turnout

A) Index worker turnout 2010

x Voted 2010 0.018
(0.026)
x Not Voted 2010 0.271%**
(0.031)
B) Parental turnout 2010
x Parents voted 2010 0.139%+*
(0.025)
x Not parents voted 2010 0.400%**
(0.055)
C) Gender
x Female 0.138%**
(0.042)
x Male 0.203%**
(0.029)
D) Age
x Age above mean 0.1347%%*
(0.029)
x Age below mean 0.213%**
(0.028)
E) Education
x College 0.049
(0.171)
x Not College 0.185%**
(0.025)
F) Marital status
x Married 0.055
(0.036)
x Not Married 0.206%**
(0.026)
G) Income
x Income above mean 0.036
(0.030)
x Income below mean 0.268%+*
(0.027)

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.

The stronger peer effect among workers with lower propensities to vote, means that
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Figure 2: Predicted turnout across workplace turnout by parents’ turnout.
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the increasing sorting of workers across firms (Hakanson, Lindqvist, and Vlachos 2021)
might increase social inequalities in turnout. Figure 2 illustrates why: The figure is based
on the second stage estimates in Panel B, Table 3, and shows the predicted level of turnout
for workers with parents that did not vote in 2010 (i.e. workers with a lower propensity
to vote) versus parents that did vote in 2010 (higher propensity to vote) across workplace
turnout (predicted from the first stage). Stronger sorting of workers across workplaces
implies a movement upward on the curve for high propensity voters and a movement
downwards for low propensity voters, thereby increasing the turnout gap between these
two groups.

To examine if the heterogeneous effects can help explaining why the IV estimate is
larger than the OLS estimate, the next question is if the index workers in the complier
group to a larger extent have characteristics associated with stronger peer effects. To
examine this, we profile the characteristics of the compliers (Marbach and Hangartner
2020). It is not straightforward to profile the compliers since we have treatment and in-

strument variables that are continuous, and we need to condition on covariates. Therefore,
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to facilitate profiling, we discretize residualized versions of the treatment and instrument
variables: We run regressions with the continuous treatment and the instrument as de-
pendent variables with the full set of covariates as the independent variables, obtain the
residuals, and then discretize them around their medians. With these variables we can
profile the compliers using the approach in Marbach and Hangartner (2020). We acknowl-
edge that the compliers when using these variables might be different from the compliers
in Table 2. However, the ratio of the OLS to the IV estimate is similar when we analyze
these variables, see Table A5, which suggests that the complier groups are similar.
Table 4 presents the means of individual-level characteristics for the whole sample
and the compliers. Most notably, we find that the compliers have lower turnout in previ-
ous elections and lower level of education. Both these characteristics are associated with
stronger peer effects (see Table 3). The compliers also tend to have the other character-
istics associated with stronger peer effects. While this will contribute to the IV estimate
being larger than the OLS, the differences in complier characteristics are not dramatic,
which means that it is unlikely that these differerences explain the whole difference be-

tween the two estimates.

Table 4: Complier characteristics.

Mean Mean
whole sample compliers

Voted 2010 0.61 0.56
Voted 2018 0.91 0.89
Parents voted 2010 0.93 0.92
Female 0.43 0.41
Age 34.35 33.92
College education 0.31 0.25
Married 0.20 0.19
Income 3179 3184

Note: Mean characteristics in the total sample and for compliers.
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Marginal treatment effects

Next, we explore heterogeneity in the treatment effect along the unobserved gain from
treatment (Heckman and Vytlacil 2007; Brinch, Mogstad, and Wiswall 2017), which can
explain why the IV is larger than the OLS estimate. To do so we estimate Marginal treat-
ment effects (MTE:s), which will differ from the average treatment effect if the impact of
treatment varies across workers based on unobserved traits. A concrete example would be
a HPG of workers who are less interested in politics and therefore possibly more sensitive
to peer mobilization (Rolfe 2012). As a result, average turnout in this example HPG
(i.e, the treatment) is expected to more strongly depend on turnout among their family
members (i.e., the instrument). If so, index workers in this HPG will be over-represented
in the complier group. But we would also expect a stronger response to treatment for
index workers in this HPG, because they are more sensitive to peer mobilization. This
illustrates a situation where the magnitude of the treatment effect is expected to be larger
among compliers, i.e., a heterogeneous treatment effect based on the unobserved gain from
treatment (co-worker turnout).

In the supplementary appendix we present the details and results of the MTE analysis.
In our example with interest in politics as the unobserved trait, we shuld expect a positive
slope of the MTE curve: Those with the lowest political interest should have larger
treatment effects. However, this is not what we find, as the slope is negative but never
significant. Thus, we find no evidence of differences in the MTE along the unobserved
dimension, which makes this an unlikely candidate to explain the larger IV estimate

compared to the OLS estimate.

Attenuation bias

While we have high-quality measures of voter turnout, we lack information on the mech-
anisms we propose as drivers of the peer effects. Ideally, we would like to have measures
of e.g. the degree of social interactions with colleagues and the extent to which political
topics are discussed during breaks. The implication is that although coworkers’ average

turnout will be strongly related to e.g. the extent of political discussions, there might
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be measurement error in the mapping between the two concepts (see online appendix for
further discussion).

The presence of noise in the explanatory variable tends to bias the OLS estimate
toward zero. In contrast, the IV estimate will contain less bias and tend to be larger than
the OLS estimate, and the difference will grow with the extent to which the instrument
contains less noise. In the online appendix we present an analysis of to what extent this
bias correction can explain that the IV estimate is larger than the OLS estimate. We
do so by comparing the difference between the OLS and IV estimates across smaller and
larger peer groups. We find that the differences between the OLS and IV estimates are
larger for smaller peer groups, which indicates that attenuation bias contributes to the
larger IV estimates, since smaller peer groups have a more noisy estimate of the peer

effect.

Placebo tests

Finally, we conduct a series of placebo, or negative control, tests (Eggers, Tunén, and
Dafoe 2023; Shi, Miao, and Tchetgen 2020) to further examine the validity of our identi-
fication strategy. These tests involve the construction of either negative control (placebo)
exposures or negative control (placebo) outcomes. We conduct both types of tests.

Negative control exposure tests involve replacing the true exposure variable with a
placebo. The negative control exposure variable should be theoretically unrelated to
the treatment (coworker’s turnout), but susceptible to similar biases. If the negative
control exposure does not significantly influence the outcome, it strengthens the conclusion
that the observed effect is likely due to the treatment itself, and not due to unobserved
confounding factors.

We conduct four different negative control exposures, labeled A to D, in which we
re-estimate the coworker peer effect after having randomly assigned the index worker to
another HPG - a placebo HPG with workers that are assumed to have no contact with the
index worker. The primary aim of this exercise is to demonstrate that the observed peer

effect is unlikely to be influenced by unobserved factors unrelated to social interactions.
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Specifically, if we detect a significant effect when using placebo coworkers from a placebo
HPG, it suggests that unobserved factors may be driving the estimated effect.

In placebo test A, we randomly assign each index worker to any other HPG in the
sample. Thus, the placebo coworkers share the same gender and education as the index
worker, but are not expected to have any social interactions with the index worker. Then
we re-estimate the baseline regression using the turnout among these placebo coworkers
as a negative control exposure. Reassuringly, the association between the negative control
exposure and turnout of the index worker is small and insignificant, see column 1 in Table
5.

We follow the same procedure for placebo test B, but with the added condition that
the actual HPG and the placebo HPG must be located in the same municipality (column
2). In placebo test C (column 3), we maintain the municipality criterion but also require
that the actual HPG and the placebo HPG belong to firms in the same industry (at the
1-digit level). Finally, in placebo test D (column 4), we require that the placebo HPG is
in the same industry and of similar size as the original HPG (above or below the median
HPG size). Across the columns, the placebo peer effects are much smaller than the true

peer effect and always insignificant.

Table 5: Results from placebo regressions.

Placebo Placebo Placebo Placebo Turnout

A B C D in 2009
WP Turnout 0.014 -0.035 0.027 -0.011 0.071
(0.022)  (0.023) (0.025) (0.027)  (0.046)
Controls Yes Yes Yes Yes Yes
HPG FE Yes Yes Yes Yes Yes
District FE Yes Yes Yes Yes Yes
Kleibergen-Paap F 837 769 702 753 982
N 390958 387412 357051 338762 255076
Mean of Y 0.90 0.90 0.90 0.90 0.39

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.

Next we turn to the negative control outcome method, which implies using a different

outcome variable that cannot have been influenced by the treatment but is susceptible to
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the same confounding factors. In our application, a good candidate for a negative control
outcome would be turnout prior to the 2010-2022 period. While we do not have turnout
for Swedish parliamentary elections before 2010, we have information on turnout in the
2009 European election. In the last column of Table 5, we repeat the main regression
except that we use turnout in the 2009 European election instead of turnout in the
2022 national election. The estimated coefficient is not statistically significant and much
smaller than our main estimate. Still, the estimate is not zero, which suggests that the
correlation between the instrument and the error term in equation might not be exactly
zero, as assumed by the exclusion restriction. We examine sensitivity to the violation of

the exclusion restriction next.

Sensitivity to violation of the exclusion restriction

Conley, Hansen, and Rossi (2012) suggest that when valid concerns can be raised against
the exclusion restriction one should conduct a sensitivity check of the consequences of
violations. This involves making assumptions about how severely the exclusion restriction
might be violated, for instance by specifying a range of plausible correlations between the
instrument and the error term.

We follow Azar, Marinescu, and Steinbaum (2022) and use the reduced form estimate
(see Table 2) as the upper range of the bias (i.e. the direct effect of the instrument is
completely explained by an unobserved channel) and 0 bias (i.e. the exclusion restriction
holds perfectly). Using Clark and Matta’s (2018) implementation of Conley et al.’s (2012)
method, we estimate bounds on the treatment effect under this range of potential viola-
tions. The bounds refer to the lowest and highest estimate of the treatment effect that
all the respective confidence intervals contain. We find that the interval ranges from .048
to .102, thus, while it is smaller than our main estimate (.152), the interval excludes zero.
Thus, we find that the peer effect is positive also when we allow quite severe violations of

the exclusion restriction.
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Conclusion

In this paper, we present evidence of a positive coworker peer effect. Our baseline estimate
is that a ten percentage points higher turnout among coworkers causes an increase in the
probability of voting of 1.52 percentage points. In comparison to peer effects from other
social networks, it is about three times larger than the neighbourhood peer effect in Finan
et al. (2021), but substantively smaller than peer effects within the family (Nickerson
2008). Given that the degree of social interactions with colleagues is less than within the
family, but (on average) more than with neighbours, we believe that the estimate has
face validity. We interpret the estimate in causal terms, and present a range of tests and
discussions to underpin this interpretation, but will stress that our study is observational
and arguably rests on strong assumptions that need to be kept in mind when given this
interpretation.

Our result suggests that workplace peer effects can contribute to social inequalities in
turnout. We generally find stronger peer effects among individuals with characteristics
that predict lower turnout, which in light of the increasing sorting of workers with simi-
lar characteristics into firms (Hakanson, Lindqvist, and Vlachos 2021), could strengthen
inequalities in turnout. This is so because low-propensity voters benefit from social in-
teractions with colleagues who are likely to vote. If developments in the labour market
reduce the amount of social interactions across groups of voters with different latent
propensities to vote, peer effects at the workplace will increase turnout inequalities. For
the peer effects to work in the opposite direction, groups with low turnout must interact
with coworkers from other backgrounds where turnout is higher. Our results are consis-
tent with other work on workplace political mobilization, for instance by trade unions
(Leighley and Nagler 2007), but this work has relied on inferior, aggregated, data.

Our results come with several caveats. We study a high turnout group (employed,
native Swedes), which means that external validity might be questioned. We suspect that
workplace peer effects might be larger in countries with lower turnout, as ceiling effects
are smaller. We also lack measures of social interactions and norms at the workplace,

which means that we do not have empirical support for the potential mechanisms that we
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propose as important. Qualitative work on political conversations at the workplace, for
instance on sorting into groups that discuss politics, will also be helpful in this regard.
Moreover, experimental work on the consequences of exposure to political conversations
for political engagement is lacking. Future work should improve on these weaknesses of

current research.
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A Additional information on the register data

All register data used in this study are managed and maintained by Statistics Sweden and
made accessible through MONA (Microdata Online Access), which is Statistics Sweden’s
tool for delivering microdata for research purposes. The register of the total population
(Registret over totalbefolkningen (RTB)) contains information about all individuals reg-
istered in Sweden and serves as the basis for our sample. Another key register is register-
based labor market statistics (Registerbaserad arbetsmarknadsstatistik (RAMS)), which
contains employment information and establishes a unique ID between individuals, their
workplaces, and firms.

Another key register is the voter turnout register, which is available for the elections
in 2010, 2018, and 2022. This register contains information on, e.g., whether a person was
eligible to vote, turnout, and electoral district. Another important register is the longi-
tudinal integrated database for health insurance and labor market studies (Longitudinell
integrationsdatabas for sjukforsékrings- och arbetsmarknadsstudier (LISA)) which con-
tains extensive information on demographics and labor market outcomes such as birth
date, gender, marital status, immigrant status, earnings, and level of education.

Finally, the multi-generational register (Flergenerationsregistret) contains the informa-
tion we need to identify family members; for each individual, it lists parents and children
so that we can derive siblings (those who share a parent) and cousins (by first deriving

grandparents and then identifying which individuals share a grandparent).



B Descriptive statistics

Table Al: Descriptive statistics. N=390,970.

(1)

(2)

Mean SD
Voted 2022 0.904 0.294
WP Turnout 2018 0.912 0.196
Instrument 0.864 0.158
Index worker voted 2010 0.606 0.489
Index worker voted 2010 missing 0.269 0.443
Income 3,180 1,488
Female 0.431 0.495
Number of children 0.951 1.064
College education 0.314 0.464
Married 0.198 0.398
Age 2010 22.35 5.650
WP relatives income 2,236 1,101
WP relatives employed 0.675 0.211
WP relatives age2010 39.26  6.160
WP relatives married 0.359 0.223
WP relatives n. children 1.071 0.548
Parents voted 2010 0.929 0.257




C Worker characteristics and turnout

Table A2: OLS regression of worker characteristics and turnout.

Voted in 2010 0.078***
(0.001)
Parents Voted in 2010  0.080***
(0.002)
Female 0.033%**
(0.001)
Age above median -0.024%**
(0.001)
College Education 0.052%%*
(0.001)
Married 0.020%**
(0.001)
Income above median  0.036***
(0.001)
Constant 0.741%**
(0.002)
Observations 390,970

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.



D First stage estimates by sub-groups

Table A3: First-stage results for subgroups of index workers.

Sample  Sample  Sample Sample

Men Women Low edu. High edu.

Instrument  0.165%**  0.117*** (0.169***  (.028%***
(0.005) (0.005) (0.005) (0.005)

Controls Yes Yes Yes Yes
HPG FE Yes Yes Yes Yes
District FE Yes Yes Yes Yes
N 222464 168493 268176 122703
Mean of Y 0.89 0.94 0.88 0.98

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.



E Results when excluding workers who were ineligible to vote in 2010

Table A4: Results when excluding workers who were ineligible to vote in 2010.

First Reduced  Second

OLS stage form stage
WP Turnout 0.045%** 0.142%**
(0.004) (0.030)
Instrument 0.140%**  0.020%**
(0.004) (0.004)
Controls Yes Yes Yes Yes
HPG FE Yes Yes Yes Yes
District FE Yes Yes Yes Yes
Kleibergen-Paap F 1487
N 278131 278131 278131 278131
Mean of Y 0.91 0.92 0.91 0.91

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.



F Results using binary measures

Table A5: Results when using binary measures of WP Turnout and the instrument.

First Reduced  Second

OLS stage form stage
WP Turnout (Binary) 0.016*** 0.051 %%
(0.001) (0.010)
Instrument (Binary) 0.097*#%  0.005%**
(0.002) (0.001)
Controls Yes Yes Yes Yes
HPG FE Yes Yes Yes Yes
District FE Yes Yes Yes Yes
Kleibergen-Paap F 1487
N 390970 390970 390970 390970
Mean of Y 0.90 0.50 0.90 0.90

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.



G Adding additional control variables

If the instrument is exogenous, the estimate of the main coefficient should not change
much when we add additional covariates to main model. In Table A6, we present results
when adding various covariates at the individual, HPG, and firm level. First, we add
the covariates at the index worker level we use as outcomes in Table 1. For comparison
the first column of Table A6 repeats the main specification. The estimates presented in
the second column confirm that the IV estimate barely moves when we expand the main
specification with these controls. In column 3, we add HPG averages of the predetermined
characteristics used in Table 1 as well as the number of workers in the HPG. In column
4, we include predetermined firm characteristics. These are the type of firm (dummies for
private, state, municipal, regional, cooperative, and non-profit), total wages at the firm,
number of males and females employed, level of education among males and females,
turnover, financial result (earnings before interest and taxes), and equity. Finally, in
column 5, we include all the covariates in column 2-4 simultaneously. Across specifications,

we find that the coefficient is very similar to the main estimate in column 1.

Table A6: Results when adding firm and HPG controls.

Main Adding Adding Adding Adding ind X
estimate ind X HPG controls firm controls & HPG controls
& firm controls

WP Turnout 0.152*** (.149*** 0.148*** 0.169%*** 0.164%**
(0.025) (0.024) (0.025) (0.027) (0.027)
Main controls Yes Yes Yes Yes Yes
Ind X No Yes No No No
Firm controls No No No Yes Yes
HPG controls No No Yes No Yes
HPG FE Yes Yes Yes Yes Yes
District FE Yes Yes Yes Yes Yes
Kleibergen-Paap F 1487 1487 1478 1252 1241
N 390970 390970 390970 305296 305296
Mean of Y 0.90 0.90 0.90 0.90 0.90

Note: Standard errors adjusted for clustering on HPGs in parentheses.
K p<.01; ** p<.05.



H Marginal Treatment Effects

To estimate MTE:s, we follow Bhuller et al. (2020) and Andresen (2018). We use the
same discrete version of the treatment as in the complier analysis, but here we need the
continuous instrument. The MTE is defined at the index worker level as the difference in
potential outcomes as treated and non-treated, conditional on an unobserved continuous
random variable (e.g., interest in politics) and the observed fixed factors (e.g., education).
The MTE is estimated by first obtaining the propensity score for being treated, which
serves as an estimate of the unobserved gain of treatment, and then exploring how the

estimated treatment effect varies along the estimated propensity score.’

Figure A1l: Common support and marginal treatment effects.

(a) Common support (b) Marginal treatment effects
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Note: Figure A shows the distributions of the propensity score for treated and untreated
workers. The red dotted lines in this figure indicates the cut-offs for trimming the tales
of the distributions. We see that while the distributions do not perfectly overlap, we
have common support across this range. Figure B shows the estimates MTE:s across the
inverse of the propensity score, denoted “unobserved resistance to treatment”. The black
line estimates the slope of the MTE:s, while the shaded area is the 95 percent confidence
interval around the point estimates. The dotted red line is the estimated ATE.

Figure A1 A graphs the propensity score distributions for the treated and untreated
index workers. The vertical dashed lines show the upper and the lower points of the

propensity score with common support.!! Figure A1 B plots MTE:s estimates by the

10Tn addition to exogeneity of the instrument and monotonicity, the assumption needed to allow
identification of MTE:s is separability (Andresen 2018). We estimate the MTE:s based on quadratic
specification but the estimates are very similar if we instead use a linear or cubic specification.
H¥ollowing Bhuller et al. (2020) we trim 1 percent of the sample with overlap.



unobserved variable (e.g., interest in politics). The label on the horizontal axis, ”unob-
served resistance to treatment”, is the terminology used in the literature on MTE:s. There
it refers to a situation where participants are randomized into a treatment (e.g., a new
medicine) but some participants do not take it because they do not think they benefit
from it. In our application, it is natural to think about unobserved resistance to treatment
as an unobserved trait such as interest in politics that is correlated with both the mag-
nitude of the treatment effect and turnout among the family members of the coworkers.
The dotted red line is the estimated ATE when using the binary treatment variable. We
find MTE estimates which are positive over the whole range of the propensity score and
the slope of the MTE curve is not significantly different from zero, i.e. we keep the null
hypothesis of equal LATE across the unobserved gains.!? Thus, we find no evidence of
differences in the MTE along the unobserved dimension, which makes this an unlikely

candidate for explaining the larger IV estimate compared to the OLS estimate.

2In our example with interest in politics as the unobserved trait, we expect a positive slope of the
MTE curve: Those with the lowest political interest (highest resistance to treatment in the figure) should
have larger treatment effects. We see, however, a negative slope, but the slope is not significant.

10



I Attenuation bias

As noted in the paper, there might be measurement error in the mapping between the
turnout among colleagues and the degree of political conversations at the workplace. For
instance, while both the extent of political conversations at the workplace and coworker
turnout are naturally conceptualized along continuous dimensions that vary in intensity
across individuals and HPG:s, the average turnout among coworkers can only be concep-
tualized as continuous as long as the HPG is large in size. This is evident if we consider
the extreme case with a HPG with only two workers. Here the average turnout among
coworkers will be a dichotomous variable taking the value zero or one, depending on
whether the colleague voted. Thus, for smaller HPG:s the coworker turnout will show a
weaker correlation with the latent variables measuring the mechanisms that drive the peer
effect. Thus, the average turnout among coworkers is a noisier measure of peer influence
in smaller HPG:s.

To investigate to what extent the treatment variable is noisier than the instrument, we
plot their distributions in Figure A2. The vertical axis shows the number of observations,
while the horizontal axis shows voter turnout in percent. In both graphs, there is a spike
at 1 (where everyone in the HPG voted) which is omitted for visual clarity.!® Clearly, the
distribution of the instrument (Figure 2B) is smoother than the distribution of the treat-
ment variable (Figure 2A). This is because the treatment is on average calculated based
on 5 coworkers while the instrument is on average calculated using 22 family members of
coworkers (because many coworkers have more than one sibling and cousin). Therefore,
since coworkers who are more likely to have political conversations at the workplace also
will have such conversations with their family members, the instrument, which is based
on more individuals, will have a stronger correlation with this mechanism. This implies
that the OLS estimate of the peer effect will have an attenuation bias that is reduced in

the IV regression.

13This spike contains 74 percent and 34 percent of the observations in the left and right graph.
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Figure A2: Distribution of the treatment variable and the IV
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Note: Figure A shows the distribution of co-worker turnout (the treatment), while
Figure B shows the distribution of turnout among coworkers family members (the
instrument). Both variables spike at the value 1, which is removed for visual clarity.

The next question is to what extent noise in the treatment variable matters empirically
for explaining the difference between the OLS and IV estimate. One way of examining
this is to compare the OLS and IV estimates for smaller and larger HPG:s. If attenuation
bias is important, we expect that the difference between the OLS and IV estimates are
larger for smaller HPG:s, since smaller HPG:s have a more noisy estimate of the peer
effect. To examine this we create two dummy indicators for small and large HPG:s.!4
We interact these dummies with turnout among coworkers and run a regression similar
to those in Table 3. The results in Table A7 show that the IV estimates for small and
large HPG:s are virtually the same, while it is especially for small HPG:s that the IV
estimate is larger than the OLS estimate. This pattern is consistent with the treatment
variable containing more noise for smaller HPG:s, and that the difference in the OLS and

IV estimates are partly due to attenuation bias in the OLS estimate.

14YWe split the sample depending on whether the HPG has less or more than 10 workers. Other cutoffs
yield similar results.

12



Table A7: Small and large HPG:s.

OLS v

WP Turnout

x Small HPG  0.045%**%  (.151%**
(0.003)  (0.024)
x Large HPG  0.121%%%  (.161%**
(0.020)  (0.044)

Note: Standard errors adjusted for clustering on HPGs in parentheses. *** p<.01; **
p<.05.

13
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