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Abstract

What is the causal effect of group membership on voter turnout? Extensive research on
voting has documented a positive association between membership in groups like unions
and participation in elections. But it is widely recognized that existing studies provide
limited evidence on whether this reflects a causal relationship or is due to self-selection
into union membership. We address this question using panel data from the US, the
National Longitudinal Survey of Youth, which allows us to exploit credible strategies to
deal with unobserved confounders. Building on recent advances in econometrics, we use a
potential outcomes model with matching on both observable and unobservable individual
characteristics. Unobservable characteristics are captured using a latent factor structure,
which allows for proxies measured with error. We implement the model in a Bayesian
framework. We find a clear average treatment effect of union membership. All else equal,
union member are 10 percentage points more likely to turn-out on election day.



1. Introduction

Does group membership have a causal effect on voting or does it merely reflect citizens’
prior predispositions to join groups or be active in politics? Recent theoretical research in
the rational choice framework has converged on group models to explain why citizens
often vote in large election despite a minuscule chance of influencing the result (e.g.,
Aldrich 1993; Coate and Conlin 2004; Cox 1999; Cox et al. 1998; Feddersen and Sandroni
2006; Morton 1991; Shachar and Nalebuff 1999; Uhlaner 1989). As groups with a
large membership have a considerably larger chance of being pivotal in an election than
individuals, group leaders often have strategic incentives to mobilize their (non-strategic)
members in order to influence election outcomes. Assuming that members base their
turnout decision on the cost of voting and considerations of civic duty, leaders can affect
those parameters through mobilization efforts. Group altruism may also lead to group-
based turnout (Coate and Conlin 2004; Feddersen and Sandroni 2006). Group models
can explain apparently strategic behavior at the macro level, such as the the positive
correlation between turnout and the marginality of elections. One fundamental challenge
of this theoretical perspective, as the review of Feddersen (2004: p. 448) points out, is
to account for why individuals join certain groups to begin with. Existing models take
group membership as given. The obvious problem for researchers interested in estimating
the impact of group membership on turnout is that membership may be endogenous to
underlying values that also shape voting behavior, such as civic duty or policy preferences,
and are difficult to measure. This endogeneity problem has long been recognized in the
empirical literature on groups and political participation. For example, Leighley (1996:
p. 448) writes that “mobilization effects identified in previous studies may simply reflect
the fact that individuals who belong to and are active in groups also generally participate
more in politics, regardless of group dynamics.” This problem cannot be fully solved using
control variables. One reason is that possible selection variables, like ability or preferences,
are typically not measured in surveys on the issue. And more easily measured factors,
such as political interest, may be a consequence rather than a cause of membership or
reflect a complex dynamic relationship.

In this paper, we address the endogeneity issue by examining membership in a par-
ticular group. Labor unions provide the opportunity to exploit individuals’ non-political
incentives to join a group and thereby address the endogeneity problem that has hampered
empirical (and theoretical) research on groups and turnout. More specifically, we combine
the National Longitudinal Study of Youth (NLSY), which contains a unique battery of



cognitive variables that help model individual heterogeneity, with industry data capturing
economic incentives of joining a union and analyze them with the appropriate statistical
model that has been ignored by the literature on turnout (and perhaps political science
more general). The statistical approach simultaneously models the decisions to join (or
remain member of) a union and whether to vote or abstain in the 2006 congressional
election and implements a potential outcomes model with matching on observable and
unobservable individual characteristics. To capture non-political incentives to become a
union member, we rely on the wage differential between members and non-members in a
particular industry as well as industrial concentration.! Building on recent advances in
econometrics and statistics, the model also specifies a latent factor structure that allows
the unobserved (by the researchers) errors concerning the decision to join a union and
the decision to vote to be correlated (Aakvik et al. 2005; Abbring and Heckman 2007).
This approach is significantly strengthened by drawing on the rich data of the NLSY. In
particular, we rely on a battery of cognitive ability tests to measure the underlying latent
variable, cognitive ability, that explains part of the (otherwise) unobserved heterogeneity.
Conceptually, cognitive ability is closely linked to the motivations and resources that have
been shown to shape political participation by a large body of research in political science
(e.g., Verba et al. 1995). Altogether, the statistical approach exploits three distinct sources
of causal identification (economic incentives, factor structure, cognitive tests). To the best
of our knowledge, this type of model has not yet been applied in this context.?

To preview, we find robust evidence that unions increase the propensity of their mem-
bers to participate in elections. On average, union membership increases the probability
of an individual to vote by about 9-10 percentage points. Thus in the population we have
studied, an important part of the well-documented union gap in turnout is not driven by
self-selection. This magnitude is politically significant even in times of declining union
membership. It is consistent with group based models of mobilization. The analysis also
reveals, however, that there is selection into unions by individuals with higher abilities
that are also more likely to vote otherwise. Our results suggests that selection accounts for
about one third and perhaps as much as one half of the observed descriptive difference in

turnout between members and non-members. Thus, failing to account for this selection

!Some scholars argue that union membership is plausibly exogenous to political participation as the
decision to join is mainly economic (e.g., Kerrissey and Schofer 2013: p. 918). We completely agree that
exploiting non-political incentives to join groups is a good idea, but we think one has to explicitly model
them rather than assume that they trump selection effects.

2For applications in economics, see, e.g., Aakvik et al. 2005, Carneiro et al. 2003, and Cunha et al. 2005.
See Abbring and Heckman 2007 for an extensive overview.



effect would generate upward biased estimates of the impact of unions on turnout.

The plan of the paper is as follows. Section 2 briefly discusses the related empirical
literature on turnout and why it matters for political representation. Section 3 concep-
tualizes the two decision problems we study, whether to become a union member and
whether to vote, to motivate the statistical specification. Before we go into the details of
the model in Section in Section 5, Section 4 describes the data. The results are presented

in Sections 6 and 7. The concluding remarks sum up the results and their relevance.

2. Empirical studies of unions, turnout, and

representation

While landmark studies of turnout have not paid much attention to unions (Rosenstone and
Hansen 1993; Powell 1986), by now multiple studies in the US have found that individual
union membership is positively associated with a higher propensity to vote (Freeman 2003;
Kerrissey and Schofer 2013; Leighley and Nagler 2007; Radcliff 2001; Rosenfeld 2010).
Studies examining aggregate data at the the state or county level also find a positive
relationship between unionization and turnout (Radcliff and Davis 2000; Zullo 2008). It is
well documented that unions try to get out the vote and there is some direct evidence based
on contact data that they do so successfully (Lamare 2010; Zullo 2004).% There also is
growing evidence for a union-turnout link in other advanced industrial democracies (D’Art
and Turner 2007; Flavin and Radcliff 2011; Gray and Caul 2000; Radcliff and Davis 2000).
Thus, the growing body of empirical studies has significantly enhanced our knowledge
of unions and turnout. Yet it has not fully addressed the endogeneity problem. Existing-
individual level studies do not account for unobserved individual characteristics that may
drive both union membership and turnout. Controlling for observables already indicates
that part of the raw differences in turnout between union members and non-members is
driven by selection. Using Current Population Survey data covering the 1990-2000 period,
Freeman (2003) finds that descriptive turnout differences are large, with members being
about 10 percent more likely to vote than non-members. Adding demographic variables,

family income and job characteristics reduces the turnout gap to about 4 percent, which

3For example, Freeman (2003: p. 1) reports that in the 2000 presidential election “AFL-CIO unions made
8 million phone calls to members, sent out 12 million pieces of mail, distributed 14 million leaflets at
union workplaces once a week from September to Election day and spent more than $43 million to help
win a popular vote victory for the Democratic presidential candidate.”



may nonetheless still be politically significant. Freeman (2003: p. 22) concludes that
“Much of the union/ nonunion voting gap is due to the differential characteristics of union
and nonunion workers.” This underlines the question we examine in this paper: To what
degree does the observed relationship between union membership and turnout reflect a
causal effect of unions rather than self-selection?

Answering this question does not only further clarify the empirical micro-foundations
for group based theories of turnout. It also sheds light on important debates about the state
of American democracy. First, the decline in union membership may account for a part of
the decline in turnout in the US, which is one of the enduring puzzles in American politics
(Aldrich 1993). If union membership has a causal effect on turnout, then the decline in
union membership contributes rather than merely correlates to low turnout. Second, lower
union mobilization may lead to more unequal turnout and more unequal responsiveness
by politicians. The resulting policies increase economic inequality and perhaps reduce
social mobility. Admittedly, this is a longer causal change whose empirical examination
is far beyond the scope of this paper. But recent research that it cannot be rejected out
of hand. There is scholarly debate about whether unequal turnout actually matters for
representation as some studies find that the preferences of voters and non-voters are quite
similar (but see the comprehensive study of Leighley and Nagler 2013, which finds that
voters are economically more conservative than non-voters). As Schlozman et al. (2012:
p. 567) point out, unions are one of the few groups that has consistently mobilized those
less likely to turn out. Hence even if mobilization by parties or ordinary citizens in general
does not reduce inequality in participation (or may actually increase it) due to rational
prospecting (Schlozman et al. 2012: ch. 15; Enos et al. 2014), mobilization by unions
is distinct in that it has naturally focused on a segment of the population that a priori is
less likely to participate. Moreover, recent studies find evidence that higher country-level
turnout in American elections tends to benefit presidential candidates of the Democratic
Party (Hansford and Gomez 2010), though some studies find no similar effect at the state
level (Erikson 1995), and that it is associated with more egalitarian economic policies
(Hill et al. 1995).* Marginal voters, who are most likely to be swayed by mobilization
efforts, tend to be more likely to be supporters of the Democratic Party compared to regular
voters (Fowler 2012). It is well established that Democratic legislators are more likely

than Republican legislators to support egalitarian policies (McCarty et al. 2006; Lee et al.

*For a review, see Martinez (2010). There are some related findings in the comparative politics literature
(Fowler 2013; Mahler 2008).



2004) and that the partisan control of the presidency is linked to economic police and
outcomes (Bartels 2008). In the last decades, economic inequality has increases while
union membership has declined (e.g., see Schlozman et al. 2012: ch. 3). This may not be
coincidental. Economists, sociologists and political scientists debate the causes of rising
income inequality. While the literature has not identified a single smoking gun (we think
there is unlikely to be one), unions may be an important factor. The study of Western
and Rosenfeld (2011) suggests that declining unionization has led to weaker norms of
wage inequality. Declining mobilization of lower income citizen and subsequent biases in

representation may be another channel.

3. Union membership and turnout

To understand the effect of union membership on turnout, we need to model two choices
simultaneously. The decision to join, or remain member of, a union, and the decision to
turn out on election day.

Union membership We model union membership as a choice that is mainly influenced
by economic factors. Let D; be the latent utility of union membership for an individual,
which is determined by a vector of observed individual characteristics, Z;, and by an

unobserved random variable, U;,
Di* = up(Z;) — Up;. (1)

The vector of individual characteristics, Z;, is composed of two parts. First, it includes
basic individual background characteristics (or pre-treatment covariates), such as age and
gender (collected in X;). Second, Z; contains one or more variables, which make union
membership an economically attractive option, but are unrelated to election turnout. We
discuss two such variables below. The term u,(Z;) — Up; can be interpreted as the net
utility of union membership for an individual with characteristics (Z;, Up,;). Only if net

utility is positive will he or she join a union. Thus, the decision rule becomes

D; =1if D! > 0, D; = 0 otherwise. (2)



The assumptions we employ when using this latent index structure are the same as those
imposed in the LATE framework of Imbens and Angrist (1994).°

Which systematic factors induce individuals to join unions? To put it differently,
think of two individuals with identical sets of X; characteristics and whose values of U,
make them just indifferent between joining a union or not. An increase in Z; for the first
individual means that he becomes a union member, all else equal. Research in economics
and political science has produced a number of factors; among the most relevant are
firm and industry characteristics (Hirsch and Berger 1984). We focus on industry union—
non-union wage differentials (e.g., Budd and Na 2000) and on concentration levels in a
worker’s industry (e.g., Belman 1988).

In a basic model of an optimizing worker, union membership is treated as simply as an
“asset in the portfolio of the worker” (Pencavel 1971: 180) with associated (private and/or
collective) benefits, such as higher wages, better grievance procedures etc., as well as costs
(in the form of membership dues). In this framework, the higher the union—-non-union
wage differential, the higher the benefits of union membership (all else equal), and the
more likely it is that we find a worker being a union member (Schnabel 2003: 14).°
However, wage differentials are not easy to measure and do not represent the full picture
of union benefits.” Therefore, we also include industry concentration, which is a central
determinant of unionization levels (union organization is easier in sectors with four firms
than with 50; Stephens and Wallerstein 1991: 943) and its resulting benefits for workers
(Hirsch and Berger 1984). Higher levels of industrial concentration are thus connected
with higher wages for union members (Kwoka 1983) as well as higher provision of fringe
benefits (Freeman 1980). Thus, we argue that net of observed and unobserved worker

characteristics, employment in higher concentrated industries induces union membership.

Turnout We model the effect of union membership on turnout in an explicit potential
outcomes framework (Rubin 1978; see Morgan and Winship 2007 for an introduction).®
We can only ever observe an individual in one of two possible states: being a member or
not being a member of a trade union in a given election. Thus, the propensity to turn out

on election day for each individual is potential rather than a realized outcome.

>Vytlacil (2002) provides an equivalence proof between such a latent index structure with U, L Z and the
assumptions imposed in the LATE framework.

®For our argument we remain agnostic about why wage differentials exist. They might be due to straight-
forward union rent extraction (Johnson 1975), firm-worker matching on productivity (Lee 1978), or
might represent compensatory payments for work conditions (Duncan and Stafford 1980).

’We describe our measurements in more detail in the following section.

8This setup is also related to the switching regression framework of Quandt (1972).



Denote the two potential outcomes — turnout propensity — in our two counterfactual
states — union member, non-member — by Y;; and Y,;. In other words, if an individual
were a union member (D; = 1), we would observe Y;;; if he were not a member (D; = 0),
we would observe Y,;. The core quantity of interest of this paper, the effect of union
membership on turnout, is the average treatment effect A = E(Y;; — Y,).

Both potential outcomes can be written as a mean given a vector of observed individual
characteristics or controls, u(X;), such as age or education. Furthermore, we need to
control for unobserved effects. Even with a fully specified matrix of covariates, X;, the
majority of the variance of an individual’s turnout decision is due to unobservables. For
example, one factor mentioned prominently in the literature on turnout is cognitive ability
(Luskin 1990; Verba et al. 1995; Nie et al. 1996; Hauser 2000). It systematically influences
turnout by shaping education, civic skills, and political interest and sophistication (Denny
and Doyle 2008: 294). The influence of such unobservables is captured by including
individual random variables U;. Then, the two equations for potential turnout outcomes
are:

Yoi = o(X;) + Uy if D; =0
Yy = (X)) + Uy if D; = 1.

()

Note that unobservables U,; and U;; are allowed to be correlated with unobservables
in the union choice equation, Uj;. This captures the fact that unobserved individual
characteristics, say cognitive ability, might push individuals to join unions and participate
in elections. We discuss how we transform this conceptual model into an empirically

estimable setup below, after we describe the unique data set that enables our analysis.

4. Data

We use the National Longitudinal Study of Youth (NLSY) - a longitudinal panel study
directed by the U.S. Department of Labor’s Bureau of Labor Statistics.” It is widely used in
economics due to the high quality of its sample design, data collection, and the availability
of cognitive measurements (e.g., Lochner and Monge-Naranjo 2011; Lang and Manove
2011). Due to its mission the NLSY does not include political questions. However, in
a unique collaboration the American National Election Study was able to place a short
set of political items in the NLSY 2008 wave, including the election turnout item asked
in each ANES survey (Krosnick and Lupia 2006). We make use of this unique data-set

9See www.bls.gov/nls.



(which includes rich information on individuals) to study the effect of union membership
on turnout.

The key design characteristic of the NLSY is that it is a nationally representative sample
of certain birth cohorts. Currently there are two NLSY panels: one recent panel started in
1997, comprised of cohorts born between 1980 and 1984, and a long-run panel started in
1979, which is made up of cohorts born between January 1, 1957, and December 31, 1964
(and who resided in the US in 1979). We use the latter for our analysis, since it focuses on
individuals who participated in the labor market for a substantial number of years (we
discard the military subsample). To work with a homogeneous sample we focus on male
respondents. Due due to cohort design of the NLSY, they are aged between 41 and 50
in 2006. We matched each individual in this micro-data set with industry characteristics
(industry concentration and industry union-nonunion wage differentials) calculated from
administrative data sources.

Industry characteristics Industry concentration has a long history in economics and
comparative politics. It is usually measured by how much of a sectors revenue is generated
by the four largest firms (Pryor 1972; Stephens and Wallerstein 1991), the so called
CR, concentration ratio. Concentration ratios are coded from the US Bureau of Labor’s
Economic census of 2007, which provides a large random sample of US firms. The high
quality of the data allows us to use disaggregated concentration ratios for 243 industries.
Figure 1 plots histograms of concentration ratios within major industrial sectors.

We calculate union-nonunion wage differences from the US Bureau of Labor’s CPS-LU
series, which based on Current Population Survey data, provides wages for workers (not)
covered by union wage contracts. To avoid small sample bias, we used a lower resolution
than for our concentration measure and calculated wage differentials for 19 major sectors.
See appendix Table A.1 for wage differences by industry.

Cognitive ability tests In 1980, the Departments of Defense and Labor jointly sponsored
the administration of the Armed Services Vocational Aptitude Battery (ASVAB, cf. Jensen
1985) to the civilian and military NLSY79 samples.'® The ASVAB consists of several subtests
that measure vocational aptitude in areas such as arithmetic reasoning, coding speed,
and mathematics and word knowledge. We follow recent innovations in the economics
literature and construct a measurement model, which posits an underlying latent variable —

cognitive ability — that produces observed test scores. In other words, we properly account

10The DoD uses a subset of the ASVAB to create an Armed Forces Qualifications Test score (AFQT) as a
general measure of trainability used in Armed Forces enlistment.

10
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for the fact that realized test scores and general cognitive capability are not the same

thing.

Turnout After the November election in 2006 respondents were asked if they voted in
that election. To reduce over-reporting respondents had more than one option to indicate
non-turnout: “I did not vote in the November 2006 election”, “I thought about voting in
2006, but didn’t”, “I usually vote, but didn’t in 2006”.}! Turnout was indicated by the
response “I am sure I voted”. We create an indicator variable equal to one if a respondent

chose the last option and zero otherwise.!?

Controls We include a number of additional variables to capture heterogeneity between
individuals. A respondent’s education is measured by years of schooling. We include
a measure of family size, as well as an indicator variable equal to one if a respondent
is married. Two further indicator variables capture if a respondent lives in the South
and/or a rural area. We also include indicator variables for Black and Hispanic, in order to
capture well known turnout differences for minority groups. Finally, we create a measure
of previous unemployment experience equal to one if a respondent experienced a spell of
unemployment in the previous calendar year. To account for the cohort design of the NLSY,
we also create a set of cohort dummies to capture systematic cohort differences between
individuals in our sample. Table 1 provides descriptive means of our central variables for

union members and non-members.

5. Model

5.1. The identification problem

As discussed above, we have two potential outcomes: turnout for union members, Y;,

and turnout for non-members, Y,. For each individual, we assume that the pair (Y, Y;)

" Qver-reporting of turnout is a well-known problem. While we argue that over-reporting per se is not
necessarily a problem for our inferences (because the model works with differences in turnout outcomes),
we compared our data to the American National Election Study. Mean turnout in our data set (for
union-members and non-members combined) is 62.8%. This is at the lower end of the 95% confidence
bound of turnout among the same age group obtained from the “gold standard” ANES (Aldrich and
McGraw 2011), which ranges from 61 to 81%.

12The text of this questions reads: “In talking to people about elections, we often find that a lot of people
were not able to vote because they were sick or they just didn’t have time or for some other reason.
Which of the following statements best describes you”.

12



Table 1: Sample characteristics. Means and standard errors.

Union members Non-members

[N=456] [N=2004]
Turnout...................... 0.73 (0.02) 0.59 (0.01)
Income [1000$].............. 52.98 (1.44) 50.69 (1.22)
Education.................... 13.11 (0.10) 13.26 (0.06)
Black..........cooviiiin.. 0.31 (0.02) 0.31 (0.01)
Hispanic...................... 0.21 (0.02) 0.19 (0.01)
Family size ................... 2.96 (0.07) 2.83 (0.03)
Married ..........ccovveee.... 0.65 (0.02) 0.58 (0.01)
Unemployment exp.2......... 0.06 (0.01) 0.12 (0.01)
Ruralarea.................... 0.78 (0.02) 0.73 (0.01)
South........cooiiiiiia... 0.22 (0.02) 0.45 (0.01)
Industry concentration®. ...... 28.58 (1.08) 23.21 (0.47)
Wage differential............. 150.17 (4.14) 128.23 (2.46)

Note Gohort dummies and variables in test equations not shown to save space

2 Weeks unemployed in past calendar year

b 4-firm concentration ratio CRy4

¢ Difference in median weekly earnings (in $) of full-time employed union members and non-
members at 2-digit industry level.

exists, but we can of course only ever observe one possible state per individual.'®> Thus,
our actually observed outcome, Y, is

Y = DY, + (1—D)Y,. @)

The key parameter we are interested in is the turnout enhancing (or depressing) effect
of union membership A =Y; —Y,. In other words we are interested in the ceteris paribus
effect of moving an otherwise identical individual into union membership. Thus for each
individual in state d = (0, 1), i.e, being either union member or non-member, we need to
identify his or her potential outcome in the alternative state. This counterfactual outcome
is unobserved.

A straightforward approach would be to simply compare outcomes between groups
of union members and non-members, be it by using simple group means or regression

models. The problem with this naive strategy is that it ignores the underlying selection

131n the following we assume that we have access to an equiprobability sample of individuals and thus
suppress i subscripts.

13



process. Union members and non-members are not the same. As is well-known to
practitioners, even models containing large numbers of observed individual characteristics
explain only a small fraction of the observed variance in individual behavior. The bulk
of unobserved individual characteristics affecting union membership choice and turnout
are unobserved to the researcher. These unobserved characteristics are captured by the
random vector (Up, U;,U,). If we allow for correlations between unobservables, i.e.,
allowing that unobserved factors that influence an individual’s union memberships also

shape turnout, we obtain a 3 x 3 variance-covariance matrix:

2

Up o; Pp101 Ppo0o
_ 2
Cov (U, | = | pp101 0 P10010 | - (5)
2
Uy Ppo0op P109109 O,

Its diagonal entries represent the variances of unobservables in union and turnout equa-
tions. Off-diagonal entries capture the relationship between unobservables in turnout and
union membership, where p, represents the correlation between Uj, Uy. Since we can
never observe the same individual in two different states at once, the correlation between
both potential outcomes, p, is not identified (Vijverberg 1993). This is the fundamental

problem of causal inference.

5.2. Latent variable potential outcome model

We will now discuss a possible solution to this identification problem, which is based on a
combination of additional statistical structure and available auxiliary information. First,
note that a joint model of potential outcomes and union membership does not contain
any information about the correlation between potential outcomes, (Y, Y;). All that is
needed for identification are the joint distributions (U, U,) and (Up, U;) of unobservables
in treatment and outcome equations (Chib 2007; Heckman 1990). These can be obtained
by parameterizing the structure of Cov(U,, U;, U,) in equation (5) using an underlying

low-dimensional set of random factors (cf. Heckman 1981). Thus, following Aakvik et al.

14



(2005), we decompose unobservables using the following factor structure:!*

Up=ap0 +¢p (6)
Uy =ayb +¢, (7)
Ul :a19+€1 (8)

Here, 0 is a latent factor or random effect, which represents unobserved individual
characteristics, such as ability, which systematically shape both utility of union membership
and the propensity to turn out at election day. Note that 6 affects union choice and
outcomes differently. It influences unobservables in both union membership as well as
(potential) turnout equations via coefficients aj, and a,, a;, respectively (see McFadden
1984; Cameron and Heckman 1998; see Skrondal and Rabe-Hesketh 2004 for a general
introduction to random effect and factor models). We assume that 6 is normalized to
have zero mean with finite variance. In the current application, we specify 6 ~ N(0,1) -
a distributional choice which is convenient and quite robust against misspecification (cf.
Bartholomew 1988; Neuhaus et al. 1992; Wedel and Kamakura 2001).1°

This structure solves the core identification problem by inducing dependency between
potential outcomes and treatment equation (Carneiro et al. 2003; Aakvik et al. 2005).1°
To see this, note that the non-identified parameter, Cov(Yy, Y;) = p,, can be recovered
from the factor loadings as p;, = a,a;. In other words, the latent factor is assumed to
generate the correlation between observed and potential outcomes and treatment choices.
Assuming that the factor structure captures a relevant part of unobserved individual char-
acteristics, such as ability, which is approximately normally distributed in the population,
the fundamental identification problem is removed. However, we prefer a more robust
identification strategy, and therefore describe two other pieces of information, which help

us identify the effect of union membership on turnout. Before doing that, we need to

14See Carneiro et al. (2003: 369) for an application using a multidimensional factor structure.

15We discuss sources of robustness against this distributional assumption on 6 below. Note that assuming
normality is convenient but not necessary for identification. Cunha et al. (2005) discuss nonparametric
identification of 8 and €p, €y, €;.

16 Another way to deal with this fundamental non-identification is to provide bounds instead of a point
estimate, by leveraging the positive definiteness constraint of the variance covariance matrix (Vijverberg
1993; Heckman et al. 1997) or the prior dependence between identified and unidentified parameters
(Koop and Poirier 1997; Poirier 1998). However obtained bounds are often quite wide. Furthermore,
results are highly influenced by specific prior choices (Poirier and Tobias 2003), and formulating informed
a priori values is often unrealistic. Thus, these approaches make inference in an applied setting, such as
ours, problematic.

15



detail our our specifications of turnout and union membership equations.

We write the choice of union membership as latent index model (Heckman and Vytlacil
1999, 2007) with a linear-in-parameters formulation.!” We specify observed individual
characteristics (confounders), X, a set of variables Z capturing the pure benefits of union
membership and excluded from turnout equations (more below), and the latent factor 6

as influencing the continuous latent utility of union membership, D* (Maddala 1986):

D = 1(D* > 0) (10)

Here 3 is a parameter vector associated with covariates and exclusions in Z, while a, is a
latent factor loading in the treatment equation. Errors €, are white noise (normalized to
have variance one) and assumed €, 1 X, Z, 0. Latent utility D* is created via a threshold-
crossing or latent index model (Heckman and Vytlacil 1999), 1(D* > 0), where 1(-) is an
indicator function evaluating to one if its argument is true and zero otherwise.

The fact that we have variables in Z that encourage an individual to become a union
membe (ceteris paribus), but which are unrelated to turnout decisions, provides an
additional source of identification. Of course, good exclusion restrictions are hard to
find, and almost always hotly contested. But notice that the validity of this exclusion (or
instrument) is not strictly necessary to identify the model (this is achieved by the latent
factor structure). However, having a valid instrument means that we are less reliant on
the exact functional form of the latent factor 6. Heckman (1990) and Heckman and
Vytlacil (2007) prove conditions for nonparametric identification of 6 when instruments
are available.

For each potential outcome Y; (d =0, 1) we assume that it is generated by an under-

lying latent outcome Y (say, propensity to turnout) using the following specification:

Yd*:ﬁdX+ad9+ed d:O,].
Y, =1(Y; > 0)

(1D

In this setup, each latent potential outcome is shaped by observed individual characteristics
X and their associated parameter vectors f3; and by the latent factor 0 with associated
coefficients a;. Latent errors €, are assumed to be independent of observed covariates

7In other words, we set u(Z) = Zy. For a discussion of linear-in-parameters specifications in choice models,
see, e.g, Eckstein and Wolpin (1989)
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and unobserved characteristics, i.e., €; L X, 0.18

So far, our latent factor potential outcome model is ‘robustly’ identified by the factor
structure 8 and exclusions Z. Our third source of a more robust model identification is
provided by using auxiliary information (cognitive test scores) from our individuals to
measure 6. More precisely, we have a measurement system M that is independent of an
individual’s treatment status D, and which is adjoined to the latent factor 6 (Carneiro et al.
2003). In other words, although 6 represents latent ability, which is unobserved by us, we
nonetheless expect it to systematically generate observable outcomes such as cognitive test
scores. Our measurement system is made up of P observed variables, which are several
ASVAB measures of cognitive ability. Each measurement p in p =1,..., P is generated by
the latent factor 6, while we control for observed covariates, X »» which might bias test
scores (such as family wealth).!® Random variables €m, denote idiosyncratic variation in

tests scores not explained by covariates or the latent factor.°
Mpzlep+aMp9+eMp p=1,...,P (12)

Attaching this measurement system to 6 achieves three things. First, it provides meaning
to the latent factor, i.e., it yields evidence (via tests on aMp) to what extent it really does
capture unobserved cognitive ability. Second, it anchors 8. Third, it provides more robust
identification. Having measurements on 6 that are independent of D —i.e., individuals
were administered cognitive tests irrespective of future union membership — provides an
additional source of identification in the model (Carneiro et al. 2003).

With this statistical structure in hand we can identify our central quantities: the

treatment effect of union membership.

18To be explicit, we employ the following assumptions (next to the ones listed in the text). (1) u(Z) is
a non-degenerate random variable conditional on X, i.e., we have a valid exclusion restriction, such
that a variable determines union choice but not turnout. (2) The joint distributions of unobservables
(Up,U;) and (Up, U,) are absolutely continuous (w.r.t. Lebesgue measure on %2). (3) Independence of
covariates, (Up,U;) L (X,Z) and (Up, U,) L (X, Z) (a standard instrumental variable assumption, which
could be relaxed by conditioning on X). (4) Finally, the existence of treated and untreated individuals for
each set of confounders X, 1 > Pr(D =1|X) > 0.

19Table A.2 gives an overview of all variables used in choice, turnout, and test equations.

20They are assumed to be distributed mean zero with finite variance, GIZVIP, and independent of all covariates

and the latent factor. More precisely, €), L X,Z,0 and €, L €m,» 1 #j,i,j=1,...,P. This is the typical
conditional independence assumption made in measurement models (see e.g. Jackman 2008) — that
conditional on the latent variable errors are independent.
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5.3. Treatment effects

We focus on the two most common treatment parameters, the average treatment effect and
the effect of the treatment on the treated (Heckman and Robb 1985; Heckman 1997). To
simplify notation, denote by I" the vector of all model parameters. The average treatment
effect, conditional on covariates, represents the effect of union membership for a randomly

chosen individual with characteristics X. It is given by

ATE(X,T)=Pr(Y, =1|X,T)— Pr(Y, = 1|X,T)

o BiX s BoX (13)
V1+aja, W 1+ agay ’
where @ is the CDF of the normal distribution. The treatment effect on the treated

represents the effect of union membership on turnout among union members. It is

obtained by conditioning on D = 1:
TT(X,T,D=1)=Pr(Y,=1X,D=1,T)—Pr(Y,=1X,D=1,T)

_ ( 2(BpZ)
v 1+apa;

x ®(BLZ + ap0)p(6)d6

-1
) J[@(ﬂ;X+a19)—¢(ﬂ5X+a09)] (14)

Here, ¢ denotes the normal distribution PDE Since below we are interested in de-
scribing population average treatment effects of union membership (unconditional of

individual characteristics), we integrate over the (empirical) distribution of X.?!

5.4. Priors and estimation

We follow Heckman et al. (2013) and estimate the model in a Bayesian framework. While
the philosophical advantages of the approach are well documented (e.g., Gill 2008),
Bayesian models for potential outcomes are rarely used.? One of the key advantages of a
Bayesian approach is that we recover the full distribution of all parameters in the model.

We are thus able to generate posterior distributions for all estimated treatment effects and

2In other words, E(ATE) = fATE(x)dFX(x) and mutatis mutandis for E(TT).

22But note that estimating the system of equations using maximum likelihood (using Gauss-Hermite
quadrature to integrate over the latent variable) yields comparable results. In fact, we use ML estimates
as starting values for our Gibbs sampler.
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communicate the full picture of their uncertainty.*?

We estimate the model using Markov Chain Monte Carlo simulation. We use data
augmentation to sample latent index variables D*, Y*, and Yy (Albert and Chib 1993).
Conditional on samples from these, all other parameters can be sampled via Gibbs sampling
steps. One issue that needs resolving is the common identification problem of latent factor
models, which allows elements of a = (ap, @y, @1, Ayq, ..., Ayp) to switch sign. To see
the problem more precisely, let R be a matrix such that R’R = I and note that a® = aR/.
In other words, a is rotation invariant, we obtain the same likelihood when we “flip” it
(Anderson and Rubin 1956). There are several solution strategies, and we choose the
simplest one. We identify the orientation of a by fixing a, = 1. Thus we anchor it to the
union membership equation, such that higher values of 6 induce union membership.

To complete the Bayesian model setup we assign priors to all model parameters (prior
(hyper-)parameters are marked by a tilde). We assume independent priors for factor
coefficients in potential outcome equations a; ~ N (dj,f/»), j = 0,1. We use common
inverse Gamma priors for error variances: 0;2 ~ G(a,, f)p), where a and b are shape
and scale parameters of the Gamma distribution, respectively. For slopes in potential
outcome and choice equations we use regression-type priors 3; ~ N (ﬁj,f%j), j=0,1,D,
with B; = I;b;. Finally, we use normal priors for 6-coefficients in our measurement
equations, A, ~ N (ip, ¥,), and we use normal priors for covariates in these equations as
well: ay, ~N (dMP, T)Mp). The actual numerical values for these priors are chosen such
that they are “uninformative”, i.e., they express a priori ignorance (for example by having
mean zero and large prior variance of, say, 100). Numerical values as well as alternative

values used for our robustness checks are given in appendix Table A.3.%*

6. Results: parameter estimates

In this section we provide a detailed discussion of our estimation results. We discuss the

treatment effect of union membership in Section 7.

23The “price” paid is that we need to specify priors for all parameters in the model. We discuss our
prior choices below and also provide an appendix where we conduct sensitivity analyzes for our prior
parameterizations.

24To summarize our prior robustness tests: An alternative IG prior with shape=1 and scale=0.005 yields
estimates that are numerically close and substantively identical. Normal priors with variances twice as
large also show that our results are not insensitive to this change (see also Table 7.
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Table 2: Choice equation (D = 1)

Mean SD 95% HPD Marg.?
Latent factor............. 1.000° 0.332
Industry concentration. .. 0.133 0.024  0.085 0.177 0.032
Union wage diff.......... 0.195 0.025 0.147 0.243 0.049
Education ............... —0.476 0.027 —0.530 —0.424 —0.082
Black.................... 1.025 0.061 0.903 1.141 0.134
Hispanic................. 0.450 0.068 0.309 0.577 0.044
Ruralarea............... 0.157 0.059 0.040 0.270 0.016
South................... —0.692 0.055 —0.800 —0.584 —0.064

Note Gohort dummies and intercept not shown
@ Marginal effect (on probability scale) of unit change in X,Z
Y Fixed parameter

Union choice Table 2 shows estimates from our equation modeling selection into union
membership. It shows a summary of the posterior distribution for each parameter —
its mean and standard deviation, as well as the 95% highest posterior density (HPD)
region, which can be understood as Bayesian analogue to the frequentist confidence

interval.?

As discussed above our latent factor 6 is normalized to unity in the selection
equation. It affects union membership substantially: a standard deviation change raises
the probability of union membership by 33 percentage points (holding everything else
constant). Conditional on the latent factor (i.e., holding cognitive ability constant), we
find that both of our two central variables induce union membership in the expected way.
The higher the differential between union and non-union wages, the higher the likelihood
of union membership. Similarly, having a job in a more highly concentrated industry

raised the probability of being a union member.

Turnout If there is systematic selection on unobservables (or, in our case, more accu-
rately, hitherto unobservables) into union membership and turnout, we will find that 6
significantly affects our potential outcomes. Table 3 shows the posterior summary from
our two turnout equations. Panel (A) displays estimates for union members, panel (B) for
non-members. We find that 6 does indeed substantially affect turnout in both potential

outcome states. The Bayesian posterior density intervals are far away from zero in both

ZMore precisely a region R is a 100(1 — a) percent HPD region (not necessarily contiguous) for parameter
0 if (1) P(6 €R) =1—a and (2) P(6,) = P(H,) for all 6; € R and 6, ¢ R, i.e., it yields an interval
estimate with the added requirement that each value in the interval is larger than those outside of it.
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Table 3: Turnout equations

Mean SD 95% HPD Marg.?
(A) Union members (Y;)
Latent factor ........... 0.312 0.088 0.146 0.490 0.085
Income ................. 0.232 0.109 0.029 0.456 0.065
Education .............. 0.352 0.081 0.198 0.514 0.094
Black ...........ooooat 0.324 0.144 0.032 0.599 0.044
Hispanic ............... 0.136 0.137 —0.124 0.409 0.016
Family size ............. 0.070 0.067 —0.062 0.201 0.021
Married ................ 0.122 0.133 —0.132 0.390 0.018
Unemployment exp. .... —0.367 0.193 —0.759 —0.002 —0.038
Ruralarea .............. —0.210 0.131 —-0.461 0.053 —0.030
South .................. 0.306 0.131 0.057 0.565 0.043
(B) Non-members (Y;)
Latent factor ........... 0.207 0.039 0.131 0.285 0.075
Income ................. 0.076 0.031 0.018 0.137 0.028
Education .............. 0.355 0.034 0.288 0.421 0.124
Black ...........oooat 0.268 0.066 0.138 0.398 0.046
Hispanic ............... —0.303 0.067 —0.431 —0.170 —0.046
Family size ............. 0.115 0.030 0.056 0.172 0.042
Married ................ 0.323 0.060 0.202 0.439 0.058
Unemployment exp. .... —0.271 0.072 —0.413 —0.134 —0.033
Ruralarea .............. 0.015 0.054 —-0.094 0.120 0.003
South .................. —0.075 0.049 -—-0.171 0.017 -—-0.014

Note Cohort dummies and intercept not shown
@ Marginal effect of unit change in X

cases, indicating the statistical “significance” of our result. The latent factor has a stronger
influence on turnout choice of union members. A standard deviation change raises the
probability of turnout by 8.5 percentage points, while the corresponding figure among
non-members is 7.5 percentage points.

The role of confounders in Table 3 is as expected from previous research. In particular,
higher socio-economic status (income, education) is associated with a higher propensity
to vote. Individuals who previously experienced spells of unemployment are less likely to

turn out.

Test scores Given the clear importance of 6 in our model and in the results discussed

above, we should investigate if it captures meaningful differences between individuals. If
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Table 4: ASVAB test equations

Mean SD 95% HPD

Factor effects

Arithmetic reasoning ........ 6.735 0.097 6.547 6.929
Word knowledge ............ 7.195 0.116 6.956 7.409
Paragraph comprehension ... 2.892 0.053 2.787 2991
Coding speed ............... 10.784 0.234 10.304 11.219
Math knowledge ............ 5.406 0.083 5.251 5.575
Test covariates®

Ageattest .................. 0.156 0.050 0.061 0.256
Broken family ............... —0.364 0.103 —0.561 —0.163
Education mother ........... 0.532 0.062 0.418 0.657
Education father ............ 0.314 0.066 0.183 0.441
Number siblings ............ —0.336 0.052 —0.435 —0.233
Family income .............. 0.232 0.057 0.125 0.350

Note Intercepts and variances not shown
& Covariate effects A, are held equal across test items

0 does represent (to some extent) cognitive abilities, we expect to find that it significantly
shapes observed test scores of an individual. Table 4 shows estimate from our system of
equations (12).

We clearly see that 6 substantially influences achieved ability test scores. Higher values
of 0 are associated with higher coding speed, more correct arithmetic reasoning, and more
knowledge of language and mathematics. To a lesser extent it also influences basic reading
comprehension. Inspecting 95% HPD intervals shows that the all these relationship are
highly statistically reliable. In other words, the availability of D-independent measurements
allows us to give meaning to the (hitherto unobserved) latent factor in our model. This
relationship holds while controlling for individual background variables, which might bias
test results. For example, one would expect that an individual which came from a broken
home (defined as living with a single parent), or from a low resource familial background
(as indicated by many siblings or low family income), would do worse on test (holding all
else, including 6, equal). These distorting influences do exist and are controlled for in our
measurement model.

Figure 2 plots the distribution of our latent factor for union members and non-members.

We constructed the plot by drawing 500 samples from the posterior distribution of 6;,
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Figure 2: Distribution of latent factor values

calculate the posterior expectation, E(6;) for each individual, and then calculating a kernel
density estimate. Figure 2 indicates that union members differ from non-members in that
they have somewhat higher levels of (latent) ability. There is a larger portion of union
members with ability above the mean (remember that 6 is normalized to zero in the
population) than non-members.

This point is made more formally in Table 5, which shows estimates of the mean of the
latent factor for union members and non-members, as well as the 20th and 80th quantile.
It shows that union members do indeed, on average, have higher ability than non-members.
It also shows that the distribution is more compressed among union members, i.e. at the
20th percentile of the distribution, union members have substantially less low 6 values
than non-members. The same finding obtains (somewhat less pronounced) at the top of

the distribution.

7. Results: treatment effects

In contrast to the wealth of tables produces in the previous section, the summary of our
treatment effects is straightforward. Following equations (13) and (14), we calculate
the (population) average treatment effect of union membership on turnout, as well as

the treatment effect among union members. Table 6 shows a summary of the posterior

23



Table 5: Summary statistics for distribution of @ for union members and
non-members

Union members Non-members Difference
Mean .............. 0.079 (0.025) —0.014 (0.021) 0.093 (0.017)
20th percentile .... —0.702 (0.039) —0.924 (0.029) 0.221 (0.038)
80th percentile .... 0.842 (0.042) 0.915 (0.029) —0.073 (0.038)

Note: {Jncertainty of estimates in parentheses. Calculated using Monte Carlo integration (2,000 draws from
posterior distribution of 6;).

Table 6: Treatment effects

Mean SD 95% HPD

Average treatment effect (ATE) 0.104 0.018 0.069 0.139
Treatment effect on treated (TT) 0.093 0.021 0.050 0.134

Note: Based on 10,000 MCMC samples. Values are probability differences.

distribution of both quantities. The average treatment effect of union membership on
turnout is estimated as 0.104 & 0.018. In other words, union membership increases the
likelihood of turnout by 10.4 percentage points. Because the Bayesian approach employed
here yields the full distribution of uncertainty of this estimate, we know that 95% of the
posterior “mass” of the average treatment effect lies between roughly 7 and 14% - clearly
quite a way from being zero. Since the difference between members and non-members in
the raw data (recall Table 1) is fourteen points, our results suggest that selection accounts
for about one third and perhaps as much as one half of the observed difference. In other
words, unions do increase voter participation, though the type of person who joins a union
is quite different, on average, from one who does not. The treatment effect among the
treated (where D = 1, i.e, union members) is 0.093 £+ 0.021. The likelihood of turnout is
raised by 9.3 percentage points, with model uncertainty ranging from 5 to 13 percentage
points.

We conducted several robustness checks displayed in Table 7. Most noteworthy, we
used a random subsample approach to capture the influence of unobserved confounders.
We re-estimate our models 5 times, while each time randomly deleting one third of obser-
vations and then average our estimates with an added penalty for variability (following
the rules of Little and Rubin 2002). Furthermore, we include regional effects as well as an

indicator variable for public sector employment. We find our central results confirmed (or
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Table 7: Robustness checks of average treatment effect

Specification Mean SD 95% HPD

Random subsamples 0.119 0.023 0.076 0.167
Region fixed effects 0.104 0.019 0.071 0.141
Public sector employment 0.108 0.019 0.071 0.144
Industry fixed effects 0.102 0.018 0.069 0.138
Alternative priors 1 0.105 0.018 0.069 0.140
Alternative priors 2 0.104 0.018 0.069 0.140

even strengthened). Even when including a set of industry fixed effects, so that we only use
within-industry changes in concentration levels, we find our results largely confirmed.2®
Finally, To guard ourselves against unduly influence of prior choices, we re-estimate our
models under different prior specifications (see Table A.3 for details), and find our results

unchanged.

8. Conclusion

Do voters join unions or do unions cause higher turnout among its members? In this paper,
we have used a unique survey data set and applied the appropriate statistical method to
provide credible estimates of the causal effect of union membership on turnout. To deal
with the well-known selection problem, our approach jointly models the decision to join
a union and the choice to vote. In doing so, it exploits three distinct sources of causal
identification in the presence of unobserved confounders. We find that, on average, the
union effect on turnout is robust and substantively large (about 9-10 percentage points).
Methodologically, we have drawn on the growing literature in statistics and econometrics
that extends the potential outcomes framework to non-linear models that can deal with
more complex data structures and allow researcher to exploit additional information, like
cognitive tests, to impose less restrictive identification assumptions. This complements the
more traditional approach (which we also follow) of trying to find plausible instrumental
variables for an endogenous variable like union membership.

One limitation of this study is that it only considers one election (the 2006 mid-term)
for the one cohort that makes up the NLSY. This reflects data constraints. While the panel

26We use the North American Industry classification System (NAICS), 2002 revision, at the 1d level.
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survey we analyze is exceptionally rich in economic and psychological items, it rarely
measures turnout. There is obviously no easy statistical fix for dealing with unobserved
heterogeneity in the study of political participation (or other aspects of politics). One
main advantage of the approach we have taken is that it exploits high quality data on
individual abilities that are not featured in surveys (like the American National Election
Study) frequently used to study voting. But there are similar surveys in other countries.
So the approach can be applied to different data sets to assess the external validity of the
findings.

With this caveat in mind, the results have important implications for group-based
theories of political participation and the larger debate about the questions about the
causes and consequences of declining turnout. The finding is consistent with mobilization
models of turnout, which provide a coherent explanation for how group influence on
individual members can generate apparently strategic behavior at the macro level. It also
provides micro foundations for macro studies that have found a link between aggregate
union strength and turnout. More speculatively, these findings provide further impetus to
carefully study the possibility that union decline has an indirect effect, through electoral

mobilization, on election results and policy outcomes.
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A. Appendices

A.1. Union wage differential

Table A.1: Union-nonunion wage difference

Industry Difference?®
Finance and insurance —97
Agriculture, forestry, fishing, and hunting ob
Mining, quarrying, and oil and gas extraction 21
Wholesale trade 36
Retail trade 37
Nondurable goods manufacturing 54
Professional and technical services 65
Arts, entertainment, and recreation 65
Durable goods manufacturing 66
Real estate and rental and leasing 93
Health care and social assistance 104
Educational services 130
Accommodation and food services 136
Information 140
Management, administrative, and waste services 144
Utilities 151
Transportation and warehousing 187
Other services 271
Construction 346

Note Calculated from US Bureau of Labor Statistics, series LU. Values refer to sole or
principal job of full-time wage and salary workers. Excluded are all self-employed
workers regardless of whether or not their businesses are incorporated.

@ Difference in median weekly earnings [in contemporary $].

b Not calculated since base size less then 50,000
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A.2. Model equations

Table A.2: Variables in membership, turnout, and ability test equations

(Yo, V7)) D M,

Income ..................... X
Education ................... X X
Black ..................olll X X
Hispanic .................... X X
Married ..............c.o..t. X
Family size .................. X
South ....................... X X
Ruralarea .................. X X
Cohort dummies ............ X X
Unemployment experience .. X
Industry concentration ...... X
Union wage differential ..... X

Education father ............
Education mother ...........
Broken family at 14 .........
Number of siblings ..........
Family income 1980 .........
Ageattest ..................

LT T T B B
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A.3. Prior sensitivity analysis

We conduct a range of prior sensitivity analyses (see Gill (2008: 199f.) for an overview).
Table A.3 list hyper-parameter values used in the model (S1) and for two different prior
sensitivity simulations. Specification 2 used alternative parameters for the inverse Gamma
distribution. Specification 3 use prior variances 10 times larger for loadings and all effect
parameters. In all specifications prior mean values were kept at zero to signal our a priori

ignorance about the true effect.

Table A.3: Prior parameters specifications

Values
Prior hyperparameters S1 S2 S3
a; j=0,1 o 0 0
V; j=0,1 10 10 100
Bix j=0,1,D; k=1,...,K 0 0 0
bjk j=0,1,D; k=1,...,K 10 10 100
p p=1,...,P 0 0 0
v p=1,...,P 10 10 100
Ay, p=1,...,P 0 0 0
T)Mp p=1,...,P 10 10 100
a, p=1,..P 11 1
p p=1,...,P 2 0.005 2
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