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Abstract

We extend the regression discontinuity (RD) design to settings where each unit’s treatment status
is an average or aggregate across multiple discontinuity events. Such situations arise in many studies
where the outcome is measured at a higher level of spatial or temporal aggregation (e.g., by state with
district-level discontinuities) or when spillovers from discontinuity events are of interest. We propose two
novel estimation procedures — one at the level at which the outcome is measured and the other in the
sample of discontinuities — and show that both identify a local average causal effect under continuity
assumptions similar to those of standard RD designs. We apply these ideas to study the effect of union-
ization on inequality in the United States. Using credible variation from close unionization elections at
the establishment level, we show that a higher rate of newly unionized workers in a state-by-industry cell

reduces wage inequality within the cell.
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1 Introduction

Regression discontinuity (RD) designs are a popular tool for causal inference. In canonical sharp RD designs,
the treatment is determined by whether a “running variable” exceeds a fixed cutoff. For instance, one
may study whether unionization affects establishment outcomes, leveraging the cutoff of 50% votes in a
union election [DiNardo and Lee, 2004, Frandsen, 2021]. A local causal parameter is typically estimated via
local linear regression under the assumption that potential outcomes are continuous around the cutoff. For
standard RD methods to apply, each unit has to be exposed to only one discontinuity.

In this paper, we extend the RD design to settings in which a unit is exposed to multiple discontinuity
events because the outcome is defined at a higher level of aggregation (e.g., in space or time) than the

1" The endogenous explanatory variable (“treatment”) in such settings is typically a simple or

elections.
weighted average or sum of the RD shocks across multiple elections. We propose two new estimators in
these “RD aggregation” (RDA) settings. The “upper-level” estimator is based on an instrumental variable
(IV) regression at the level at which the outcomes are measured, with a weighted average or sum of the RD
shocks from narrow elections as the instrument, while controlling for similar weighted sums of the controls
used in local linear estimation (e.g., of the running variables). The “lower-level,” or “stacking,” estimator
is a fuzzy RD estimator in the sample of narrow elections, with the unusual feature that the same values
of the outcome and endogenous variable are repeated for the elections affecting the same unit. We show
that, under assumptions similar to those of standard RD, both estimators identify the same local average
treatment effect. Moreover, Monte Carlo simulations confirm that these estimators inherit attractive bias-
reduction properties of conventional RD methods. The setting we consider nests many empirical literatures,
and our ideas yield practical insights for them. We then apply the proposed methods to estimate the effects
of unionization on earnings inequality at the level of state-by-industry cells, with typical cells exposed to
multiple establishment-level unionization events.

The primary use cases for the RDA approach are empirical settings in which RD events are aggregated
across space, time, or in other ways to construct a treatment variable at the level at which the outcome is
measured. Such settings are very common. First, a large group of papers considers legislatures that consist
of politicians elected in single-seat constituencies. The researcher is interested in the impact of the seat
share of politicians who possess a specific characteristic: e.g., gender[Clots-Figueras, 2011, 2012, Bhalotra
and Clots-Figueras, 2014, Ben-Porath and Kolerman-Shemer, 2024], religion [Bhalotra et al., 2014, 2021], or
affiliation with a specific party [Folke, 2014, Nellis et al., 2016, Nellis and Siddiqui, 2018, Ben-Porath and
Kolerman-Shemer, 2024]. For instance, a state-level outcome is regressed on the overall seat share of women;
the seat share of women who won close races is used as an IV. Second, in many cases a unit can be exposed
to multiple RD events over time (Cellini et al. [2010], Dell and Querubin [2018], Biasi et al. [2024]). In the
RDA approach, the researcher can specify the treatment as the total fraction of the period during which the
unit is treated. Other studies aggregate discontinuities across investors in a region, across university courses
taken by a student, across politicians that a firm is linked to, across destinations that a city is connected to

by a direct flight, and across unionization elections to which we return below.?

1We use the term “elections” broadly to refer to events that generate RD variation, as the majority of RD papers we cite are
indeed about elections of some sort.

2Specifically, Ater et al. [2021] construct a regional housing supply shock by aggregating across real estate investors. They
leverage a discontinuity in the capital gains tax law that pushes some investors to sell their property. Tan [2023] considers the
effects of the number of high letter grades of a university student, as aggregating across individual courses. Akey [2015] studies
firms that donate to multiple politicians and measures the effects of a firm’s political connectedness, as aggregating election
outcomes of those politicians. Campante and Yanagizawa-Drott [2018] aggregate discontinuities in flight availability between city
pairs with respect to distance to construct a shock to a city’s overall connectivity. Kolerman-Shemer [2023] and the application



Our results also extend naturally to estimating spillover effects from discontinuity events, such that
each unit is exposed to multiple elections of their neighbors (in a spatial or network sense). Isen [2014],
for instance, leverages close referenda on tax changes in Ohio counties to study the effects on neighboring
counties. Similarly, Dechezleprétre et al. [2023] study the effects of tax breaks, which have discontinuous
eligibility rules, on technologically similar firms.

While the two estimators we propose are natural extensions of conventional RD to RDA settings and
they possess attractive statistical properties, they differ from most ad hoc estimation approaches used in
the existing empirical literature. Specifically, papers estimating upper-level specifications do not include all
local linear controls aggregated in the way suggested by our upper-level solution. As a result, they generally
forfeit the reduced bias advantages of local linear estimation that made it standard in conventional RD
designs. Conversely, studies using lower-level specifications include local linear controls but, in many cases,
use reduced-form estimation which does not define a coherent causal model for the upper-level outcome. Some
of these papers also impose restrictions limiting the sample that is not necessary with the RDA approach.
Finally, some papers resort to difference-in-differences and other non-RD methods in settings where RD
would be a standard tool for credible identification, if not for the aggregated outcomes. The RDA approach
makes RD identification feasible in those settings.

We apply the RDA approach to study the union effects on earnings inequality. This question is one of
the oldest in labor economics, dating back to at least Lewis [1963]. It is also of central policy importance in
modern days: Barack Obama, for instance, noted that “as union membership has fallen, inequality has risen”
[Obama, 2016]— a correlation observed in the data by Card [2001]. Yet, establishing a causal link between
unionization and inequality has proved difficult. Recently, Fortin et al. [2022] point out that “empirical
evidence on the distributional impact of [union] threat effects is limited by the challenge of finding exogenous
sources of variation in the rate of unionization.” Similarly, Farber et al. [2021] for the most part use a
selection-on-observables designs. We make progress by leveraging close union elections in an RDA design.

We find that a higher rate of unionization leads to a decline in various measures of inequality at the level
of state-by-industry cells: the Gini index, the 90/10 ratio, the share of labor income by top 10% earners,
and the variance in log wages. These impacts result primarily from the decline of wages at the top of the
wage distribution rather than an increase at the bottom. While this result calls for further investigation,
we find evidence for one mechanism that can help explain it: pension coverage increases in cells with higher
unionization rates. In a back-of-the-envelope calculation, we find that around 35% of the growth in the key
within-cell inequality measures between 1970 and 2010 can be explained by the declining rates of unionization
relative to the 1960s. Our estimate of the union contribution is moderately larger than the most comparable
estimates from Farber et al. [2021].

We believe our empirical strategy for estimating the impacts of unionization on aggregated outcomes can
be helpful beyond the effects on inequality. Some papers evaluated such effects by comparing neighboring
counties across the border of right-to-work laws, which were mostly passed in the 1940s and 1950s and
weakened unions: Holmes [1998], Feigenbaum et al. [2019], and Makridis [2019] studied the impacts on
productivity, manufacturing activity, and voting, respectively. Other papers leveraged specific case studies
that generate exogenous variation in union strength when looking at outcomes such as wages [Biasi, 2021] and
the gender pay gap [Biasi and Sarsons, 2022]. In contrast, the RDA method allows researchers to leverage
credible RD variation from multiple decades and the whole common, which is standard when studying the

impacts on establishment-level outcomes. Complementary work by Kolerman-Shemer [2023] has used the

in this paper aggregate establishment-level unionization data from close elections to estimate the effects of unionization on
political outcomes and inequality, respectively.



RDA method to show that unionization makes local politics more Democratic in the US.

Methodologically, our paper bridges the literatures on shift-share instruments and RD designs. Our the-
oretical analysis rests on the observation that both the treatment and the instrument in the RDA setting are
shift-share aggregates (i.e., weighted sums) of RD shocks. We then leverage the results from Borusyak et al.
[2022] to show how upper-level IV regressions with the aggregated instrument and controls are numerically
equivalent to particular fuzzy RD regressions at the lower level. This equivalence is useful in two ways: on one
hand, it brings upper-level regressions closer to standard fuzzy RD and motivates our choice of upper-level
controls as aggregations of the standard controls from local linear estimation. On the other hand, it motivates
our lower-level estimator by showing that an appropriate lower-level regression can identify a parameter at
the upper level, at which the causal effect is naturally defined.

The setting we study is distinct from “multi-score” RD settings which also feature multiple running
variables per unit (see Cattaneo and Titiunik [2022] for a review). For instance, in spatial RD designs
[e.g., Black, 1999, Dell, 2010], the latitude and longitude are the two running variables, and a geographic
boundary separates the treated and control areas. Another example is when a student is treated if several
tests scores (e.g., for math and English) simultaneously exceed some cutoffs. Such designs feature a single
binary treatment (or instrument, in the fuzzy case), and a simple transformation of the running variables
reduces the problem to a standard RD, in which the signed distance to the boundary is the scalar running
variable. In contrast, in our setting the instrument aggregates RD shocks. While still a function of the
underlying running variables, it does not feature a single boundary, making existing methods inapplicable.

A recent literature has examined certain RD settings with interference. Torrione et al. [2024] extend the
multi-score approach, based on the minimum Euclidian distance from the set of neighbors’ running variables
to the boundary at which the spillover treatment, e.g. the number or share of treated neighbors, switches
between two prespecified values. This allows them to identify more detailed spillover effects, e.g. of having all
treated neighbors vs. all untreated neighbors conditionally on the unit itself being treated. We propose a very
different estimation approach which identifies a causal spillover parameter in a simpler way, does not depend
on the discreteness of the treatment, and applies to a variety of settings beyond just spillovers. Other papers
have examined the case of interference occurring among units with similar values of the running variable, as
may be natural in spatial RD designs (Keele and Titiunik [2018], Auerbach et al. [2024]). In our setting,
even if the structure of spillovers is based on geography, each unit has its own running variable, leading to
different issues and solutions.

While our RDA design considers treatments and instruments that are shift-share aggregates of RD shocks,
a recent literature has considered more complex instruments constructed from RD variation, via the idea of
recentering. As Borusyak and Hull [2023] pointed out, if within some bandwidth around the cutoff the RD
shocks are viewed as completely random (as in the local randomization approach to RD; see Cattaneo et al.
[2015]), one can compute the expectation of the instrument over the distribution of RD shocks and control
for it to isolate the exogenous variation. Kott [2022] and Narita and Yata [2023] compute the expected
instrument by simulating counterfactual realizations of RD shocks, while Abdulkadiroglu et al. [2022] and
Angrist et al. [2024] compute it analytically. Our paper focuses on the settings where the instrument is linear
in the RD shocks — which still covers a wide variety of empirical applications. Thanks to this focus, we are
able to leverage the local linear estimation approach to RD and develop estimators with better statistical
properties than those based on local randomization.

The rest of this paper is organized as follows: in Section 2 we present our theoretical framework and

results in the context of cross-sectional RD aggregation, as well as Monte Carlo simulations for the proposed



estimators. In Section 3, we discuss how our proposals differ from the current empirical practice. In Section
4, we extend the analysis to settings with spillovers and temporal aggregation. In Section 5, we apply the

RDA approach to estimate the impact of unions on US inequality. Section 6 concludes.

2 Theoretical Framework

In Section 2.1, we introduce the setting and compare it with conventional RD designs. Sections 2.2 and
2.3 propose two estimators that we put forward and provide intuition why they may provide valid causal
estimates. Section 2.4 formally shows how, under conditions similar to those of standard fuzzy RD, these
estimators identify a local average causal effect, and Section 2.5 establishes their attractive bias-reduction

properties in a Monte Carlo simulation.

2.1 Setting

We measure outcome Y; for a set of units ¢ = 1,..., N, which we refer to as the “upper level.” Each unit
consists of a set J; of “lower-level” subunits j (with |7;| = J; > 0). A subunit is characterized by a running
variable r; and treatment z; = 1[r; > 0] that happens whenever the running variable exceeds the cutoff

normalized to zero.?> We are interested in estimating the causal model
)/; = 5Xz + &4, (1)

where ¢; is the untreated potential outcome and J is the causal effect (assumed homogeneous for now) of
some upper-level treatment X;. Our benchmark case is when X; simply aggregates z; across all relevant

subunits,

Xi = Z SjZj, (2)

JETi

but other treatments can be considered, too (see, e.g., Section 4.1 for an example). Here s; > 0 are known
importance weights which may or may not be the same for all j € J; and may or may not add up to one.*
In the election example, X; may be the fraction of seats in the state i legislature represented by candidates
from the focal party. Here z; indicates the focal party’s victory in district j and s; measures the seat share
of the district j in the legislature. In the common case of one seat per district, s; is the inverse of the total
number of seats.

The conventional sharp RD setting corresponds to the case where the outcomes are measured at the same
level as the running variables, i.e. i and j are the same objects: J; = {i}, s; = 1, and X; = z;. In that
scenario, the standard local linear estimation approach restricts the sample to observations near the cutoff

(Irj] < h for bandwidth h) and estimates by ordinary least squares (OLS) the specification

Yi = Bzj + 0 + nrj + yer) + errory, =1, (3)

+
J

on the right of the cutoff (i.e., r;f =17;-1[r; > 0]). Sometimes this regression is weighted by “kernel” weights

where the controls g; = (1, r;,r.) include the intercept, the running variable, and its interaction with being

3We use capital and small letters to denote unit- and subunit-level variables, respectively.
4We assume that the sets are non-overlapping to simplify notation. The setting naturally extends to the case where different
units can be exposed to the same subunits, as when estimating the spillovers of RD events; see Section 4.1.



that are larger when r; is closer to the cutoff; importance weights are also allowed.

But how can local variation in r; be leveraged to obtain a consistent estimate of 5 in (1) when each unit
can be exposed to multiple subunits, potentially with more than one near the cutoff? We next propose two
strategies, one at the upper level and the other at the lower level, focusing on the intuitions before proceeding

to formal and simulation-based analysis of consistency and bias.

2.2 An Upper-Level Solution

Our first proposal, at the level of upper-level of observations 4, involves instrumenting X; with its component

arising from the subunits whose running variables are near the cutoft:

Zi=Y 8%, (4)

jel;

where C; = {j € Ji: 1[|rj| < h]} is the set of 4’s subunits near the cutoff. In the election example, Z; is
the fraction of state legislature’s seats represented by a candidate from the focal party who won in a close
election, out of all seats.

We further propose to aggregate the vector of standard RD controls g; to the ¢ level in the same way as

the instrument is constructed,

Qi = Z 5iq; = (Z S5, Z ST, Z sjr;')/. (5)
J€C;i J€C; j€C; J€C;
We label these three aggregated variables the RDA controls. The first of them is the total weight of subunits
near the cutoff. For instance, in the election example, it is the fraction of legislature seats determined in a
close election. The second is the average running variable in narrow elections, rescaled by their total weight.
And the last one is the average running variable in narrow wins, rescaled by the total weight of those narrow
wins.

As a result, the upper-level RDA estimator corresponds to the instrumental variable (IV) specification

Y, = B8X; +v Z sj+m Z 5575 + 72 Z sjr;-“ + 4'W; + errory, (6)
j€C; J€EC; j€C;

instrumented by Z;, where W; includes the i-level intercept and possibly additional variables that are con-

tinuous around the cutoff. Its reduced-form parallels (3):

Yi=p Z si2; + Yo Z sj+m Z 5515 + 72 Z sjr;f +3'W; + error;. (7)
JeC: Jeti JeC: Jjeti

While aggregating both the instrument z; and the covariates ¢; in the same way is intuitive, why do we
expect RDA to identify a causal parameter? We provide intuition by showing that the IV estimator from (6)
is numerically equivalent to a standard fuzzy RD estimator from a transformed regression, and can therefore
be expected to inherit some its properties.

Indeed, Z; can be viewed as a shift-share instrument constructed from shifts z; and exposure shares s;.”

We can therefore leverage the numerical equivalence result of Borusyak et al. [2022, Prop. 1] to represent B

5More precisely, the shares are s; for j € C; and zero for j € C;. While shift-share instruments usually involves shifts that
are common to all observations, this is not a requirement [Borusyak et al., 2024, Appendix A.6].



as an IV estimator at the subunit level:

Proposition 1. For any unit-level variable V; let V- denote the residual from a projection of V; on W; =

N/ .
(Qi, WZ) . Let i(j) denote the unit to which subunit j belongs. Then [ from (6) equals the IV estimator of

B from a subunit-level specification
Yi(Lj) = ﬂXib) + Ngq; + error;, (8)

on the sample of j € C = U;C;, where Xi%j) is instrumented by z; and the regression is weighted by s;.

Proof. Follows from Proposition 1 in Borusyak et al. [2022] by observing that the shock-level weight de-
fined in that paper, >, Zjec s;1[j € C;], simplifies to s;, and that shock-level averages simplify to V; =
2281 € CilVi/ 3285115 € G| = Vi), -

The specification (8) is artificial but it is useful because it maps directly to the standard fuzzy RD
design: the instrument is the subunit-level RD shock z; and the covariates are gq; = (1,7‘]»,1";').6 One can
use the equivalent j-level representation of the upper-level specification to choose bandwidth and to perform

statistical inference on the estimator, as in Calonico et al. [2014]

2.3 RD Stacking: A Lower-Level Solution

Our second proposal is to estimate a fuzzy RD specification on the sample that stacks all subunits near the
cutoff:
Yig) = BXiy) + ’?/Wi(]‘) + Xg¢; + error;, J € UiC; (9)

with Xj(;) instrumented by the subunit-level treatment z; and using s; as importance weights. Kernel weights
may be additionally used, too.” Since (9) is a conventional fuzzy RD specification, it is clear it uses local
variation around the cutoff.

The specification (9) is peculiar: it provides multiple expressions for Y; of the same unit. One may also
find it odd that the instrument z; varies among multiple observations — subunits of the same unit — that
mechanically have the same value of the treatment Xj;).

Despite this peculiarity, Proposition 1 demonstrates why specification (9) may be helpful. It only differs
from specification (9) by having the outcome and treatment initially residualized on W;. These controls,
including @Q;, are continuous around the cutoff and therefore may be expected not to affect identification.
Moreover, since local linear controls g; enter both specifications, one may hope that both approaches inherit
the bias properties of standard RD. Below we show that such hope is justified.

The stacking approach has an additional advantage over the upper-level solution: since it is just a fuzzy
RD specification with raw outcome and treatment, it naturally lends itself to standard RD plots for the

reduced-form and first-stage of (9).

2.4 Identification of a Local Causal Effect

To describe the local parameter identified by RDA, we introduce the following causal model with heteroge-

neous causal effects. For z; = (z;) let X;(z;) denote the potential treatment of unit ¢ depending on

JET’

SWhile in many fuzzy RD designs the treatment is binary, this is not necessary [e.g., Almond et al., 2010, Section VIII].
"Kernel weights should not be used when constructing Z; for the upper-level specification. Correspondingly, they were not
introduced in Section 2.2.



the treatments of its subunits. When equation (2) holds, it defines X;(z;), but we allow for general X,;. We
further make an exclusion restriction that z; only affects Y; via X;, with Y;(x) denoting potential outcomes.®

We further impose:

Assumption 1 (Sampling of units). The data are a random sample of J;, 74, zs, i, q;, Xi, Xi (1), Wy, Y3, Yi(+)
where bold symbols indicate J;-dimensional vectors containing similarly named subunit-level variables, and
consistency conditions hold: z; = 1[r; > 0], X; = X;(2;), and Y; = Y;(X;).

Assumption 2 (Irrelevance of labels). For any J in the support of J;, the distribution of (m(r;), 7(z;), 7(s:),
7(q,), Xi, X;(w(-)), Wi, Y3, Yi(-)) | J; = J is the same for all permutations w of J elements.

Under these assumptions, the distribution of unit-level data induces a distribution of the relevant variables
over subunits, such as the joint distribution of z; and z;(;)—; where (zj, zi(j)_j) = zj(;)- We then impose a

generalization of the RD continuity assumption:

Assumption 3 (Continuity). (a) Ezpected reweighted potential treatment and outcome, E [s;X;5)(z,2_;) | rj =

and E [s;Y;;y(Xij) (2, zij)—4)) | 1j = 1] are continuous in r at v =0 for 2 =0,1.
(b) Ezpected importance weights E[s; | r; = 7] and the cumulative distribution function of zi;)—; | ;=7

are continuous in r at r = 0.

While this assumption is high-level, it will be satisfied when the distributions of raw potential outcomes
Yi(j) (), potential treatments X;(; (2, zi(j)—;), importance weights, and leave-out treatments z;(;y_; are con-
tinuous around the cutoff for r;. The last assumption is satisfied when the vector of running variables r; has

joint density, in particular ruling out the case where multiple running variables are perfectly correlated.”
Assumption 4 (Density). The density of r; is positive and continuous at 0.

Assumption 5 (Monotonicity and first stage). Xy;)(1, zij),—;) > Xi(5) (07zi(j)7_j) a.s. and
E (55 (Xi (1, 2iG),—5) — X (0, 2i5),—5)) | 5 = 0] > 0.

Assumption 5 is trivially satisfied when the treatment is defined by equation (2). For simplicity, we
abstract away from additional controls, setting W; = 1; Calonico et al. [2019] show that adding predetermined
covariates in a linearly separable way does not affect the RD estimand. The following proposition shows that
under these assumptions both of our proposals identify the same local average treatment effect which puts
more weight on units with more numerous and more important subunits near the cutoff, as well as subunits

with a stronger first-stage impact on the treatment.

Proposition 2. Suppose Assumptions 1-5 hold. Then, as h — 0, the estimand B;' = Cov [Yil, Zi] /Cov [Xf, Zi]

of (6) and the similarly defined estimand B}, of (9) converge to the same convexly-weighted average of potential

outcome slopes:

gy = 2l i) Xy (1 2i69)-5)) = Vi) (Ki) (0 2i9)-5))) |75 = 0] (10)
E [s; - (X (1 zitj)5) = Xicgy (0,2iG5)—5)) [ 75 = 0]

Proof. See Appendix A. O

8Here we assume for clarity that both the first and second stages of (6) are causal. Both assumptions can be relaxed as in
Small et al. [2017] and Appendix A.1 of Borusyak et al. [2022].
9However, when multiple running variables are perfectly correlated, they can be combined into one without loss.



We note that the proof makes it clear that, among the covariates, only > jec; i n the upper-level
specification and the intercept in the lower-level specification are necessary for identification. A parallel to
the local randomization approach to RD designs provides intuition for this conclusion: if the running variables
are viewed as drawn from a uniform distribution, controlling for jec; Sj s equivalent to controlling for the
expected value of Z;, as in the Borusyak and Hull [2023] recentering procedure. This control isolates a
unit’s “luck” in getting a higher-than-expected vs lower-than-expected value of the instrument. While our
identification result (or the local randomization approach) do not provide a justification for including the
aggregated local linear controls, the next subsection shows that they are important for reducing bias, as in
standard RD designs based on the continuity assumption.

We also note that the effective weights on causal effects in (10) diverge from the importance weights
the regressions are estimated with. Consider the case where X; is defined as in equation (2), such that
the first-stage effect of z; equals s;, and the causal effects are heterogeneous across units but linear in z,
Yi(x) = Y;(0) + Biz. Then the total weight placed on 8; in (10) is > . c. 55. When s; = 1/.J;, as when
the treatment is the share of legislature seats won by certain candidates (e.g., female or Democratic), the
effective weight is smaller in larger legislatures, as the law of large numbers eliminates much of the variation
in the instrument. If, however, s; = 1, as when the treatment is the number of such legislature seats, the
effective weight is larger in larger legislatures, as they will tend to have more individual seats with narrow
elections. Importance weights in both upper- and lower-level regressions can be adjusted if other averages of

causal effects are of interest.

2.5 Bias and Efficiency: Monte Carlo Simulations

The key advantage of the two estimators we propose is that they inherit the attractive bias and variance
properties of standard RD estimators. In particular, when the bandwidth shrinks to zero, their bias shrinks
at a quadratic rate or faster. We leave theoretical results establishing this property to future drafts; for now,
we illustrate the performance of alternative estimators via a Monte Carlo simulation.

We report the performance of the upper-level IV estimator with specification (6) and the lower-level
IV estimator with specification (9).1° We contrast them with a benchmark upper-level IV estimator which

includes the control necessary for identification, s;, but not the other controls aimed at reducing

i€C;
bias. Section 3 we show that the latter estimator is ]Commonly used in practice, and it also aligns with the
recentering approach based on the local randomization view of RD.

In each simulation, we draw 1,000 units (cells), each with 5 subunits (elections) with equal importance
weights s; = 1/5. For each subunit, we generate the running variable as r; = p(;(;) + W ;, where (;
and ¢; are i.i.d. standard normal variables and p = 0.5 captures the correlation of running variables among
subunits of the same unit. The treatment variable is defined as the share of treated subunits, X; = > jed: Si%i
for z; = 1[r; > 0]. To focus on the bias and variance, we assume the true causal effect is zero for all
observations.

The top row of Figure 1 reports the median bias of the three estimators for a range of bandwidth values,

I The bias depends crucially on how

along with the bootstrap 95% confidence interval for this median.
potential outcomes vary with the running variables of the subunits. We therefore consider several data-

generating processes for the outcome; focusing here on the median bias, we do not include an independent

10We do not include any additional controls besides the intercept, setting W; = 1.

1 The range h € [0.25,1.25] corresponds to approximately [20%, 80%] of subunits included in the close-elections sample. The
confidence interval is hard to see on some panels because the number of simulations is large enough for the median to be very
precisely estimated.



Figure 1: Monte Carlo Simulations
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Notes: The top row reports, for each bandwidth value, the median bias across 2,500 simulated datasets, along with the 95%
bootstrap confidence interval for it based on 300 bootstrap draws. The bottom row reports standard deviations of estimates
across simulations. See main text for the data-generating processes and definitions of the estimators.

error. Panel (a) considers a unit-level outcome that is linear in the running variables of all subunits, Y; =
> je, SiTi- In standard RD, that would eliminate bias completely, as long as the local linear controls
are included. In the RDA setup, this is not the case, as the same unit can include both close and non-
close elections. Yet, the qualitative behavior is the same: the bias of our proposed upper- and lower-level
estimators is negligible compared to the benchmark upper-level estimator with fewer controls (and the 95%
bootstrap confidence interval includes zero for most bandwidths).!? Panel (b) considers an outcome which
depends on the running variables nonlinearly but with the same curvature on either side of the cutoff,
Y, = Zje 7 sjr?. Here all three estimators achieve negligible bias; note the scale of the vertical axis as
well as the 95% confidence interval for the bias estimate based on our 2,500 simulations. Finally, panel (c)
considers the case where curvature changes around the cutoff, ¥; = ). jeg, SiT5 21[r; > 0]. This is the case
studied in the standard RD setup by, e.g., Imbens and Kalyanaraman [2012] who show the importance of local
linear controls in achieving quadratic decay of the bias. Inheriting this property, the bias of our proposed
estimators is not only smaller than that for the benchmark one for all bandwidths; its slope also approaches
zero for smaller h, which does not happen for the benchmark estimator.

In unreported simulations, we check robustness of these findings. First, we generate heterogeneous im-
portance weights across subunits of the same unit (adding up to one). Second, while all outcomes in our
main simulation depend symmetrically on all running variables, we also consider the outcome which equals
the running variable of one arbitrarily picked subunit. Third, we increase the number of units from 1,000 to
2,000 or the number of subunits per unit from 5 to 10. The bias patterns are unchanged.

The results so far have shown that, at least for the data-generating processes we considered, the bias

12 Another way to see this is that the reduced-form of our lower-level IV regression is exactly unbiased, as E[Y; | ;] is linear
in this simulation.
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of the upper- and lower-level regressions is essentially identical. There are, however, some differences in
efficiency. To assess them, we repeat the simulation for the same outcomes adding i.i.d. standard normal
noise to capture the idiosyncratic component of the error. The second row of Figure 1 reports standard
deviations of the estimators across simulations. It shows that the upper-level regression is more efficient than
the lower-level one, albeit the difference is small. The intuition is that aggregated controls better capture
the correlation between potential outcomes and the running variables. This is not an artifact of our outcome
definitions; rather, it follows from the irrelevance of labels (Assumption 2): to the extent the running variable
of one subunit predicts the unit outcome, the appropriate average of them is at least as predictive.

To sum up, the Monte Carlo simulations confirm that including the aggregated local linear controls or
estimating the effects at the lower-level in a standard fuzzy RD both succeed at substantially reducing bias.

The upper-level estimator is also slightly more efficient, as it is better able to reduce residual variance.

3 Common Practices

Many published articles feature designs suitable for RDA. We identified over 50 such papers listed in Appendix
Table Al. In this section, we describe the empirical strategies employed by the authors of those articles. We
detail the main differences between their approaches and ours, highlighting the potential gains from using
the estimators from Section 2. Section 3.1 discusses studies that, in the absence of the RDA methodology,
did not use RD variation at all. We then turn to papers that used some RD specifications at the aggregated
or disaggregated levels in Sections 3.2 and 3.3, respectively. Throughout the discussion, we generically refer

to the subunits as elections.

3.1 Difference-in-Differences Specifications in RDA Settings

The first group of studies, listed in Panel A of Appendix Table A1, uses difference-in-differences and similar
designs in settings where RDA estimation is feasible and could provide more credible identification. While
the parallel trends assumption underlying difference-in-differences analyses is often hard to justify ex ante,
continuity assumptions underlying conventional RD and inherited by RDA are usually more convincing.
Besley and Case [2003, Tables 8-10] consider the effects of legislature composition — one of the prime
applications of RDA. To estimate the effects on policy choices of the fractions of female and Democratic
legislators in U.S. state houses, where most seats are elected in single-seat races, they employ the two-way

fixed effects OLS specification with a time-varying treatment:
Yy = BXy + :Y/Wit + FE; + FE,; + error;;.

A credible instrument for X;; could be obtained by leveraging the structure of the treatment as aggregating
discontinuity events.

Similar examples are found in difference-in-differences studies of the effects of political connections on
industries and firms. Akcigit et al. [2023, Table 10] estimate how a larger fraction of politically connected
firms in an industry — defined as firms whose employee has been elected in a local council — affects industry
outcomes. They use OLS estimation, despite using conventional RD for firm-level outcomes. Cooper et al.
[2010] similarly consider the association between the number of politicians supported by a firm who get
elected and firm performance.

Finally, Saez et al. [2019] estimate the wage effects of a payroll tax cut that applied to workers below the
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age of 25. Their difference-in-differences specification compares firms with different shares of young workers,
under a parallel trends assumption. The RDA approach would instead leverage the age cutoff, recognizing
that a firm’s share of young workers is an aggregate of worker-level discontinuities. The RDA strategy would
thus entail comparing firms with workers age 25 or just above to firms with workers just below 25, providing

credible RD variation.

3.2 Upper-Level Outcome and Upper-Level Specification

We now consider 19 papers from Panel B of Appendix Table A1 where RD variation is used in some way
and the regression analysis is conducted at the upper-level (i-level in the notation of Section 2). These

specifications can generally be represented as

Y; = BX; +4'Q; +7'W; + error, (11)

where X; is constructed from all subunits and is instrumented by Z; = >"._. s;z; constructed from the

i€C;
subunits near the cutoff only. Furthermore, Qi represents controls constructjed in some way from subunit-
level variables and WZ are other controls and fixed effects.

The key difference between our proposal and what is found in the literature is in the set of controls Q;. We
discuss the three RDA controls @; in equation (6) in turn. The majority of papers include the first control:
the total weight of narrow elections.'® One exception is Valentim and Dinas [2024] who instead control for
the weight of narrow elections below the cutoff; this produces a biased coefficient.!*

The second RDA control — the aggregated running variable in narrow elections — is not found in any
of the papers we have reviewed. While some papers have no analog to it (e.g., Campante and Yanagizawa-
Drott [2018], Nellis and Siddiqui [2018]), several variations have been employed. Azoulay et al. [2019] take an
unweighted average of running variables near the cutoff, while the instrument is a sum of RD shocks weighted
by some dollar amounts. The same is true for Folke [2014] and Merildinen [2022] whose average additionally
includes non-close elections. Clots-Figueras [2012] and Bhalotra et al. [2014, 2021] use a different strategy:
they control for the running variables of each subunit (including with non-narrow elections) separately. This
requires ordering the subunits in an arbitrary way (such that changing the order would change the IV
estimate) and filling missing values as zeros for units that have fewer subunits than others. Neither of these
strategies appears to have a clear justification.

Finally, we are not aware of any study that included any version of the running variable aggregated among
narrow wins only. Absent the second and third RDA variables, the estimators used in the literature do not
inherit the properties of standard RD and therefore may not enjoy the low bias advantages of local linear
estimation.

We conclude by noting that, while most of the papers estimate (11) by IV, Akey [2015] considers its
reduced-form instead. We see several disadvantages to this approach. It is a less coherent specification than
IV since the explanatory variable depends on the bandwidth choice, and thus is not an economic variable
with independent meaning. Practically speaking, if the fraction of narrow victories is correlated with the

fraction of non-narrow victories (as may happen when the bandwidth is not infinitesimal), the reduced-form

L3Tnstead of controlling for it, some papers (e.g., Folke [2014], Azoulay et al. [2019]), in the language of Borusyak and Hull
[2023], recenter the instrument Z; by subtracting 0.5 times the total weight of narrow elections.

14To see this bias, notice that BXjec, 857 T 70 X jec, 8§ = (B+70) X ec,; $i%i T 70 2 jec, Si(1 — 2;). The left-hand side
here corresponds to (6), while the right-hand side to the specification of Valentim and Dinas [2024]. The reduced-form coefficient
therefore identifies 8 + o instead of 9. Akey [2015] (Table 7, column 2) employs a similar specification, except he interprets
the second coefficient as a causal effect of losing.
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specification is biased. And even if the correlation is small or absent, the reduced-form specification is likely

less efficient, as the error term includes the effects of non-narrow victories.

3.3 Upper-Level Outcome and Lower-Level Specification

The final group of 8 papers (Panel C of Appendix Table Al) considers outcomes measured at the more
aggregated level than the discontinuity events but estimates certain regressions at the lower level. To structure
the discussion, recall that the stacking approach of Section 2.3 involves the sample of all narrow elections

and a fuzzy RD specification with the reduced-form
Yiij) = pz; + Ngqj + error, (12)

with Xj(;) as the endogenous variable in the structural equation, and s; as weights. The current practice
deviates in terms of the sample restrictions and the use of OLS vs IV.

First, while some papers (e.g., de Benedictis-Kessner and Warshaw [2020], de Benedictis-Kessner et al.
[2024]) keep the full stacked sample of narrow elections, others restrict the sample in different ways. Beach
and Jones [2017] only keep one narrow election for each unit, which has the running variable closest to the
cutoff (although this does not affect too many units in their setting). Dell and Querubin [2018, Section III]
only keep the narrow election that happened chronologically first. These approaches limit the amount of
identifying variation, which our paper shows not to be necessary.

Second, while some papers (Carozzi et al. [2022] and Dell and Querubin [2018]) clearly introduce the
upper-level treatment and use the IV specification (9), the majority of papers estimate the reduced-form (12)
by OLS. This has both conceptual and practical issues. Conceptually, (12) is not a coherent causal model: it
provides multiple, mutually inconsistent, expressions for the outcome, and the Stable Unit Treatment Value
Assumption (SUTVA) is clearly violated. The causal effects of an extra election victory are also expected
to vary substantially with s;, limiting external validity of the OLS coefficient. For instance, de Benedictis-
Kessner and Warshaw [2020] find the effect of an extra Democrat to be much larger in small legislatures. This
issue would be avoided by an IV specification with the share of Democrats in the legislature as the treatment.
Practically, in finite samples where the bandwidth is non-negligible, z; may be non-trivially correlated with
the treatment statuses of other subunits (both narrow and others). This potentially results in a form of

asymptotic bias that doesn’t arise in IV analyses.

4 Extensions: Spillovers and Temporal Aggregation

So far, we have considered settings in which outcomes are measured at a higher level of cross-sectional (e.g.,
spatial) aggregation than the RD events. In this section, we discuss two related settings to which our RDA
ideas extend. Section 4.1 considers estimation of spillovers in RD settings, while Section 4.2 focuses on
aggregating RD events over time. We describe how the two estimators from Section 2 apply in those settings

and compare them with current practice.

4.1 Spillovers from RD Events

A number of studies consider spillovers from discontinuity events. Instead of units and subunits, we now

have outcome units ¢ and intervention units j.!> We first discuss how our framework and solutions extend

15This terminology is common when analyzing experiments on bipartite networks (e.g., Zigler and Papadogeorgou [2021]).
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to this setting, and then compare it with the current empirical practice.

In spillover cases, the endogenous variable X is often the number or fraction of treated neighbors, cor-
responding to the exogenous (“contextual”) peer effects model. Thus, it still follows equation (2), with 7;,
reinterpreted as the set of i’s peers. Alternatively, the endogenous linear-in-means peer effects model is some-
times used, in which X; is the average outcome of the peers [Manski, 1993]. In either case, the instrument is
still defined by (4), with C; reinterpreted as the set of i’s peers with narrow elections.

Our upper-level solution applies with no change, while the lower-level solution can now take two forms.

The stacked equation is now defined at the bilateral level: on a sample of pairs {(i,7): j € C;}, estimate
Y; = BX; ++'W; + Ng; + errory, (13)

with z; as the IV for X; and s; as weights. This is still a standard fuzzy RD specification with a continuous
treatment, albeit with both ¢ and j potentially observed multiple times. Absent additional i-level controls,
i.e. if W; = 0, one can also obtain the same estimate B by collapsing (13) to the level of intervention units,
i.e. to the sample of narrow elections j, by averaging across outcome units that are j’s neighbors: i.e., one
can estimate

Y; = BX; + Ngqj + error;, (14)

where V; = N% Zz‘ezj Y; and X; = N% Ziezj X, for Z; = {i: j € J;} and N; = |Z;|, instrumenting X; with z;
and using s;N; as weights.'® Versions of all three approaches have been used previously; yet, like in Sections
3.2 and 3.3, none of them exactly coincides with our proposal.

Surprisingly, we have found only one paper that performs estimation at the ¢ level [Mora-Garc “ia and
Rau, 2023]. This stands in contrast not only with the many papers using the upper-level specification in
the aggregation setting of Section 3.2, but more importantly with how peer effects are usually estimated
in economics, via either exogenous or endogenous peer effects models [Manski, 1993]. Ultimately, i-level
specifications are, in our view, the most natural and coherent way to study i-level outcomes. Similar to
papers in Section 3.2, Mora-Garc “ia and Rau [2023] do not include the third RDA control of equation (7)
and only include the second RDA control as a robustness check.'”

All other papers use specifications at the bilateral level or averaged by intervention unit j, and they are
subject to the issues raised in Section 3.3. The first issue involves unnecessarily restricting the sample. We
find this in Dahl et al. [2014] who entirely drop all units with more than one neighbor near the cutoff. The
second issue is that most papers consider reduced-form OLS regressions on z;, rather than introducing the
treatment at the level of outcome units (or perhaps as in (14)). The only exception we are aware of is Dube
et al. [2019] who estimate a bilateral IV specification similar to what we propose, with the average status of
the peers as the endogenous variable. Other papers — e.g., Baskaran and Hessami [2018] and Dechezleprétre
et al. [2023] at the bilateral level and Santoleri et al. [2022] and Bhalotra et al. [2018] at the j level — are

subject to the conceptual and practical concerns of reduced-form specifications discussed in Section 3.3.'8

16Note that )_(j is a convoluted treatment: it is the average treatment X; of j’s neighbors where X; itself is an average or sum
of its neighbors’ RD shocks. The first-stage captures that, when j is treated, the average treatment exposure X; of j’s neighbors
mechanically goes up.

17In addition, they limit the sample of outcome units to those outside the bandwidth and, in the main analysis, define the
treatment by averaging only across the peers within the bandwidth. Our theory would apply even with the full sample and a
more natural definition of the treatment based on all peers.

18These concerns also apply to papers that use IV estimation with a j-level treatment, rather than our proposed i-level
treatment. Isen [2014], for instance, estimates the effect of Y; on the average outcome of j’s neighbors. This is in contract to a
conventional endogenous peer effects model that would estimate the effect of the average outcome of i’s neighbors on Y;. See
Clark [2009] and Dahl et al. [2014] for related examples.
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4.2 RD Aggregation over Time

Another setting in which RDA ideas can be useful is when multiple RD events are aggregated over time. For
instance, one may specify a state-level treatment as the share of years in the last decade when a Democratic
governor is in power (in a cross-section of states or a panel with a rolling window). Our upper-level solution
would entail instrumenting this treatment with the share of years in which the current governor is a Democrat
who won in a narrow election, and controlling for the share of years determined by narrow elections, along
with the other RDA controls. In turn, the lower-level solution would involve stacking all narrow elections
of the previous decade, repeating the same outcome and aggregated treatment, and including standard RD
controls. An unusual feature of the dynamic setting is that earlier elections can influence the outcomes of
later elections, for instance via incumbency advantage [Lee, 2008]. Our solutions allow for this, under a
standard exclusion restriction.

A more complex version of this setting is when elections are not regular and the previous election’s result
can affect whether election is held in a future year. This is the case in the literature that studies the effects
of public school funding on, e.g., house prices and educational outcomes. This literature uses RD variation
from local referenda for school district bonds that authorize capital spending (see Jackson and Mackevicius
[2024] for a review). If the bond is approved in one year, it is less likely that another referendum will be
held the following year. In our lower-level solution, there will be endogenous selection of the set of narrow
referenda included in the stacked sample. Still, nearly random outcomes of those referenda should make
the estimator valid under an appropriate exclusion restriction (that precludes, for instance, a direct effect of
holding a referendum on the outcome through an increase in media attention). Similarly, in our upper-level
solution, RDA controls, such as the share of years with narrow referenda, may now resemble “bad controls,”
as they can be affected by the results of earlier referenda while also related to the error term. Yet, it is nearly
by chance whether a narrow election results in the bond passing or not, conditional on prior referendum
margins. Based on Proposition 1, we cautiously conjecture that the upper-level solutions also continues to
be valid.

The current practice has followed a different approach, proposed by Cellini et al. [2010] in the school bond
context. They offer several estimators; the “one-step” dynamic RD specification most frequently adopted in

later studies is as follows:

Y = Z (Bnii—n + onMis—n + P (ris—n;0n)) + 7 Wit + errory;. (15)
heH

Here the set of () coefficients for a set H of lags (h > 0) and possibly leads (h < 0) aims to capture the
dynamic effects of school spending z;+—5. The spending h periods ago is instrumented with the indicator
of the bond approved in a referendum, z; ;5 (and reduced-form specifications are also considered). The set
of controls includes the indicators M; ;_p that there was a referendum in year ¢ — h and global polynomials
P(r;¢—p;0y) in the vote margin r;;—j, with coeflicients 6, (where the vote margin is normalized to zero
in years without an election), as well as additional controls Wi, Cellini et al. [2010] point out that their
specification does not allow earlier elections to affect the occurrence of future elections or the future vote
margin: if that happened, M; ,_;, and P(r; ;—p;05) would be bad controls biasing the coefficients of interest

Bh-lg

19They also propose a “recursive” estimator which allows for some of these endogenous responses, although Hsu and Shen
[2021] clarified that this is only true with homogeneous effects. The recursive estimator has not been popular in later work,
perhaps because it tends to be noisier.
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We view our RDA solutions as complementary to the dynamic RD specification. The key advantage
of the Cellini et al. [2010] specification is that it allows to trace the dynamics of the effects (and also do
placebo testing by looking at the lead coefficients). We note, however, that the effect of cumulative spending
is also of interest: for instance, Biasi et al. [2024, Table 4], and Baron [2022, Tables 4-5] similarly report
the average effect of the bond approval across different horizons. The key disadvantage of specification (15)
is the potential bias from bad controls, which may not arise with RDA solutions, especially our lower-level
specification. Additionally, (15) is based on global polynomial estimation, which is generally avoided in more
recent RD analyses for being noisy and sensitive to the order of the polynomial [Gelman and Imbens, 2019],

while the RDA solutions follow the prevalent local linear estimation approach.?’

5 Application: The Impact of Unions on US Inequality

We now apply the RDA identification strategy to estimate the effect of unions on wage inequality within
state-by-industry cells in the US. Section 5.1 introduces the empirical setting and adapts the RDA design
to this application. Section 5.2 describes the data construction and presents summary statistics. Section
5.3 validates our research design in a series of balance tests. Section 5.4 presents the empirical results, and
Section 5.5 discusses what these results mean for the contribution of declining unions to growing inequality
in the US.

5.1 Empirical Setting and Specifications

Trade unions are significant labor market institutions in all Western countries, including the US. Over the
last 100 years, union density in the US has followed an inverse U-shaped pattern: there was a sharp increase
in unionization during the Roosevelt era (1930-45), a relative steady state of high unionization rates from
1945 to 1960, and a continuous decline since the 1960s [Farber et al., 2021, Figure 1]. The strong negative
correlation between this trend and the U-shaped pattern of U.S. income inequality [e.g., Piketty et al., 2018]
contributes to the widespread perception of a relationship between the two phenomena.

Recent studies have explored the relationship between unionization and inequality [Callaway and Collins,
2018, Collins and Niemesh, 2019, Fortin et al., 2021, Farber et al., 2021]. Although these studies report a
significant negative association between unions and inequality in a cross-section or a panel, a causal interpre-
tation of those results requires strong assumptions, as illustrated by the quote in the Introduction. Notably,
these studies have not adopted the RD approach that is common in the analyses of the union effects on
establishment-level outcomes [DiNardo and Lee, 2004, Sojourner et al., 2015, Frandsen, 2021].

Unionization in the US occurs at the level of a bargaining unit, defined as “a group of two or more
employees who share community of interest and may reasonably be grouped together for purposes of collective
bargaining” [National Labor Relations Board, 1997, p.12]. In most cases, a bargaining unit corresponds to a

single establishment, representing on average close to half of the establishment’s workforce [Frandsen, 2021].%!

20 A local polynomial version of the IV specification (15) would replace M; ¢ with a dummy of holding a close referendum
at t — h, replace P (Ti,t—h; Hh) with a local polynomial (filled in with a zero if there was no referendum at all or the referendum
was not close), and replace z; +—, with dummies of the bond approved in a close referendum as the set of instruments. We are
not aware of any paper that used this estimation procedure or studied its properties formally.

21To be precise, Frandsen [2021, Table 1] reports an average of 93 votes and 254 total employees in his sample covering most
unionization elections between 1980-2009. Using data from all unionization elections in this period, we found an average turnout
rate of 85% (as a fraction of eligible voters), suggesting a typical bargaining unit size of approximately 109 employees (93/0.85).
This indicates that bargaining units represented about 43% (109/254) of the total workforce in establishments holding elections.
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The election typically offers two choices: for or against union formation. To form a union, a majority of 50%
plus one out of the cast votes is necessary, lending itself to an RD design.

We exploit the discontinuities from narrow union elections to estimate union effects at the more aggregate
level of state-industry cells. Specifically, we define the outcome AYy;; as the change in an economic outcome
(e.g., a measure of wage inequality) in state s and industry i during decade ¢,2? and the endogenous treatment
NewUnionsg;; as the share of newly unionized workers. The latter is measured as the ratio of the number
of workers in the region-industry cell who join unions through unionization elections (both narrow and not)
during the decade and the workforce in the cell at the beginning of the decade.

Looking at outcomes more aggregated than establishments has two advantages. First, it allows us to study
the effects on outcomes, such as inequality, that are typically defined at more aggregated levels. Second, even
for outcomes—such us average wages—that can be measured by establishment, our estimates capture the
effects due to the spillovers of unionization on other establishments within the same cell. Establishments in
the same state and industry often compete for the same workers and therefore may adjust wages or even enter
or exit the market in response to another establishment’s unionization. Defining cells as a combination of state
and industry follows the approach of Fortin et al. [2021, 2022]. Aggregating the analysis to purely geographic
units — either states [Farber et al., 2021] or economic areas similar to commuting zones (such as Census
State Economic Areas in Collins and Niemesh [2019]) — could help capture cross-industry spillovers, but
such aggregation is not feasible for our study. State-level aggregation would substantially reduce statistical
power, as typical cells would contain many close elections, and the law of large numbers would eliminate
most identifying variation in our RDA approaches. Meanwhile, data limitations do not allow us to achieve
spatial resolution smaller than states.

Applying our upper-level IV solution from Section 2.2 to this setting, we estimate the following structural

equation and first-stage:

A}/sit = ﬁNeWUHiODSSZ‘t + A/Qsit =+ FEst =+ FEzt =+ €ITOr g¢, (16)
NewUnionsg; = 7Zgit + p'Qsit + FEs + FEy + errorg. (17)

Here the instrument Zg;; is the employment share of the bargaining units unionized in a narrow election in
the state-industry workforce. Formally, Zs;: = > jeCoi Si% where Cg;; is the set of close elections in the si
cell during decade t, z; is the dummy that the vote share for the union strictly exceeds 50% in workplace j,
and s; is the number of eligible voters in election j as a fraction of the cell workforce at the beginning of the
decade.?* The covariates Q;; consist of the three RDA controls defined by (5); in this context they represent
the share of workforce involved in narrow elections (3¢ ., ;), a rescaled average of the running variable
r, defined as the union vote share minus 0.5, in closed elections (3 FE€Cain s;7j), and a rescaled average of
the running variable in close wins (> J€Cain sjr;r). Finally, FFE,; and FE;; are state-by-decade and industry-
by-decade fixed effects, respectively, included solely to increase estimation power, as the RDA design alone

22We use differenced outcome variables both to increase estimation power and as a way to reduce potential bias from manip-
ulated unionization election results, as suggested by Frandsen [2017, 2021]. Additionally, using differenced outcome variables
aligns with our treatment—the rate of new unionization—representing most of the change in the share of unionized workers.

23For metropolitan areas, Census public files report geographic units less aggregated than states. However, both the number
of these units and their boundaries change each decade, hindering the construction of panel data and the use of differenced
outcomes.

24We distinguish between winning and obtaining a majority of the votes, as in a very small fraction of cases the final result
was revised due to an appeal process. Our setting is “fuzzy” in this sense, and we handle it similarly to the standard fuzzy RD
design: our instrument is defined based on dummies for crossing the 50% cutoff, while the treatment is based on dummies for
union victory.
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should be sufficient to obtain causal estimates.?®> We also explore specifications with different sets of fixed
effects. To obtain more efficient and economically meaningful estimates, we weight each observation by the
cell employment at the beginning of the decade.

We also apply the stacking approach of Section 2.3, which involves estimating the following structural

equation and first-stage in the sample of narrow unionization elections j:

AY (i) = BNewUnionsy(j)iei) + N + FEs(iyg) + FEigey) + errorj, (18)
NewUnions(ji(jyej) = 72 + £/ + FEs(iyu() + FEigiu) + error;. (19)

where s(j),4(j),t(j) respectively indicate the state, industry, and decade in which election j took place and
g; consist of the standard RD controls: a constant, the vote margin, and that margin interacted with the
union getting a majority. The structural equation is identical to the upper level specification, except for the
controls and the error term. Per Proposition 1, we weight observations by the number of eligible workers in

each workplace j.

5.2 Data

We collect data on unionization and labor market outcomes by state, industry, and decade over five decades,
from 1960s to 2000s.26 The data on establishment-level union elections is from the National Labor Review
Board (NLRB), maintained by Henry Farber and John-Paul Ferguson. For each election, we observe the
state, industry, and year, as well as the total number of eligible workers and the votes cast for and against.
We construct the treatment variable NewUnionsg;; using the results of all elections. The instrument, in turn,
aggregates only the elections that satisfy three criteria. First, it only includes close elections, defined by the
vote share for the union of 50410 percent (the smallest bandwidth employed in recently published papers that
employ the RD strategy in the context of US unions; Knepper [2020], Frandsen [2021]).27 Second, we exclude
tied elections and elections with a 1-vote margin, as there is evidence of manipulation in such elections
[Frandsen, 2021]. Finally, we drop elections with less than 20 votes, as is customary in the unionization
literature [DiNardo and Lee, 2004, Lee and Mas, 2012, Frandsen, 2021].28

Our wage inequality measures and other wage-related outcomes by state, industry, and year are based
on the decennial population census samples from 1960 to 2000, supplemented by the American Community
Survey for 2009-2013 that represents 2010. With some variation over the years, these samples represent

roughly 5% of the US population. We include observations from all 50 states, as well as from the District

25We do not include state-by-industry fixed effects both because the outcome is already measured in differences and because
including such fixed effects would result in a substantial reduction of the sample: our industry definitions change after 2000,
leading to only one post-2000 state-by-industry observation (see Section 5.2).

26This period was chosen based on the availability of unionization data, which is accessible from 1961 onwards and contains
industry variables until the beginning of 2009.

27The 10p.p. bandwidth also closely aligns with the optimal bandwidth for local linear estimation. Applying the Calonico
et al. [2014] procedure to our lower-level specification across our main five inequality outcomes, we find optimal bandwidths
ranging from 9.5% to 13.7%, with an average of 10.9%. We also check robustness to using a 15% bandwidth which is also used
by Knepper [2020] and Frandsen [2021].

28During the period of our analysis, there are two types of unionization elections: certification elections, where workers attempt
to form a new union, and decertification elections, where workers or employers try to dissolve an existing union. The rules for
both types of elections are identical, as are the consequences: if the union receives a strict majority of votes, it will be certified
or re-certified; if not, it will be decertified. The vast majority of elections are certification elections, accounting for 88.2% of
elections and covering 90.2% of the workers. We do not distinguish between these two types of elections in our analysis; e.g.,
NewUnionsg;: counts workers in both newly certified and re-certified unions. Our results are robust to restricting the set of
elections used for the treatment and instrument construction to certification elections only.
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of Columbia, defined as an additional state. We only include workers with a strong attachment to the labor
market, defined as working all 52 weeks during the year and at least 20 hours per week on average.?? Two
of our main inequality outcomes are computed using total labor income: the Gini index and the top-10%
income share. For the other measures, we calculate the average annual hourly pre-tax wage of each worker
by dividing the total annual wage income by the product of the number of weeks employed and the average
hours worked per week last year. We then compute the college wage premium, the log 90-10 wage ratio, and
the variance of log wages, again by state-industry cell. The construction of the inequality measures is detailed
in the Data Appendix, following Autor et al. [2008] and Farber et al. [2021] with minor modifications. For
the inequality measures to be meaningful, we restrict the sample to include only cells with more than 1,000
workers after applying census projection weights.3°

We additionally use the Current Population Survey (CPS) Monthly and Annual Social and Economic Sup-
plement samples. We measure union density in each cell and year based on the self-reported union coverage
question. We also construct two measures of worker benefits: indicators of a pension plan and employer-
sponsored health insurance coverage. These questions are available prior from 1977-2014; to increase sample
size we combine CPS data from several years to represent each decennial census year, as detailed in the Data
Appendix. The cleaning process of the CPS data is otherwise the same as for the census data.

A challenge in the data construction process was to harmonize industry definitions over a long period
and between different data sources. The NLRB data is based on the SIC and NAICS schemes, depending on
the year, while the population census, ACS, and CPS use a different classification. We created two distinct
coding schemes. Until 2000, our industry coding is based on the initial two digits of the SIC87 codes; from
2000 onwards, it relies on the initial three digits of the NAICS97 industry classification. In both cases, we
merged a few categories, resulting in 70 industries categories pre-2000 and 73 (different) categories post-2000
that cover all private sectors.?! To calculate differenced outcomes for each decade, we estimate all measures
for the year 2000 based on both schemes.?? In total, we were able to match 93% of unionization elections to
our industry codes and 99% of individual census observations.

Table 1 presents summary statistics for the key variables at the state-industry-census year level, both in
levels and first-differences. Panel A includes outcomes, while Panel B details other cell-level statistics. One
can see, in particular, that all within-cell inequality measures show an increasing trend, mirroring national
inequality trends. Panel C reports the endogenous variable, the instrument, and the RDA controls described
above, as well as the average numbers of all and narrow unionization elections. In an average decade, there
are 55 union elections per cell resulting in 2.5% of the workforce joining the union. An average of 8 elections
per cell, involving 0.6% of the workforce, results in a narrow win that enters our instrument construction.
Appendix Table A2 reports summary statistics at the election level, showing in particular that the number of
elections has seen a continuous decline since 1970s (which matches the negative trend in union membership
reported in Table 1, Panel A, with the CPS data since 1980s).

While we only look at inequality within state-industry cells, this type of inequality is central to both the

29We exclude from the sample workers who worked fewer than 52 weeks, as they have a higher likelihood of having switched
industries during the past year, in which case we could attribute their annual income to the wrong industry.

30This entails dropping 24.9% of the cells, but only 0.8% of total employment and 1.3% of close unionization elections. We
verify there are no remaining cells with fewer than 10 raw observations. For measures based on smaller samples, such as for the
average college wage, we further exclude cells with fewer than 10 relevant observations at the beginning or at the end of the
decade.

31The NLRB data do not cover public sector unionization and, thus, those industries are excluded from our analysis. Our
classification is more detailed than 10-11 industries used by Fortin et al. [2021, 2022].

32Since the 2000 census industry question was based on the NAICS industry scheme, we relied on the IPUMS crosswalk to
match observations to the SIC-based census industries. While this could introduce noise in the 1990-2000 differences, we find
it reassuring that employment changes do not exhibit substantially higher volatility than in the decade before or after.
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Table 1: Summary Statistics

Variable Mean  Mean(A) Data Source Time Range
Panel A: Outcomes

Log avg hourly wage 2.825 0.043 Census 1960-2010
(0.284) (0.119)

Log college premium 0.505 0.049 Census 1960-2010
(0.164) (0.106)

Log 90/10 ratio 1.314 0.070 Census 1960-2010
(0.216) (0.109)

Gini index 0.347 0.023 Census 1960-2010
(0.070) (0.032)

Top 10% share 0.282 0.017 Census 1960-2010
(0.058) (0.032)

Var(log hourly wage) 0.310 0.032 Census 1960-2010
(0.097) (0.048)

Share of union members 0.102 -0.040 CPS 1980-2010
(0.125) (0.078)

Pension coverage share 0.635 -0.009 CPS 1980-2010
(0.188) (0.119)

Employer-sponsored insurance share 0.678 -0.062 CPS 1980-2010

(0.164)  (0.096)

Panel B: Other Cell-Level Measures

Log employment 10.865 0.170 Census 1960-2010
(1.254) (0.309)

Share with college degree 0.241 0.041 Census 1960-2010
(0.177) (0.041)

Share white 0.835 -0.025 Census 1960-2010
(0.119)  (0.042)

Share male 0.586 -0.017 Census 1960-2010

(0.223)  (0.041)

Panel C: RDA Variables (bandwidth = 10%)

100 x NewUnionss;: (Share newly unionized) 2.475 NLRB 1960-2010
(5.035)

100 X Zsi+ (Share newly unionized in close elections) 0.634 NLRB 1960-2010
(1.591)

100 x 37 cc... 8; (Share involved in close elections) 1.530 NLRB 1960-2010
(3.342)

100 x 37 e 8i7; (Agg. vote share in close elections)  -0.018 NLRB 1960-2010
(0.118)

100 X > ice. ., s;7; (Agg. vote share in close wins) 0.033 NLRB 1960-2010
(0.083)

# of unionization elections 55.2 NLRB 1960-2010
(83.7)

# of close unionization elections 8.2 NLRB 1960-2010
(14.7)

Notes: The first column displays the weighted averages and (in parentheses) standard deviations of the end-of-decade levels of
the variables, while the second column reports these statistics for first differences over the decade. The statistics are weighted
by employment at the beginning of the decade. Observations are state-industry cells based on SIC industry codes pre-2000 and
NAICS codes thereafter. Panel A summarizes the outcome variables used in the analysis. Panel B provides additional covariates.
Panel C presents the RDA variables (scaled by a factor of 100) along with the average numbers of all and close unionization
elections within each cell.

Sources: Decennial Census, CPS Annual and Monthly Social and Economic Supplement, NLRB data, and authors’ calculations.
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level and growth in overall inequality. To show this, Appendix Table A3 decomposes the overall variance of log
wages into within- and between-cell components in each census year, broadly following Helpman et al. [2016].
Throughout the period, the within component of the variance is the dominant one, accounting for 73-80%
of total inequality. Moreover, the within component experienced a continuous rise, contributing significantly
to the overall increase in inequality. In contrast, the between-group component remained relatively stable,

decreasing in some periods and only experiencing a notable rise from 2000 to 2010.33

5.3 Balance

We now perform balance tests to illustrate how the RDA instrument and controls help isolate idiosyncratic
variation in the treatment. Column 1 of Table 2 regresses the share of all newly unionized workers (i.e., our
treatment of interest) on pre-determined covariates and lagged inequality measures from Table 1 (excluding
those which are not available for all decades). The treatment is correlated with many observables, as evidenced
by the partial R? of 13.5% and a decisively rejecting F-test, which suggests that the treatment is also likely
correlated with unobservables. In column 2 we estimate the same regression for our instrument: the share of
workers who join a union through close elections; the conclusion is unchanged. In column 3, the inclusion of
the first RDA control that represents the share of workers involved in narrow union elections vastly changes
the statistics. The partial R? decreases massively to 0.1%, the F-statistic of the covariates’ joint significance
shrinks from 185.6 to 3.5, and most coefficients become orders of magnitude smaller. Yet, covariates are
still jointly significant (with a p-value of 0.01%). When we finally add the two other RDA controls to
the regression in column 4, the partial R? becomes essentially zero and, while one out of ten covariates is
individually significant, jointly they are not (p-value of 12.3%). The lack of correlation between the residual
variation in our instrument and the observables speaks in favor of the validity of our IV strategy. In Appendix
Table A4 we replicate this analysis with a 15% bandwidth defining close elections, and the same patterns
emerge.

Appendix Table A5 performs a related pre-trend and placebo analysis, using predetermined covariates
and lagged outcomes, both in levels and differences, as dependent variables when estimating the reduced-form

of our upper-level IV specification:

Yit = pZsit + N Qsit + FEg + FE; + errorg;,. (20)

None of the 15 coefficients are significant at the 5% level using either conventional standard errors or robust

bias-corrected confidence intervals of Calonico et al. [2014].

5.4 Results and Mechanisms

Table 3 examines the impact of unionization on five key measures of income inequality: the college premium,
the 90-10 wage ratio, the Gini coefficient, the top-10% income share, and the variance of log hourly wages.

Panel A shows the estimates using the upper-level approach, while Panel B shows the coefficients obtained

33 A concern in this analysis is that some of the changes in the variance components are due to the changes in the definitions
of industries in the year 2000 from SIC based to NAICS based. To address this, we conducted an identical analysis on with
annual CPS samples in Appendix Figure Al. It indicates no discernible changes in the within and between components between
2002 and 2003, the year of the CPS industry scheme change, providing strong evidence that this transition does not drive the
trends in the components. This analysis also replicates the findings from Appendix Table A3 using different data, confirming
the key role of within-cell inequality.
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Table 2: Instrument Balance

NewUnions Z
(1) (2) (3) (4)
Log avg hourly wage;—1 1.056 0.153 -0.100 0.009
(0.517) (0.095) (0.055) (0.024)
Log college premium;_; 4.452 1.812 0.083 -0.006
(0.405) (0.133) (0.079) (0.034)
Log 90/10 ratios—1 3.895 0.889 -0.010 0.044
(0.630) (0.194) (0.108) (0.049)
Gini index;—1 -58.022 -14.715 -0.876 0.060
(6.424) (1.434) (0.836) (0.358)
Top 10% share;—; 40.646 9.672 0.641 -0.005
(6.474) (1.344) (0.789) (0.340)
Var(log hourly wage):—1 -7.027 -1.805 0.012 -0.181
(1.486) (0.287) (0.170) (0.077)
Log employment;_1 -0.158 -0.060 0.003 -0.004
(0.051) (0.015) (0.008) (0.003)
Share with college degree;_1 -4.510 -1.035 0.129 0.067
(0.609) (0.126) (0.076) (0.040)
Share white;_1 -0.527 -0.096 -0.257 -0.024
(0.561) (0.174) (0.094) (0.040)
Share male;—1 -0.869 -0.377 -0.015 0.027
(0.516) (0.126) (0.063) (0.025)
# significant coefficients 9 9 2 1
Partial R? 0.1353 0.0959 0.0012 0.0001
Partial F-statistic 292.7 185.6 3.5 1.5
Partial F-test, p-value 0.0000 0.0000 0.0001 0.1234
RDA controls None None 37 . sj All
Observations 12,799 12,799 12,799 12,799

Notes: Balance tests based on OLS estimates weighted by employment at the beginning of the decade. The outcome variable
in the first column is the share of all newly unionized workers, while the next three columns focus on shares joining through
close elections, with a bandwidth of 10% applied to define close elections. Column 3 additionally incorporates the first RDA
control, Zjecs-t s;, and column 4 adds the remaining RDA variables, Zjecs,;,, s;rj and Z]‘ec Sjr;.L. Heteroskedasticity-
robust standard errors are shown in parentheses.

Sources: Decennial Census, NLRB data, and authors’ calculations.
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at the lower level. Along with each estimate, we report robust bias-corrected confidence intervals following
Calonico et al. [2014], obtained using the RDrobust package in R.%*

The results reveal a negative effect of unionization on all measures of inequality, with 95% confidence in-
tervals rejecting zero effects for the last three inequality measures and with large but statistically insignificant
negative effects for the college premium and the 90-10 wage ratio. Specifically, upper-level estimates suggest
that an increase of 1 percentage point in new unionization reduces the college premium by 0.31 log-points,
the 90-10 ratio by 0.46 log-points, the Gini coefficient by 0.018, the top-10 income share by 0.14 percentage
points, and the variance of log wages by 0.0025 (which is around 1% of its mean). Lower-level estimates are
moderately smaller in magnitude but show the same statistical significance. Figure 2 visualizes these results
with standard RD plots for the first-stage and reduced-form lower-level specifications (excluding the fixed
effects, to stay closer to the raw data).

Appendix Table A6 reports several robustness tests for these results, focusing on the upper-level analyses.
First, we replace our baseline bandwidth of 10% with 15% bandwidth, a common ad hoc choice in the
literature (e.g., Frandsen [2021], Knepper [2020]). Second, we exclude union decertification elections from
the construction of both the treatment and the instrument (along with the RDA controls). Third, we replace
state-year and industry-year fixed effects with separate state, industry, and year and FEs, or with no FEs
at all. Finally, we perform estimation without initial employment weights. All results are similar to those
from Table 3, with coefficients from the unweighted estimation generally slightly larger, possibly indicating
a larger union effect on inequality in smaller cells.

While we specified the treatment variable to be the rate of new unionization, the results would also be
similar if we considered changes in union density, i.e. in the overall share of unionized workers. The latter
measure would take into account differential employment growth of unionized and non-unionized establish-
ments, as well as establishment entry and exit. Unfortunately, union density is only observed in the CPS
since 1977. Thus, in the spirit of two-sample IV [Angrist and Pischke, 2009, Ch.4.3], we estimate the effect
of new unionization rates (from the NLRB data) on union density (from the CPS monthly samples) for the
shorter period of 1980-2010.35 The coefficient is reported in the first column of Table 4. This coefficient may
be smaller than one due to various types of measurement error: both on the right-hand side (discrepancies
arising from out-of-state workers, errors in coding the industry of unionization, or lower employment growth
in unionized establishments) and on the left-hand side (misclassification of the union coverage variable in
the CPS leading to a non-classical measurement error).>6 Conversely, if unionized workplaces have higher
employment growth, the first-stage parameter might exceed one. In the data, we find estimates ranging from
0.63 to 1.27, suggesting that our main IV estimates are robust to using the change in the self-reported share
of total unionized workers as the endogenous variable.

Table 5 investigates the sources of the inequality reduction due to unionization, finding that it origi-
nates primarily from the decline in earnings among high-earners, rather than an increase at the bottom of

the earnings distribution. Column 1 reports a large negative and marginally significant effect on average

34T obtain confidence intervals for our upper-level approach, we use the numerically equivalent lower-level specification,
per Proposition 1. We do not use clustered inference (e.g., by state or by industry) for several reasons: theoretically, election
shocks should be mutually independent; empirically, we confirm that clustered standard errors do not substantially exceed
heteroskedasticity-robust ones; and pragmatically, the implementation of clustering in the RDrobust package does not allow
elections on the two sides of the cutoff to be part of the same cluster.

350One may think of this analysis as a first-stage, except that this is an IV specification leveraging close elections for the
instrument as before.

36Based on a 1977 validation survey, the estimate for the misclassification rate in the union variable is 2.7% [Card, 1996].
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Figure 2: Lower-Level Specifications: RD Plots
Panel A: First Stage
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Notes: The first plot visualizes the first-stage specification (19) with no fixed effects. The other plots visualize the reduced-form
version of (18) with no fixed effects for the outcomes included in Table 3 and column 1 of Table 5. The sample, weights, and
outcome definitions are the same as in Panel B of the relevant tables. The x-axis represents the union vote share in a close
union election, while the y-axis shows the outcome in the corresponding region-industry cell and year. The binned scatterplot
shows 20 points on each side of the cutoff, with each point representing the average values for elections within specific ranges of
the running variable. These ranges were selected so that, on each side of the cutoff, each point represents observations with the
same sum of weights. The lines correspond to the local linear estimates. “A” stands for the first difference over a decade.

Sources: Decennial Census and NLRB unionization data; authors’ calculations.
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Table 4: The Impact of New Unionization on 10-Year Changes in Union Density and Fringe Benefits

Union Pension Health insurance
density coverage rate coverage rate
(1) (2) (3)
Panel A: Upper-Level Estimator
Share newly unionized 1.274 1.482 0.063
(0.551) (0.780) (0.466)
[-0.043,2.490]  [-0.376,3.122] [-1.010,0.986]
Mean outcome 0.105 0.522 0.680
Mean treatment 1.24% 1.49% 1.49%
RDA controls v v v
Industry-decade and state-decade FE v v v
Observations 7,846 6,630 6,675
Panel B: Lower-Level Estimator
Share newly unionized 0.634 0.858 0.148
(0.323) (0.496) (0.327)
[-0.132,1.481]  [-0.285,2.090] [-0.645,0.806]
Mean outcome 0.153 0.569 0.737
Mean treatment 3.90% 4.38% 4.43%
RDA controls v v v
Industry-decade and state-decade FE v v v
Observations 14,119 13,715 13,743

Notes: This table reports IV estimates from the same specifications as in Table 3 but for different outcomes: union density,

pension coverage rate, and employment-sponsored insurance coverage rate.
measured for the period from 1980-2010.

The outcomes are based on the CPS data and

Sources: Decennial Census, CPS Annual and Monthly Social and Economic Supplement, NLRB unionization data; authors’

calculations.
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wages.3"38The following columns of Table 5 measure the impacts of unionization on average wages of dif-
ferent worker groups and parts of the wage distribution. Columns 2 and 4 indicate a negative (albeit not
statistically significant) impact of unions on wages among the higher-earning segments of the labor force:
college graduates and 90th percentile earners, respectively; column 7 indicates a large and marginally sig-
nificant negative effect on managers’ earnings. In contrast, columns 3, 5, and 8 show negative but small
and statistically insignificant wage impacts on the lower segments: high school graduates, 50th percentile
earners, and non-managers, respectively. Column 6 finds a small and insignificant increase in wages at the
10th percentile of the distribution. By construction, the more negative effects at the top are consistent with
our main finding of the negative impact of unions on inequality."

The null, or even negative, effects on median and average wages, is puzzling and may raise questions
about the motivations for unionization and the resistance of employers to unionization. We shed light on
a possible explanation by considering the effects of unionization on fringe benefits—health insurance and
pensions coverage—in columns 2 and 3 of Table 4. Since both the outcomes and the endogenous variable are
measured in percentages, the coefficient is interpreted as the number of covered workers induced by one new
union member. For health insurance, the effect is small and insignificant. However, for pension coverage,
we estimate that each new union member corresponds to an increase of 1.48 pension holders (standard
error of 0.78) using the upper-level instrument and 0.86 (SE of 0.50) when the lower level-instrument is
employed. Although the coefficients are noisy, the fact that they are around one or even larger suggests
a substantial spillover effect of unionization across establishments within state-industry cells, given that
some of the unionized establishments had pension plans prior to unionization. This is consistent with the
recent findings by Knepper [2020] that unionization of establishments within firms has significant impacts
on employer pension contributions on other establishments of the same firm. Our analysis may also suggest

spillovers to other firms within the same state and industry.

5.5 How Much Did Declining Unions Contribute to Growing Inequality?

Rates of new unionization in the private sector in the US experienced a massive and continuous decline since
the 1970s, as can be seen in the first panel of Figure 3. In the 1960s, the net flow of unionized workers
through unionization elections was 7.8%. This is the result of the share of workers joining unions through
unionization elections (8.3%), minus some workers leaving unions through union decertification elections.

The net flow declined consistently, reaching less than 1% in the 2000s.

37This large negative effect is unusual relative to the other estimates of a union wage premium at the worker or establishment
level. Card [1996] and Farber et al. [2021, Figure 5] find a positive effect using a selection-on-observables design at the individual
level. Staggered difference-in-differences estimates from De Chaisemartin and d’Haultfoeuille [2020] also at the individual level
and RD estimates by DiNardo and Lee [2004] and Frandsen [2021] at the establishment level point out to a null or slightly
negative effect. Our estimate may differ for several reasons. First, we incorporate spillover effects across establishments in
the same state and industry. Second, our estimates incorporate spillovers on non-unionized employees, such as management
(including even managers located at a different establishment), while worker-level estimates do not. Finally, like any RD-based
estimate, we only use local variation from close elections.

38 A caveat to this finding is that it may partially result from worker selection, as unionization has unequal effects on em-
ployment across worker groups with different earnings potential, as studied in Appendix Table A7. There is no clear negative
effect on overall employment (Column 1), nor on the employment of high-school graduates and non-college workers more broadly
(Columns 2-3). In contrast, employment of workers with exactly a college degree or those with college or more education declines
substantially in response to unionization (Columns 4-5, marginally insignificant). This finding aligns with Frandsen [2021] who
documents similar compositional effects at the establishment level, where high-paid workers tend to leave following unionization.
Such composition effects can appear as a reduction in average wages. One may expect the composition effects to be smaller for
columns 2-3 and 7-8 of Table 5 that investigate less heterogeneous worker populations.

39 Appendix Table A8 conducts several robustness checks for these results. The overall conclusion of a negative effect on
average wages driven by the high-earners is preserved, although the negative effect on the managerial wages tends to be weaker
in the robustness analyses.
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Figure 3: The Counterfactual with Unionization Rates Remaining at the 1960s Level

Share Newly Unionized Gini Coefficient
0.39
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Notes: The first panel presents the actual and counterfactual rates of newly unionized workers for each decade between 1960 and
2010. The actual rate is calculated as the share of workers joining unions through unionization elections minus the share leaving
due to union decertification elections. The counterfactual rate assumes that the rate remained constant at its 1960s level. The
second panel presents the actual and counterfactual Gini coefficients of income inequality within state-industry cells, averaged
across cells (with beginning-of-decade employment weights). The counterfactual is calculated by adding to the actual Gini the
product of the unionization effect estimated in Table 3, column 3, and the cumulative shortfall in the rate of new unionization
between the actual and counterfactual scenarios. Confidence intervals for the counterfactual Gini are based on the 95% robust
bias-correct confidence intervals for the treatment effect.

Sources: Decennial Census, NLRB unionization data; authors’ calculations.
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Table 6: Counterfactual Inequality Measures

. Actual Counterfactual Union contribution
Inequality measure
1970 2010 Change 2010  Change as % of change

Log college premium 0.430 0.579  0.149 0.489 0.059 60.5%
(0.062) (41.8%)

Log 90/10 ratio 1.113 1.428 0.314 1.322 0.208 33.7%
(0.058) (18.3%)

Gini coefficient 0.272 0.385  0.113 0.346 0.074 34.5%
(0.015) (13.6%)

Top 10% share 0.226 0.310  0.084 0.278 0.052 38.3%
(0.014) (17.3%)

Var(Log wage) 0.220 0.362  0.143 0.310 0.091 36.4%
(0.021) (15.0%)

Notes: This table presents statistics regarding the five measures of wage inequality within state-industry cells used in Table
3. The 2010 counterfactual measures are calculated by adding to each actual inequality measure the product of the relevant
treatment effect and the cumulative shortfall in new unionization resulting from the sharp decline since the 1960s. “Change”
refers to the change from the actual measure in 1970 to the actual or counterfactual measure in 2010. The “Union Contribution”
is calculated as one minus the counterfactual change in each measure divided by the actual change. The standard errors in
parentheses are based on the standard errors for the corresponding estimates in Table 3.

Sources: Decennial Census, NLRB unionization data; authors’ calculations.

Using the results in Table 3, we conduct a back-of-the-envelope calculation of how much of the growth
in US inequality during the period of our analysis can be attributed to this sharp decline. To this end, we
compute counterfactual inequality measures that may have occurred if new unionization rates had remained
at their 1960s levels. Specifically, we add to each actual inequality measure the product of the relevant
treatment effect and the cumulative shortfall in new unionization resulting from the sharp decline after the
1960s.

Like any back-of-the-envelope calculation, ours requires some caveats. The estimates from Table 3 capture
a short-term effect and are identified using local variation from narrow elections. Here, we extrapolate these
effects to the long term, assuming that the effect of new unionization during a decade on the level of inequality
by the end of the decade equal the effect on inequality at later dates, too. Our analysis is also limited to
assessing the effects of unions on inequality within state-industry cells. However, as shown above, within-cell
inequality accounts for the majority of overall inequality both in levels and in changes.*?

With these caveats, the second panel of Figure 3 presents the actual and counterfactual average within-cell
Gini coefficients by census year. The gap between the actual and counterfactual inequality is small in 1980
and 1990 but becomes substantial by 2000 and 2010. Appendix Figure A2 reports similar results for the
other inequality measures.

Table 6 summarizes all results of this back-of-the-envelope exercise showing a sizable contribution of
declining unions to the growing within-cell inequality between 1970 and 2010. Unions account for 34-38%
of the changes in the Gini coefficient, the 90/10 ratio, the top 10% share, and the variance of log wages.
The contribution to the log college premium is even higher (at 61%) but imprecisely estimated. These
estimates are moderately larger than the Farber et al. [2021, Table 1] estimates of the contribution of unions
to within-state inequality in the US between 1968 and 2014.

40 Another limitation is that we assess only the effect of new unionization, not the full impact of changes in union density,
which may also result from the closure or growth of unionized establishments. However, this concern is mitigated by our earlier
finding that the effect of new unionization on union density is approximately equal to 1.
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6 Conclusion

We introduced a novel extension to the regression discontinuity design, termed Regression Discontinuity
Aggregation (RDA), which aims at identifying local average causal effects in contexts where each unit may
be exposed to multiple discontinuity events. The RDA approach is applicable when the outcome is defined
at a higher level of aggregation (e.g., in space or time) than the discontinuity events or when spillovers of
discontinuity events are of interest. Our theoretical analysis rests on the observation that an aggregation of
RD events can be viewed as a special case of a shift-share variable. This connection allowed us to build two
estimators for causal effects in RDA settings that build on local linear estimation in conventional sharp and
fuzzy RD designs and inherit their bias-reduction properties.

To illustrate the usefulness of this approach, we applied the proposed estimation techniques to the effects
of unionization on earnings inequality at the level of state-by-industry cells. We found that increased rates
of new unionization significantly reduce inequality, primarily by lowering top-tier wages rather than raising
lower-end wages. As a result, the decline of unions since 1970s can explain a substantial fraction of increased
inequality. We additionally provide evidence that unionization leads to increased pension coverage, potentially
in non-unionized establishments, too. Our findings provide causal evidence supporting common perceptions

about the effects of unionization on inequality that were previously difficult to obtain as credibly.
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A Proof of Proposition 2

We start with the lower-level solution. Assuming that the population coefficients on r; and 7"]‘-”' in the first-
stage and reduced-form of (9) have some limits as h — 0, including them in the specification does not affect
the set of estimands, as both of these variables have no variation in the limit. Thus, the estimand limit is

o im0 E [s;Yig [y =r] —limeo E [s;Yi() | rj = 7]

lim 3; = .
h10 B lim, o E [sti(j) |7 = r] —limo E [Sin(j) | = r]

We can expand E [Y;;) | r; = r] = E [Yi)(Xi(1, zij)—;)) | r; = r] for r > 0, with analogous expressions
for other terms. Thus, by Assumption 3a,

g = B30 (X (1 21)-4)) i = 0] = B [55%i) (KXi (0, 2i69)-5)) | 75 = 0]
E [5;Xi() (1, 2i(j)-5) | 75 = 0] — E [5;Xi() (0, Zi()—5) | 5 = 0]

b

where conditioning on r; = 0 is well-defined by Assumption 4. By Assumption 5, the denominator is positive.
Moreover, by standard arguments (e.g., Yitzhaki [1996]), it is a convexly-weighted average of 9Y;(x)/0z (or
the discrete analog thereof when X; is discrete) across both units and values of treatment.

By Proposition 1, the upper-level solution only differs by residualizing Y; and X; on @;. By Assumption
3b, we have Q; =~ (s;,0,0) conditionally on —h < r; < h as h — 0. Invoking Assumption 3b again and
assuming again that the population coefficients on @; in the first-stage and reduced-form of (6) converge,
this implies that residualizing on @Q; makes no difference in (8), provided an intercept is included in that

subunit-level specification. This concludes the proof.

B Data Appendix

Our analysis is at the level of state-industry cells for each decennial census year from 1960-2010 (i.e., each
year that divides by ten). We begin by discussing the data construction steps for our three data sources
separately: decennial censuses, CPS, the unionization elections data. We then turn to how we merge them
into a consistent cell-level panel; this involves creating a harmonized industry classification and computing

cell-level variables, such as inequality measures.

Decennial census data. Census public-use micro-data were downloaded from the IPUMS USA website.
For 1960, 1980, 1990, and 2000, we used the 5% “state” samples. For 1970, we combined the 2% “state” and
2% “metro” samples. To represent 2010, we combine the American Community Survey (ACS) samples for
2009-2013. All of these samples are nationally representative for the US population.

We assign each individual to their state of residence. While state of employment could be more relevant
for our analysis, it is not available in some of the samples. The state of residence is observed in most samples;
the only exception is the 1970 metro samples which do not report the state for the 17% of individuals living
in metropolitan areas and other county groups that cross state boundaries. We duplicate observations for
those individuals and adjust their projection weights to equal the original weight multiplied by each state’s

41

proportion of the metropolitan area or county group’s total population.** We discuss the assignment of

workers to industries below.

41'We used TPUMS USA [2024] to identify the county composition of each metropolitan area and county group, and obtained
the 1970 county populations from IPUMS NHGIS.
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For each worker, we observe their pre-tax annual labor income (variable INCWAGE). Top-coded income
values are multiplied by 1.5 [Autor et al., 2008]. We then compute the hourly wage as the income dividing
by the weeks of work and the average number of hours per week.

We measure workers’ education and potential work experience using the most detailed education question
(EDUCD). The groupings defined by this question vary across samples, sometimes closer aligned with the
years of schooling and other times with the highest degree obtained. In all cases, it is sufficiently detailed
to determine whether the individual has exactly a high school degree, exactly a college degree, or other
education levels above and below. It is also sufficient to measure years of schooling, at least approximately,
which we use define potential work experience as the age minus 6 and minus the years of schooling.

We classify a worker’s occupation as managerial if the occupation variable (0CC1990) belongs to the
groups “Executive, Administrative, and Managerial” and “Management Related”.

We impose several sample restrictions. First, we focus on 18-65 year-old adults with 0-48 years of
potential experience. Second, we only keep workers who have been employed for all 52 weeks during the year
preceding the survey and worked at least 20 hours a week on average.*? Individuals who worked fewer weeks
likely changed jobs within the year, making it more difficult to correctly assign them to an industry. Third,
we require that workers earn at least half their state’s minimum hourly wage (obtained from Vaghul and
Zipperer [2016]). Fourth, we consider only workers in the private sector who are not self-employed; those are

the workers who can unionize through NLRB unionization elections.

CPS data. To capture variables not available in the census—unionization rates and fringe benefits—we
leverage CPS samples, downloaded from IPUMS CPS.%3 To measure unionization rates, we use CPS MORG
(Merged Outgoing Rotation Group) samples from 1983-2015, along with the May supplement to the CPS in
1977-1980. The surveys ask workers whether they are union members (UNION variable). For fringe benefits, we
use CPS ASEC (Annual Social and Economic Supplements) from 1980-2014, along with the May supplement
in 1979. The workers are asked if they are covered by an employer-sponsored pension plan (PENSION variable)
and whether they enrolled in their employer’s group health plan during the previous year (INCLUGH variable).
We use the same four individual-level sample restrictions as in the decennial census. Imputed answers were
dropped.

To increase sample size when measuring changes in the rates of unionization, pension, and insurance
coverage between adjacent census years, we pool data from multiple years of the CPS. Where possible, we
compare the five years after the end of the decade to five years before the beginning of the decade. For
instance, the differenced outcome for the decade of the 2000s is calculated as the change between 1986—90
and 2000-04. We deviate from this rule in the 1980s because of data availability; Appendix Table A9 provides
the details.

Unionization elections. We use the NLRB (National Labor Relations Board) unionization election data
maintained by Hank Farber and John-Paul Ferguson. We keep observations from 1961—the earliest available
year—until the beginning of 2009, after which industry variables are no longer available. The original dataset
includes 250,063 elections.

Each election is attributed to a geographic location (directly including the state), an industry, and a

decade. We generally define decades as starting in the year that ends with 0 and finishing in the year which

42Since 1980, the variable is based on the UHRSWORK variable that measures “usual hours worked per week [in the last year].”
Unfortunately, this variable is not available in the 1970 and the 1960 samples, so for those years we use the HRSWORK2 variable
that measures “hours worked last week” instead.

43With the exception of the May supplement for 1979, which was downloaded from NBER.
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ends with 9, e.g. 1980-1989. The earliest and latest decades are slightly shorter because, as just mentioned,
the data start in 1961 and end early in 2009. We discuss industry classifications below.

We observe the number of eligible voters in the bargaining unit, the number of votes cast for and against
the union, as well as whether the union has been formed. In most cases, the union is formed when the vote
share (out of the total votes cast) strictly exceeds 50%, but in a small fraction of cases this is not the case,
perhaps because of the reversal during the appeal process. We further observe whether the election is a union
decertification election. In the main analysis, we do not distinguish between certification and decertification
elections, counting workers in re-certified unions as newly unionized; we make other choices in a robustness
check, as well as in Section 5.5.

While we use the full set of union elections to construct the treatment variable,** our instrument is
constructed only from the elections that satisfy several criteria. Of course, it only includes close elections,
defined by the vote share in favor of the union falling within a bandwidth around the cutoff of 50%. We make
two additional restrictions. First, following common practice in the unionization RD literature, elections with
fewer than 20 votes were excluded [DiNardo and Lee, 2004, Lee and Mas, 2012, Frandsen, 2021]. Second, we
drop elections that ended in a tie. Although by the National Labor Relations Act a tie is equivalent to a
union loss, including those elections in the sample may lead to bias. Elections with an even number of votes
will mechanically have a much higher chance of resulting in a close union loss than in a close union win. For
example, consider an election with 20 votes given bandwidth of 10%. There are there outcomes resulting in
a close loss (8-12, 9-11, and 10-1) but only two outcomes resulting in a close win (12-8 and 11-9). Excluding
the tie, we prevent a negative mechanical correlation between the election result and workplace size.*

Third, following Frandsen [2017, 2021], the instrument construction also excludes elections that ended
with a one-vote margin in either direction. Frandsen [2017, 2021] documented the imbalance of covariates
and unequal frequency of union wins and losses in such elections. Figure A3 confirms this in our dataset,
showing approximately 18,000 “missing” workers in elections that ended with exactly a one-vote margin in
favor of the unions. A presumed explanation is that published unionization result may in some cases report
vote counts post appeals and other legal process, and that the tendency to appeal and the acceptance rate
of those appeals is heterogeneous between close wins and close losses.

Table A2 presents summary statistics for the full set of unionization elections, as well as the restricted set
for the instrument construction. The average vote share for the unions and the share of union wins are close
to 50% in both samples. The average number of votes in the treatment (instrument) sample is 54.9 (98.3),
and the share of manufacturing establishments is 43% (52%). In both samples, over half of the elections
occurred in the 1960s and 1970s, which constitute only 40% of the study period, reflecting the decline in

unionization since 1980.

Industry classification. To construct both labor market outcomes and new unionization rates by state-
industry cells, we had to create an industry classification harmonized both across data sources and over time.
The classifications in all our data sources are based, in one way or another, on SIC codes before around 2000
and on NAICS codes thereafter. Thus, we also created two harmonized classifications for the two subperiods,
resulting in 70 industries based on 2-digit SIC87 codes and 73 industries based on 3-digit NAICS97 codes

covering the entire private sector of the economy. We use our SIC-based classification for the 1960s-1990s

44Except a small fraction that we cannot attribute to an industry. This explains the slightly smaller total number of elections
of 232,267 in Table A2. We include the entire set of 250,063 elections in the counterfactual analysis of Section 5.5.

45In support of this argument, Wang and Young [2022] provides empirical evidence that tied elections are very different from
elections where the union lost or won by a slightly larger margin.
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and the NAICS-based classification for the 2000s.

For union elections filed before the end of 1998 (which covers most elections that took place before the
end of 1999), the NLRB data report the 3-digit SIC code (with some changes in the classification over
time discussed below). The decennial censuses up until 1990 and the CPS up until 2002 use a different
classification—variable IND1990—that was harmonized over time by IPUMS.%6 This classification is loosely
based on on 3-digit SIC87 codes. To minimize measurement error, we convert IND1990 industries to 2-
digit SIC87 codes by leveraging crosswalks created by David Dorn [Autor et al., 2019]. Specifically, he
published many-to-one crosswalks from IND1990 to a slightly aggregated classification developed by him
called IND1990ddx, as well as from 4-digit SIC87 codes to IND1990ddx. While the resulting mapping from
IND1990 to the 3-digit SIC87 codes that we observe in the NLRB data would be many-to-many, the mapping
to 2-digit SIC87 codes is mostly many-to-one. In the rare cases where this is not the case, we merge those
2-digit SIC87 codes together, resulting in the 70 industry codes in our classification.

We make adjustments for the changes in the SIC classifications over time in the NLRB data. While
SIC87 codes are reported since 1987, the SIC72 classification is used between 1972 and 1986. In those years,
we only keep the elections in industries for which over 95% of national employment mapped to one of our
(significantly more aggregated) codes.*” Elections prior to 1972 use even earlier SIC schemes. We drop all
elections that did not align with a single code in our classification using the crosswalk used by Eckert et al.
[2021].

The NAICS-based concordance is more straightforward. For union elections filed since 1999, the NLRB
data report the 3-digit NAICS code, also with some changes in the classification over time. The decennial
censuses of 2000 and 2010 and the CPS starting in 2003 report the variable INDNAICS which is closely based on
NAICS97 codes and harmonized over time. Specifically, its first three digits coincide with 3-digit NAICS97,
except for “not specified” industries which we drop and a few other industries which we merge together.*®
We also merge a few codes where the NAICS codes changed over time in the decennial censuses and CPS
in a way that is not many-to-one from the newer codes to NAICS97, ultimately resulting in our 73-industry
classification. In total, across the entire period of our study, we were able to match 92.9% of unionization
elections and 99% of census records to our industry codes.

The transition from SIC to NAICS industries creates additional complications when measuring outcomes
in 10-year changes. For decennial census variables, this affects the change from 1990 to 2000. The 2000 census,
however, includes the IND1990 variable converted from INDNAICS using a crosswalk designed by ITPUMS.
We therefore compute the 1990 to 2000 change using our SIC-based classification. While the conversion
could introduce noise in differenced outcomes, we find it reassuring that employment changes do not exhibit
substantially higher volatility in the 1990s than in the decade before or after.4?

Industry transitions in the CPS, which happened between 2002 and 2003, require more care. This affects
differenced outcomes not only in the 1990s (measured as 2000-2004 minus 1986-1990) but also in the 2000s
(measured as 2010-2014 minus 1996-2000; see Table A9). The conversion from INDNAICS codes to IND1990
for 2003-04 was done by IPUMS, and we use it to compute the changes over the 1990s in our SIC-based clas-

46Note that the harmonization process conducted by IPUMS follows a majority rule, assigning each original industry code
to the harmonized industry that the majority of observations would have been assigned to. This process may lead to some
inconsistencies between the census and the unionization data in earlier decades.

4TThis calculation relies on the economic censuses of 1987 [Census, 1993], which report total employment data according to
both SIC72 and SICS87.

48We dropped codes 3MS “Not specified industries” and 4MS “Not specified retail trade.” An example of industries that we
merged is construction, which has only one INDNAICS code (code 22) but multiple 3-digit NAICS codes.

49 A small issue also arises from the fact that about one-third of the unionization elections that happened in 1999 are recorded
with NAICS codes. We exclude these elections from the RDA variables construction.
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sification. In the other direction, we apply the IPUMS crosswalk ourselves, converting IND1990 to INDNAICS
for 1996-2000 to compute the changes over the 2000s using our NAICS-based classification.

State-by-industry panel and variable construction. Once all of our datasets have harmonized state
and industry information and are assigned to a decade (in the NLRB data) or a census year (in the decennial
censuses and the CPS), we compute differenced outcomes in the panel of state-level cells by decade. Since our
industry classification changes in 2000, we compute all outcomes for the year 2000 using both classifications.

The computation of the treatment, instrument, and the RDA controls is described in detail in the main
text. We drop a small number of cell-decades in which there were more workers involved in unionization
attempts than the total number of workers at the beginning of the decade according to the census, as those
cells probably contain miscoding of the industry variable or inconsistency between the census and NLRB
coding.

Most outcomes are straightforward. The union density, pension coverage, and insurance coverage rates
are fractions of the corresponding answers in the CPS, using projection weights. In the decennial censuses,
the Gini index and the top-10% income share are calculated based on the total labor income. The log 90-10
wage ratio and the variance of log wages, along with average wages for different workforce segments, are
computed based from log hourly wages. All measures are weighted by projection weights. Employment is
measured as the sum of weights within each cell.

To estimate the college wage premium by cell and year, we broadly follow Autor et al. [2008] and Farber
et al. [2021]. We select the sample or workers with either exactly a high-school degree or at least a college

degree (or more). We then estimate the following regression by OLS with projection weights:

log Wageo, = Ys(o)i(o)t(o)College, + ﬂ;(o)t(o)Xo + error, (21)

where o stands for an individual observation that belongs to state s(o0), industry i(o), and year ¢(0), College,
is the dummy of having at least a college degree, and X, include the following set of demographics variables:
a female dummy, a non-white dummy, a quartic term in experience, and interaction terms of the female
dummy with both the non-white dummy and the quartic in experience term. Like Farber et al. [2021], we
allow the demographic coefficients to vary by state and decade. However, we restrict them to be the same
across industries within each state-decade because the sample size would be insufficient for a fully-flexible
specification. The estimates of 4 are the estimated college wage premiums.

For the inequality variables (except the college wage premium), overall wages and employment variables,
and all CPS variables, we replace a cell-decade observation as missing if it represents less than 1,000 workers
after applying projection weights or is based on less than 10 raw observations, either at the beginning or at
the end of the decade. For census variables based on a subgroup, we require to have 10 raw observations
for that subgroup: e.g., we only compute the average wage of college-educated workers in a cell if there are
at least 10 college-educated respondents in that cell. For the college wage premium, we require at least 10

observations for both high school graduates and workers with a college degree or more.
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Appendix Tables

Table Al: Published Papers Suitable for the RDA Design

Citation Journal Equations  Tables
Panel A: Difference-in-Differences Specifications
Besley and Case [2003] Journal of Economic Literature
Cooper et al. [2010] The Journal of Finance
Saez et al. [2019] American Economic Review
Akcigit et al. [2023] Econometrica
Panel B: Aggregated Outcomes, Upper-Level Specifications
Clots-Figueras [2011] Journal of Public Economics 3,4 7
Clots-Figueras [2012] American Economic Journal: Applied Economics 1,2 2,3
Bhalotra and Clots-Figueras [2014] American Economic Journal: Economy Policy 1,2 2
Bhalotra et al. [2014] Journal of Economic Behavior & Organization 1,2 2,3
Folke [2014] Journal of the European Economic Association 4,5 3
Akey [2015] The Review of Financial Studies - 7
Nellis et al. [2016] Quarterly Journal of Political Science 2,3 3
Nellis and Siddiqui [2018] American Political Science Review 2,3 2
Campante and Yanagizawa-Drott [2018] Quarterly Journal of Economics 7 4
Hyytinen et al. [2018] American Political Science Review 1,4 3
Azoulay et al. [2019] The Review of Economic Studies 3.3,34 8
Priyanka [2020] Labour Economics 1,2 3
Bhalotra et al. [2021] Journal of Development Economics 1,2 2
Merildinen [2022] The Economic Journal 2,4 3
Bahar et al. [2023] Management Science 6,7 8
Sgrensen [2023] Journal of Economic Behavior & Organization 1,2 2
Baskaran et al. [2024b] Journal of Economic Behavior & Organization 1,2 1
Geys et al. [2024] The Journal of Politics 1,4 Fig. 2
Valentim and Dinas [2024] British Journal of Political Science - 3
Panel C: Aggregated Outcomes, Lower-Level Specifications
Ferreira and Gyourko [2014] Journal of Public Economics 4 11
Beach and Jones [2017] American Economic Journal: Economy Policy 1 3
Dell and Querubin [2018] Quarterly Journal of Economics 1 2,3
de Benedictis-Kessner and Warshaw [2020]  Journal of Politics - Fig. 7
Carozzi et al. [2022] American Economic Journal: Applied Economics 2,3 2
Baskaran and Hessami [2023] The Review of Economics and Statistics 2 3
Tan [2023] Journal of Labor Economics 2 24
de Benedictis-Kessner et al. [2024] American Journal of Political Science Fig. 4
Panel D: Spillovers
Clark [2009] Journal of Political Economy 2 4
Dahl et al. [2014] American Economic Review 3-5 1
Isen [2014] Journal of Public Economics 5,6 3-5
Baskaran and Hessami [2018] American Economic Journal: Economic Policy 2 9
Bhalotra et al. [2018] The Economic Journal 1 3
Dube et al. [2019] American Economic Review 9 3
Fu and Gregory [2019] Econometrica 4 Fig. 4
Johnson [2020] American Economic Review 2 2
Santoleri et al. [2022] The Review of Economics and Statistics 1 7
Jones et al. [2022] American Economic Review 3 7,8
Mora-Garc“ia and Rau [2023] The Review of Economics and Statistics 3,4 1
Baskaran et al. [2024a] Journal of Economic Growth 1 4
Dechezleprétre et al. [2023] American Economic Journal: Economic Policy 5-7 6
Panel E: RD Aggregation over Time
Cellini et al. [2010] Quarterly Journal of Economics 12 4
Darolia [2013] Journal of Public Economics 4,5 4-8
Martorell et al. [2016] Journal of Public Economics 3 3
Lang [2018] Journal of Public Economics 11 3
Baron [2022] American Economic Journal: Economy Policy 2 5
Kuliomina [2021] European Journal of Political Economy - 4
Biasi et al. [2024] NBER Working Paper 4 3

Notes: This table lists published papers featuring research designs suitable for RDA. We have organized these papers into the
five categories as in Sections 3.1-3.3 and 4.1-4.2, although some papers may belong to more than one category. The “Equations”
column specifies the regression specification most suitable for t§g RDA analysis, while the “Tables” column references the tables
and figures containing the main results from these specifications. There are no references to equations and tables in Panel A
since those papers do not use RDA-type specifications in settings where that could be possible.



Table A2: Unionization Data Summary Statistics

Variable Treatment sample Instrument sample
All Union wins  Union losses All Union wins  Union losses

Number of elections 232267 116467 115800 118817 53024 61244
Union win 0.500 0.995 0.001 0.457 0.996 0.001
Union vote share 0.538 0.780 0.295 0.511 0.729 0.318
Number of votes 54.926 46.003 63.900 98.359 89.113 109.930
Number of eligible voters  64.804 57.874 71.774 116.123 113.187 123.262
Years 1961-1969 0.226 0.261 0.191 0.226 0.263 0.193
Years 1970-1979 0.326 0.316 0.335 0.314 0.297 0.327
Years 1980-1989 0.199 0.173 0.226 0.195 0.172 0.217
Years 1990-1999 0.150 0.141 0.159 0.162 0.153 0.169
Years 2000-2009 0.099 0.109 0.089 0.103 0.115 0.094
Manufacturing industry 0.430 0.410 0.449 0.520 0.500 0.539

Notes: The table reports mean characteristics for union elections included in our sample. The set of elections used to construct the
treatment variable (“treatment sample”) contains all elections, while the set used for the instrument construction (“instrument
sample”) contains only elections with the vote share for the union of 50 £+ 10%, at least 20 votes, and vote margin of at least 2
votes. Union wins are defined as strictly more than 50% of votes in favor of the union.

Sources: NLRB data.

Table A3: Within-Between Variance Decomposition of Log Wages, Census Data

Year Var(log hourly wage) Industry
Total Within cells Between cells classification
1960 0.262 0.192 0.071 SIC
1970 0.283 0.222 0.061 SIC
1980 0.284 0.228 0.056 SIC
1990 0.361 0.293 0.068 SIC
2000 0.387 0.326 0.061 SIC
2000 0.387 0.321 0.066 NAICS
2010 0.437 0.344 0.093 NAICS

Notes: The table presents a variance decomposition of log wages, broadly following Helpman et al. [2016]. For each census year,
we decompose the overall variance in log wages among workers in our Census sample into within and between (state-industry)
cell components. In 2000, we perform the decomposition twice, using two industry coding frameworks: SIC-based (used in our
main analysis until 2000) and NAICS-based (used from 2000 onwards). Census projection weights are used.

Sources: Decennial Census; authors’ calculations.
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Table A4: Instrument Balance, 15% Bandwidth

NewUnions Z
(1) (2) 3) (4)
Log avg hourly wage;—1 1.056 0.188 -0.155 -0.013
(0.517) (0.127) (0.070) (0.032)
Log college premium;_1 4.452 2.331 -0.002 0.046
(0.405) (0.169) (0.091) (0.045)
Log 90/10 ratios—1 3.895 1.297 0.052 -0.005
(0.630) (0.250) (0.133) (0.062)
Gini index;—1 -58.022 -20.529 -1.533 0.015
(6.424) (1.915) (1.034) (0.456)
Top 10% share;_; 40.646 13.759 1.036 0.058
(6.474) (1.796) (0.983) (0.433)
Var(log hourly wage):—1 -7.027 -2.406 0.204 -0.162
(1.486) (0.387) (0.219) (0.100)
Log employment;_1 -0.158 -0.095 -0.002 0.000
(0.051) (0.019) (0.010) (0.005)
Share with college degree;_1 -4.510 -1.497 0.153 0.090
(0.609) (0.158) (0.089) (0.050)
Share white;—1 -0.527 -0.302 -0.456 -0.049
(0.561) (0.241) (0.132) (0.051)
Share male;_1 -0.869 -0.556 -0.078 0.037
(0.516) (0.170) (0.082) (0.036)
# significant controls 9 9 3 0
Partial R? 0.1353 0.1049 0.0017 0.0000
Partial F-statistic 292.7 226.4 6.3 1.0
Partial F-test, p-value 0.0000 0.0000 0.0000 0.4557
RDA controls None None 37, . sj All
Observations 12,799 12,799 12,799 12,799

Notes: Same as Table 2, except the instrument Z is constructed from close elections defined by the bandwidth of 15%, i.e. the
union vote share of 50 4 15 percent.
Sources: Decennial Census, NLRB data, and authors’ calculations.
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Table A5: Placebo Tests: The Impact of New Unionization on Predetermined Outcomes

Panel A: Lagged Outcomes in Levels

College Gini
premium Log 90/10 coefficient Top 10% share Var(Log Wage)
Zsit 0.046 0.052 -0.019 -0.018 0.013
(0.207) (0.225) (0.059) (0.047) (0.077)
[-0.736,0.760] [-0.482,1.137]  [-0.211,0.235] [-0.170,0.179] [-0.225,0.313]
Observations 10,716 12,896 12,896 12,896 12,896

Panel B: Lagged Outcomes in Differences

ACollege AGini
premium ALog 90/10 coefficient ATop 10% share  AVar(Log Wage)
Zsit -0.344 0.491 0.038 -0.008 0.098
(0.335) (0.237) (0.060) (0.056) (0.082)
[-1.547,0.852] [-0.279,1.391]  [-0.045,0.391] [-0.122,0.309] [-0.08,0.460]
Observations 6,467 7,706 7,706 7,706 7,706

Panel C: Covariates

log(Avg wage) log(Empl.) Share college Share white Share male
Zsit -0.016 -0.587 -0.033 -0.062 0.096
(0.178) (1.180) (0.065) (0.112) (0.095)

[0.472,1.098]  [-7.612,4.531] [-0.286,0.250]  [-0.330,0.586] [-0.299,0.611]
Observations 12,896 12,896 12,896 12,896 12,896

Notes: Placebo tests based on OLS estimates corresponding to the reduced-form of our main upper-level IV specification as in
Table 3, Panel A. See notes to Table 3 for details about data and variables construction. The outcomes are measured at the
beginning of the decade in which the instrument is measured in Panels A and C and as a 10-year lagged difference in Panel B.
Sources: Decennial Census and NLRB unionization data; authors’ calculations.
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Table A7: The Impact of New Unionization on 10-Year Employment Changes

All HS Non-College College College+
(1) (2) (3) (4) (5)
Panel A: Upper-Level Estimator
Share newly unionized -0.336 0.195 -0.148 -1.782 -1.719
(0.474) (0.489) (0.459) (0.895) (0.829)
[-1.638,0.701] [-1.184,1.204] [-1.381,0.872] [-4.161,0.214] [-3.961,0.085]
Mean outcome 10.987 9.960 10.678 8.943 9.292
Mean treatment 2.76% 2.76% 2.76% 2.76% 2.76%
RDA controls v v v v v
Industry-decade and state-decade FE v v v v v
Observations 12,910 12,910 12,910 12,723 12,792
Panel B: Lower-Level Estimator
Share newly unionized 0.025 0.417 0.154 -1.086 -1.003
(0.395) (0.429) (0.386) (0.813) (0.753)
[-1.029,0.807] [-0.736,1.236] [-0.853,0.938]  [-3.402,0.347]  [-3.220,0.277]
Mean outcome 10.618 9.687 10.432 8.162 8.519
Mean treatment 9.54 9.54 9.54 9.53 9.54
RDA controls v v v v v
Industry-decade and state-decade FE v v v v v
Observations 31,256 31,256 31,256 31,167 31,207

Notes: This table reports IV estimates from the same specifications as in Table 3 but for different outcomes. The outcome in
column 1 is the 10-year change in the total log employment in the state-industry cell. The other columns consider changes in
log employment by education group: those with exactly a high-school degree (column 2), any level of education below a college

degree (column 3), exactly a college degree (column 4), and college degree or more (column 5).
Sources: Decennial Census and NLRB unionization data; authors’ calculations.
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Table A9: Definitions of Decades

NLRB Decennial Census CPS MORG CPS ASEC
Decade and ACS (for union density) (for fringe benefits)
(1) (2) ®3) (4)
1960s 1961-69 1970 minus 1960 n/a n/a
1970s 1970-79 1980 minus 1970 n/a n/a
1980s 1980-89 1990 minus 1980 1990-1994 minus 1977-1980°  1990-1994 minus 1979-1981°
1990s 1990-99 2000 minus 1990 2000-2004 minus 1986-1990 2000-2004 minus 1986-1990

2000s  2000-09*  2009-2013 minus 2000  2010-2014 minus 1996-2000  2010-2014 minus 1996-2000

Notes: For each decade in the data, column 1 reports the years of NLRB data used to compute the new unionization rate.
Columns 2-4 report the years in the decennial census (plus ACS) data, CPS MORG, and CPS ASEC data used to compute
differenced outcomes. For example, the change over 1990s in the CPS MORG is computed as the average of 2000-2004 minus
the average of 1986-1990.

% The NLRB data for the year of 2009 cover only the beginning of year.

b The May supplement to the CPS replaces CPS MORG for years 1977-1980 and replaces CPS ASEC for the year of 1979.
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Appendix Figures

Figure A1l: Within-Between Variance Decomposition of Log Wages, CPS Data
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Notes: The plot presents a variance decomposition of log wages, broadly following Helpman et al. [2016], using CPS ASEC
samples. In each year from 1980-2014, we decompose the overall variance in log wages among workers into within and between
(state-industry) cell components, using projection weights. The industry coding framework shifts from SIC-based to NAICS-

based in 2003.
Sources: CPS ASEC samples; authors’ calculations.
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Figure A2: The Counterfactual with Unionization Remaining at the 1960s Level: Other Inequality Outcomes
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Notes: Each panel presents a measure of actual within (state-industry) cell inequality (averaged across cells with beginning-of-
decade employment weights) by census year from 1970-2010, as well as its counterfactual value had the rate of new unionization
stayed at the 1960s level. The counterfactual is calculated by adding to the actual measure the product of the treatment effect
estimated in Table 3 and the cumulative shortfall in the rate of new unionization between the actual and counterfactual scenarios
(presented in the first panel of Figure 3). Confidence intervals for the counterfactuals are based on the 95% robust bias-correct
confidence intervals for the corresponding treatment effects.

Sources: Decennial Census, NLRB unionization data; authors’ calculations.
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Figure A3: Distribution of Total Eligible Voters by Union Vote Count Margin
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Notes: For each margin between -30 and 30 votes, the histogram shows the total number of eligible workers in workplaces
where unionization elections ended with this vote margin (i.e., the gap between the votes in favor and against the union). Tied
elections and elections in which the union wins by one vote are highlighted. The time rage is 1961-2009.

Sources: NLRB unionization data; authors’ calculations.
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