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Abstract

Instrumental variables (IV) are commonly used to identify treatment effects, but stan-
dard IV estimation cannot unpack the complex treatment effects that arise when a
treatment and its outcome together cause a second outcome of interest. For exam-
ple, IV estimations have been used to show that import exposure to low-wage coun-
tries has adversely affected high-wage countries’ labor markets. They have also been
used to show that such import exposure has polarized voters. However, they can-
not answer the question to what extent the latter is a consequence of the former. We
propose a new identification strategy that allows us to do so, appealing to one addi-
tional identifying assumption and requiring no additional instruments. Applying this
framework, we estimate that across specifications labor market adjustments explain
virtually all of the effect of import exposure on voting. This enables us to provide rig-
orous evidence that the correct policy response to voter polarization has to be focused
on labor markets.
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1 Introduction

Instrumental variables (IV) are broadly used to identify the causal effect of a treatment variable on

an outcome in observational data. Standard IV estimation, however, is unable to unpack the causal

chain that arises when the treatment and its outcome jointly cause a second outcome of interest.

Our empirical application at the nexus of import competition, labor markets, and voting is a case

in point: international trade between high- and low-wage countries has risen dramatically in the

last thirty years (Krugman, 2008). Consumers in high-wage countries have benefited from such

import exposure through cheaper manufactured goods. However, IV methods have been used

to show that import exposure has also caused real wage stagnation and substantial job losses in

Western manufacturing (Autor, Dorn and Hanson, 2013; Dauth, Findeisen and Suedekum, 2014;

Malgouyres, 2017).1 The same IV methods have been used to show that import exposure has

increased the support for parties and politicians with protectionist, populist, and nationalist agen-

das (Malgouyres, 2014; Dippel, Gold and Heblich, 2015; Feigenbaum and Hall, 2015; Autor, Dorn,

Hanson and Majlesi, 2016). While these two findings seem to be related, standard IV methods can-

not quantify to what extent import exposure has turned voters toward political populism because

such exposure adversely affected labor markets. Unpacking this causal mechanism is important

to guide policy-makers in designing effective responses to political populism.

From an econometric perspective, we investigate the problem of identifying causal relations

when an endogenous treatment and its outcome together cause a second outcome of interest. We

propose a solution to the problem that does not require additional instrumental variables and

can be easily implemented using the well-known two-stage least squares (2SLS) estimator. We

begin by clarifying the identification challenge. The starting point is to estimate the effect of a

non-random treatment T (e.g. import exposure) on an outcome M (e.g. regional labor market

adjustments). The ordinary least squares (OLS) estimate of said treatment effect may be biased

by omitted variables that affect both T and M (e.g. regional demand shocks may reduce regional

imports as well as employment). The solution involves using an instrumental variable Z that

affects T (i.e. there is a first-stage relation) but is uncorrelated with the omitted variables (i.e. the

1Not every paper that addresses this question uses IV. See for example Dix-Carneiro and Kovak (2017) and Pierce
and Schott (2016), who instead focus on exogenous variation in tariff reductions.
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Table 1: The Identification Problem of Mediation Analysis with IV

A. Graphical Representation

Model I: Model II: Model III:
IV for Labor M IV for Voting Y IV for the Mediation Model

εT

T M

εM

Z

εT

T YZ

ηY εT

T M Y

εM

Z

εY

B. Model Equations

T = fT (Z, εT ) T = fT (Z, εT ) T = fT (Z, εT ), M = fM (T, εM )
M = fM (T, εM ) Y = gY (T, ηY ) Y = fY (T,M, εY )
Z ⊥⊥ (εT , εM ) Z ⊥⊥ (εT , ηY ) Z ⊥⊥ (εT , εM , εY )

Notes: (a) Model I is the standard IV model, which enables the identification of the causal effect of T on M . Model II
is the standard IV model that enables the identification of the causal effects of T on Y . Model III is the IV Mediation
Model with an instrumental variable Z. (b) Panel A gives the graphical representation of the models. Panel B presents
the non-parametric structural equations of each model. Conditioning variables are suppressed for sake of notational
simplicity. We use ⊥⊥ to denote statistical independence.

exclusion restriction holds).2 This is the standard IV solution and is depicted in Model I in Table 1.

T is endogenous in a regression of M on T (i.e. εT �⊥⊥ εM ), but Z is exogenous (i.e. Z ⊥⊥ εT , εM ).

We are interested in the identification challenge that arises when there is a second outcome

of interest Y (e.g. voting) that is likely to be caused by T , both through M as well as “directly”

(which is to say, through other channels). The most straightforward approach to this is to simply

estimate the ‘total effect’ of T on Y using the same IV approach, as depicted in Model II in Table 1:

εT �⊥⊥ ηY , but Z is exogenous (i.e. Z ⊥⊥ εT , ηY ).3 In combination, Model I and Model II estimate

the causal effect of T on M and the causal effect of T on Y . However, this does not identify to

what extent the former causes the latter. In our empirical setting, there clearly could be other

channels that directly link T to Y : On the one hand, if import exposure created anxiety about

the future, this may by itself turn voters toward populism (Mughan and Lacy, 2002; Mughan,

2We base our analysis on the IV strategy proposed by Autor et al. (2013), which instruments for one high-wage
country’s trade exposure to China with other high-wage countries’ industry-specific trade exposure to China.

3It is common to use the same instrument to identify the causal effect of a treatment on several outcomes, and the
application studied here is no different. For example, three pairs of papers in the related literature each use the same
identification strategy to separately investigate the effect of import exposure on labor markets and on some form of
political outcomes; e.g. Autor et al. (2013) and Autor et al. (2016), Malgouyres (2017) and Malgouyres (2014), as well as
Pierce and Schott (2016) and Che, Lu, Pierce, Schott and Tao (2016).
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Bean and McAllister, 2003).4 On the other hand, import exposure may be politically moderating

if it lowered consumer prices, if targeted government transfers like Trade Adjustment Assistance

increased, if manufacturers shifted production toward more differentiated higher-markup output

varieties (as in Holmes and Stevens, 2014), or if it lead to task-upgrading within industries and

occupations (as in Becker and Muendler, 2015). Depending on these factors’ relative importance,

their aggregate effect on support for populists may be positive or negative. If these direct effects

as a whole were negative (i.e. the direct effect has the opposite sign of the total effect) the effect of

import exposure on voting that is mediated by labor market adjustments would actually be larger

than the total effect estimated by Model II. We find evidence that this is indeed the case.

The identification challenges that arise from this discussion are depicted in Model III in Table 1.

Equations M = fM (T, εM ) and Y = fY (T,M, εY ) imply that T causes Y indirectly through M as

well as directly, i.e. through other channels (that are graphically represented by the arrow directly

linking T to Y ). In a regression of Y on both T and M , there are two endogenous regressors (i.e.

εT �⊥⊥ εY , εM �⊥⊥ εY ), but there is only one instrument Z to address this endogeneity. Model III is

a mediation model, i.e. one where T (import exposure) causes an intermediate outcome M (labor

market adjustments) that is also a mediator in T ’s effect on a final outcome Y (voting).5 Most of the

approaches to identification in mediation analysis assume that T is as good as randomly assigned

(i.e. εT ⊥⊥ εM ), making them not applicable to the IV settings we are interested in. See, e.g., Imai,

Keele, Tingley and Yamamoto (2011). The only existing approaches to achieving identification in

the IV setting of Model III require separate dedicated instruments for M , which require additional

exogeneity assumptions that are considerably more restrictive than the standard ones (e.g. Jun,

Pinkse, Xu and Yildiz 2016; Frölich and Huber 2017).

Our proposed solution does not assume away endogeneity in any of the key relationships

in Model III and does not require additional instruments. Instead, we rely on the insight that in

many research settings the omitted variable concerns themselves suggest a natural solution. This

is the case when T is endogenous in a regression of Y on T primarily because of omitted variables

that affect M . For example, in the literature above, the main endogeneity concern in a regression

4 In our empirical specification, import exposure refers to the net import exposure, i.e. the exposure to imports after
accounting for export exposure.

5Mediation analysis decomposes the total effect of T on Y into the indirect effect of T on Y that operates through M
and the direct effect that does not. The indirect effect may alternatively be labeled as the ‘mediated effect’. For recent
works on this literature, see Heckman and Pinto (2015b); Pearl (2014); Imai, Keele and Tingley (2010a).
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of regional manufacturing employment (M ) on import exposure (T ) is that unobserved adverse

regional demand shocks reduce regional imports as well as employment, and it seems likely that

such shocks affect voting (Y ) primarily to the extent that they affect labor markets. We show

that this assumption alone is sufficient to unpack the causal channels in Model III, allowing us

to identify the extent to which T causes Y through M . We further show that under linearity,

the resulting identification framework is straightforwardly estimated using three separate 2SLS

estimations of the effect of T on M , the effect of T on Y , and the effect of M on Y conditional on

T .6 We also develop a procedure to bound the possible range of the direct and the indirect effects

linking T and Y when the identifying assumption of our framework is relaxed.

We apply our method to data on regional import exposure, labor market adjustments, and

voting patterns in Germany from 1987 to 2009. The data is organized as a stacked panel of two

first differences for the periods 1987–1998 and 1998–2009, with specific start- and end-points dic-

tated by national election dates. The analysis precedes the European debt crisis and each period

includes a large international trade shock: In 1989, the fall of the Iron Curtain opened up the East-

ern European markets, and in 2001 China’s accession to the WTO led to another large increase

in import exposure. We use German data in part because it offers several advantages, especially

relative to the U.S., for the question at hand: (i) Germany’s multiparty system straddles the en-

tire political spectrum, from the far left to the extreme right, so that we can consistently measure

changes in political preferences over time. (ii) Germans cast their main vote for a party at large as

opposed to by district, so local voting patterns are not confounded by local variation in political

messaging.7 (iii) We are able to measure vote shares, regional import exposure, and labor market

conditions all at the same statistical unit of 408 Landkreise.8 (iv) Unique among attitudinal socioe-

conomic surveys, the German Socio-Economic Panel’s (SOEP) long-running panel structure allows

us to cross-validate the aggregate results with an individual-level panel-analysis, relating decadal

6 Our main focus lies on estimating the product of the effect T on M and the effect M on Y , i.e. the indirect effect,
and to compare it to the estimated total effect of T on Y . This objective is naturally similar to traditional approaches to
mediation analysis, which assume that both T and M are exogenous, and apply OLS to estimate three equations,

Y = δTY · T + ηY , M = βTM · T + εM , and Y = βTY · T + βMY ·M + εY ,

and then compare the total effect δTY to the indirect effect βMY · βTM . See Baron and Kenny (1986) and MacKinnon (2008)
for an overview, as well as the discussion in our section 2.1.

7 This vote, called Zweitstimme, mainly determines a party’s share of parliamentary seats.
8 In U.S. data, by contrast, one observes vote-shares in 3,007 counties, politicians in 435 congressional districts, and

trade shocks in 741 commuting zones.
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changes in individual workers’ stated party preferences to changes in their local labor market’s

import exposure over the same time.

We combine changes in national sector-specific trade flows with regional labor markets’ initial

industry mix to determine regional import exposure (T ), and instrument T with a measure based

on other high-wage countries’ sector-specific trade flows (Z). Estimating Model I in Table 1, we

corroborate existing results that import exposure significantly reduces total employment (M ), par-

ticularly in manufacturing, raises unemployment, and negatively affects manufacturing wages.

Estimating Model II in Table 1, we find that import exposure (T ) increased voter polarization (Y ).

There is a significant positive effect on the vote share of the nationalist and highly protectionist

extreme right.9 There are no significant effects on turnout, or on any of the mainstream parties,

the far left, or other small parties.10 These findings are corroborated by the SOEP’s individual-

level data, where we can show that the effects are entirely driven by low-skill workers employed

in manufacturing, i.e. those most affected by the labor market adjustments to increasing import

exposure. Using gravity residuals instead of our IV strategy yields similar results.11

Next, we estimate Model III. The effect of trade-induced labor market adjustments on voting

is at least as large as the total effect of import exposure on voting, suggesting that other channels

though which import exposure affects voting are moderating the total effect. When we relax the

identifying assumptions and derive bounds on the indirect effect, we find a lower bound of 70

percent. This, even at the lower bound, labor market adjustments appear to be the primary reason

for the populist backlash against import exposure.

Our paper’s contribution is twofold: It addresses a relevant substantive question at the nexus

of the literatures on trade, local labor markets, and politics; in order to do so, it makes a method-

ological contribution to the literature on causal mechanisms and on IV. On the methodological

side, we offer a mediation model that relies on a single instrumental variable Z that directly causes

T to identify three causal effects, while allowing for endogenous variables caused by confounders

9 Election outcomes are divided into changes in the vote-share of (i) four mainstream parties: the CDU, the SPD,
the FDP and the Green party, (ii) extreme-right parties, (iii) far-left parties, (iv) other small parties, and (v) turnout, see
Falck, Gold and Heblich (2014).

10 Of course, all other parties combined must have a vote share loss of equal magnitude and significance to the extreme
right’s gain.

11 We report these for completeness, as this is standard in the literature on import exposure and labor markets (Autor
et al., 2013; Dauth et al., 2014). However, our focus is naturally on the IV setting to which our identification framework
applies.
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and for unobserved mediators. This parsimonious feature is useful for the typical observational

data setting, where good instrumental variables are scarce. Our model can be estimated by well-

known 2SLS methods, its identifying assumption can be relaxed to derive bounds instead of point

estimates, and it can be applied to a potentially broad range of empirical research questions in

which an endogenous treatment and its primary outcome together cause a second outcome of in-

terest. On the substantive side, our analysis confirms that labor market adjustments, concentrated

in manufacturing, are the main reason for the political backlash against free trade in the data we

study.

The rest of the paper proceeds as follows: Section 2 explains our identification approach.Section 3

describes the data. Section 4 presents the IV results for Model I and Model II, establishing the causal

effects of import exposure on labor markets and voting. Section 5 applies Model III. Section 6 con-

cludes.

2 Mediation with an Instrumental Variable

In the following, section 2.1 lays out the definition and identification of causal effects in a medi-

ation model, i.e. a model where a treatment T and its outcome M jointly cause another outcome

Y . In section 2.2, we present the exclusion restrictions needed to obtain identification of all causal

effects using an instrument Z for T . These include the standard IV assumptions needed to identify

Model I and Model II, as well as the novel exclusion restriction needed to unpack Model III. Under

the assumption of linearity, section 2.3 derives an easily operationalized estimation procedure that

relies on a series of 2SLS estimations. Finally, in section 2.4 we derive a complementary bounding

exercise that relaxes our identifying assumption.

2.1 Causal Effects in the Mediation Model

Our goal is to evaluate a sequence of causal relations where import exposure T causes labor market

adjustments M , and both T and M cause changes in voting behavior Y . Such a sequence of causal

relations is called a mediation model (Pearl, 2011). In a mediation model, the total effect (TE) of T

on Y can be decomposed as the sum of the ‘indirect effect’ (IE) of T on Y that is mediated by M

and the ‘direct effect’ (DE) of T on Y that is not mediated by M . Let εT , εM , εY be the unobserved
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error terms associated with variables T,M, Y , respectively.

A general nonparametric model that portrays these causal relations is then given by

T = fT (εT ), (1)
M = fM (T, εM ), (2)
Y = fY (T,M, εY ). (3)

Causal effects are defined by the difference between counterfactual variables.12 For instance,

let M(t) be the counterfactual variable M when T takes the value t. The causal relation in equa-

tion (2) yields the counterfactual variable M(t); while causal relation (3) yields the counterfactual

variables Y (t), Y (m), and Y (m, t) as defined below:13

M(t) = fM (t, εM ), (4)
Y (t) = fY (t,M(t), εY ), (5)
Y (m) = fY (T,m, εY ), (6)

Y (m, t) = fY (t,m, εY ). (7)

The causal effect of T on M when T takes values t1, t0 is given by the expected value of the

difference E(M(t1) −M(t0)). The three main causal effects of interest in a mediation setting (i.e.

the TE,DE, and IE) are defined as follows:14

TE =E(Y (t1)− Y (t0)) ≡
∫
E(Y (t1,M(t1))− Y (t0,M(t0))) (8)

DE(t) =E(Y (t1,M(t))− Y (t0,M(t))) ≡
∫
E
(
Y (t1,m)− Y (t0,m)

)
dFM(t)(m) (9)

IE(t) =E(Y (t,M(t1))− Y (t,M(t0))) ≡
∫
E
(
Y (t,m)

)[
dFM(t1)(m)− dFM(t0)(m)

]
(10)

The seminal work of Robins and Greenland (1992) showed that under the assumption of the

mutual independence of the error terms, i.e. εT ⊥⊥ εM , εM ⊥⊥ εY , εT ⊥⊥ εY , the TE, IE, and

DE can be causally identified in equations (1)–(3). See Online Appendix A. Under linearity, this

12 Causal effects and counterfactual outcomes, as well as exclusion restrictions are defined non-parametrically. As is
standard, we therefore use a non-parametric model when discussing causality in sections 2.1 and 2.2. Counterfactual
variables are defined by fixing an argument of a structural equation to a value. The counterfactual variable M(t), for
instance, is defined by fixing the T -input of this structural equation to the value t, namely, M(t) = fM (t, εM ). See
Heckman and Pinto (2015a) for a discussion.

13 Counterfactual variable Y (t) in (5) denotes the potential outcome Y when T takes the value t, Y (m) is the coun-
terfactual outcome when M is fixed to the value m, and Y (m, t) is the counterfactual outcome that arises when both T
and M are fixed to t and m, respectively.

14 Pearl (2011) makes a distinction between controlled (or “prescriptive”) and natural (or “descriptive”) effects. He
uses the terms controlled direct effect and controlled indirect effect for equations (9) and (10) respectively. In the linear
case, which will be our focus, this distinction disappears. See also footnote 21.

7



amounts to the series of three OLS regressions in footnote 6.15

The assumption of the mutual independence among all error terms is clearly a strong one:

Assuming that the error terms εT and εM are statistically independent, i.e. εT ⊥⊥ εM , implies

that there are no unobserved variables that jointly cause T and M . In this case, T is exogenous

with respect to M , i.e. we have random assignment as in a randomized control trial (RCT), a

condition that is rarely satisfied in observational data. For example, in our empirical application,

the literature’s concern that unobserved adverse regional demand shocks reduce regional imports

(T ) as well as employment (M ) implies εT �⊥⊥ εM , which precludes the independence between

T and counterfactuals M(t) and Y (t) in equations (4), (5), i.e. T �⊥⊥
(
Y (t),M(t)

)
. Hence, T is

endogenous and the causal effect of T on the outcomes M and Y cannot be identified on the basis

of their observed distributions. This is the identification challenge that Model I and Model II in

Table 1 solve using IV.16

Relatedly, assuming the mutual independence among all error renders both the DE and IE

identified because it makes variables T andM exogenous with respect to Y (See Online Appendix

A). This assumption does not follow even when treatment T is randomly assigned, as in an RCT.

Drawing further on our empirical application to illustrate the pitfalls of this assumption, it is likely

that εM �⊥⊥ εY because unobserved industry or worker characteristics that affect labor market

outcomes may also affect political preferences. The statistical dependence εM �⊥⊥ εY precludes

the independence between M and counterfactuals
(
Y (m, t), Y (m)

)
in equations (6), (7), i.e. M �⊥⊥(

Y (m), Y (m, t)
)
. Hence, the causal effect of M on Y cannot be identified on the basis of their

observed distributions. This is the additional identification challenge that arises when trying to

estimate Model III in Table 1, which our framework will allow us to solve by using an instrumental

variable.

In summary, the mutual independence among all error terms εT , εM , and εY is unlikely to

hold in observational data. However, without this assumption causal effects are not identified

on the basis of observed distributions. To gain identification, we modify the standard mediation

15 A large literature on mediation analysis relies on the Sequential Ignorability Assumption A-3 of Imai, Keele and
Yamamoto (2010b) to identify mediation effects. We discuss this assumption in Online Appendix B, which is related
to the assumption of the mutual independence of the error terms εT , εM , εY . See Frölich and Huber (2017) for a recent
review of the mediation literature.

16 Model II in Table 1 amounts to a direct estimate of the TE in equation (8). By contrast, Model III in Table 1, which
makes the mediation setup explicit, estimates the TE as the sum of the DE and IE in equations (9)–(10).
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model by adding an instrument Z that causes T , thus equation (1) becomes T = fT (Z, εT ). Stated

more succinctly, we study identification of the mediation model in an IV setting. In section 2.2

we derive two well-known exclusion restrictions and one novel one, which together allow for the

identification of all causal effects of interest while allowing for the dependence among all key error

terms εT , εM , and εY , and requiring an instrument only for T .

2.2 Exclusion Restrictions

In the following, section 2.2.1 discusses the well-known exclusion restrictions needed for identifi-

cation of Model I and Model II; section 2.2.2 presents the novel exclusion restriction needed for the

identification of Model III, without the use of additional instruments.

2.2.1 Exclusion Restriction to Identify Model I and Model II in Table 1

The standard property of an instrumental variable Z is that it affects outcomes M and Y only

through its impact on treatment T . Put another way, for Z to be an instrument, it must be the case

that Z is statistically independent of unobserved error terms εT , εM and εY , which jointly cause

T,M and Y . This property is of course well-established, but in the interest of clarity we state it

again as Assumption A-1.17

Assumption A-1 The independence relation Z ⊥⊥
(
εT , εM , εY

)
holds in the mediation model (1)–(3).

Assumption A-1 merely states the independence condition that characterizes Z as an instrumental

variable for T in M(t) as well as Y (t). Lemma L-1 states the well-established result that Assump-

tion A-1 generates the two exclusion restrictions needed to estimate Model I and Model II.18

Lemma L-1 Under Assumption A-1, the following statistical relations hold:

Targeted Causal Relation IV Relevance (First Stage) Exclusion Restriction

T → Y Z �⊥⊥ T and Z ⊥⊥ Y (t)
T →M Z �⊥⊥ T and Z ⊥⊥M(t)

Proof P-1 See P-1 in Appendix A.
17 As mentioned, Autor et al. (2013) fostered a large literature that uses import exposure of other countries (say O’s)

as an instrument Z for one specific country’s (say G’s) import exposure to low-wage manufacturing countries. See
expressions (35) and (36) for the precise definitions of T and Z in our empirical application.

18 Model I stands for the standard IV model that evaluates the effect of T on M using Z as the instrument. Model II
stands for the IV model that evaluates the total effect (TE) of T on Y .
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The exclusion restrictions in L-1 imply that Z is a valid instrument for T , and thus the coun-

terfactual outcomes M(t) and Y (t) can be evaluated using standard IV techniques. This is not

surprising. L-1 simply means that an instrument for T enables the identification of the causal ef-

fect of T on M as well as T on Y. The exclusion restriction that applies to the mediator M also

applies to outcome Y . The fact that M causes Y (and not the opposite) plays no role in generating

the exclusion restrictions. Indeed, the lemma would remain the same if the causal relationM → Y

were reversed toM ← Y . This irrelevance of the causal direction betweenM and Y highlights the

fact that identification of Model I and Model II does not lead to identification of Model III. In Section

2.2.2 we address this problem by invoking the error dependence structure discussed therein.

Remark 2.1 Exclusion restrictions such as L-1 are necessary but not sufficient to identify causal
effects. An extensive IV literature exists on the additional assumptions that grant the identification
of causal effects.19

2.2.2 Exclusion Restriction to Identify Model III in Table 1

Our interest is in settings where T and M jointly cause a second outcome of interest Y , as in equa-

tion (3). What we will exploit for identification is that in many such settings the omitted variable

concerns themselves suggest a natural solution to the identification challenges involved. This is

best illustrated in our empirical application, where the main endogeneity concern in a regression

of regional manufacturing employment (M ) on import exposure (T ) is that unobserved adverse

regional demand shocks reduce regional imports as well as employment. The critical observation

is that the endogeneity concerns in the relation between import exposure and voting (Y ) emanate

primarily from the labor market channel. In other words, the main concern about unobservables in

this relation is that regional demand shocks that affect import exposure also affect voting through

their labor market effects. Using this intuition, the framework we propose hinges on allowing

unobserved shocks that impact import exposure to also affect voter preferences through labor

markets, but not through unrelated channels. This is made precise in Assumption A-2.

19 See Dahl, Huber and Mellace (2017) for a recent review. Examples of these additional assumptions are monotonic-
ity (Imbens and Angrist, 1994; Heckman and Pinto, 2017), separability of the choice equation (Heckman and Vytlacil,
2005) or control functions (Blundell and Powell, 2003, 2004).
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Assumption A-2 The following dependence relations hold in the mediation model (1)–(3):

εT ⊥⊥ εY , but εT �⊥⊥ εM , εM �⊥⊥ εY , and εT �⊥⊥ εY |εM (11)

The only assumption in A-2 that is needed for identification is that error terms εT , εY are uncondi-

tionally independent, i.e. εT ⊥⊥ εY . None of the remaining assumptions εT �⊥⊥ εM , εM �⊥⊥ εY , and

εT �⊥⊥ εY |εM is needed for identification. These remaining assumption merely clarify that we do

not assume away endogeneity in any of the key relations: We allow for error terms εT , εM to cor-

relate, we allow for error terms εM , εY to correlate, and we allow for εT , εY to correlate conditional

on εM , i.e. εT �⊥⊥ εY |εM , which implies M is endogenous in equation (3).

Remark 2.2 Under εT ⊥⊥ εY , either εT ⊥⊥ εM or εM ⊥⊥ εY would imply εT ⊥⊥ εY |εM :
(i) If εT ⊥⊥ εM and εM �⊥⊥ εY , then the causal effects of T on M and T on Y (Model I and Model II)
could be identified using OLS. However, identification of the causal effect of M on Y would re-
quire a separate dedicated instrument Z̃ that has no impact on Y other than through M .
(ii) If εT �⊥⊥ εM and εM ⊥⊥ εY , then the causal effects of T onM and T on Y could only be identified
using IV. However, the causal effect of M on Y could be identified using OLS.
(iii) Finally, if εT ⊥⊥ εM and εM ⊥⊥ εY , then the causal relations (1)–(3) could be identified by the
three OLS regressions in footnote 6.

It is important to note that we are not claiming that the assumption εT ⊥⊥ εY is appropriate in

all mediation-type settings characterized by causal relations (1)–(3). Instead, our identification

approach is appropriate for settings like ours where T is endogenous in the relation of T and Y

primarily because of omitted variables that affectM , and throughM also Y . There will be settings

where this assumption is implausible or at least debatable. It is therefore desirable to be able to

relax εT ⊥⊥ εY . We do this in Section 2.4, where we show that under εT �⊥⊥ εY we can still bound

the correlations between error terms and the estimates of all key causal relations in the data.

A-2 yields a non-obvious new exclusion restriction, which allows for the use of Z as an instru-

ment for M , when conditioned on T , as stated in Lemma L-2. Critically, this implies that we can

identify three causal effects using only a single instrument (or set of instruments) dedicated for T .

Lemma L-2 Under A-1–A-2, the following statistical relation holds:

Targeted Causal Relation IV Relevance (First Stage) Exclusion Restriction

for M → Y Z �⊥⊥M |T and Z ⊥⊥ Y (m)|T

Proof P-2 See P-2 in Appendix A.
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Lemma L-2 is novel, and it is worth discussing both Z’s explanatory power for M , conditional on

T , as well as Z’s validity as an instrument for M , conditional on T : The relevance of the IV for

M conditional on T , i.e. Z �⊥⊥ M |T , comes from a residual variation argument, which we again

illustrate in our empirical application: there, the endogeneity concern in the relation between T

and M is that an industry-j-specific domestic demand shock will reduce both local import ex-

posure (T ) and local employment (M ) in regions that are specialized in industry j. The solution

advanced in the literature is to use other (high-wage) countries’ imports as the basis of an instru-

ment (Z) that is orthogonal to Germany-specific demand conditions. The key piece of intuition for

Z’s explanatory power forM , conditional on T , is that when other countries’ industry-specific im-

ports are high relative to (i.e. conditional on) German industry-specific imports, these will partly

reflect the unobserved German industry-specific demand conditions, i.e. the source of the bias.

Conditional on German imports (T ), other countries’ higher imports in a given sector therefore

“cause” additional reductions in German employment because they reflect negative German de-

mand conditions.20 The exclusion restriction of L-2 implies that the instrumental variable Z can

be used to evaluate the causal relation of M on Y if (and only if) conditioned on T. Indeed, while

Z ⊥⊥ Y (m)|T holds, Z ⊥⊥ Y (m) does not. In other words, Z is a valid instrument for M only

when conditioning on T . In Online Appendix C we summarize the error dependences of A-2 once

more visually in a directed acyclic graph (DAG), as in Model III in Table 1.

Remark 2.3 The exclusion restrictions in L-1 and L-2 also hold for a more general model that
allows for an unobserved mediator U that is caused by T and causes both M and Y. Notationally,
this model is characterized by the following equations: T = fT (Z, εT ), U = fU (T, εU ), M =
fM (T,U, εM ), and Y = fY (T,M,U, εY ). We investigate this model in Online Appendix D.

Corollary C-1 Under A-1–A-2, the counterfactual outcome Y (m) conditioned on T = t is equal in dis-

tribution to the counterfactual outcome Y (m, t), i.e., (Y (m)|T = t)
d
=Y (m, t).

Proof P-3 See P-3 in Appendix A.

Corollary C-1 states that the counterfactual outcome Y (m) conditioned on T = t, i.e. (Y (m)|T =

t), is equal in distribution to the counterfactual outcome Y (m, t). As a consequence, the total

effect (equation (8)) can be decomposed into the direct effect (equation (9)), and the indirect effect

(equation (10)).
20 Whether they indeed do so is a question of explanatory power, not identification.
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Remark 2.4 An alternative identification approach to identify the counterfactual outcome Y (m)
is with an additional dedicated IV. Consider an additional variable Z̃ that plays the role of an IV
that is exclusively dedicated to M. This means that variable Z̃ is characterized by two properties:
(i) Z̃ does not cause T ; and (ii) Z̃ has no impact on Y other than throughM. This instrument could
be used to evaluate the causal effect of M on Y ; however, the availability of such instrument is
unlikely in most empirical settings. See e.g. Frölich and Huber (2017), and also Online Appendix
E, where we discuss the potential applicability as well as pitfalls of using a second dedicated
instrument Z̃.

2.3 The IV Mediation Model under Linearity

As is standard, in section 2.2 we have used a non-parametric model to discuss causality. To de-

rive an easily operationalized estimation procedure from the identification results we derived, we

will assume linearity from here on. Linearity is commonly assumed in many applied literatures,

in particular is it pervasive in the local labor markets literature which our empirical application

belongs to. Under linearity, the exclusion restrictions in section 2.2 simply translate into a lack of

correlation between error terms. We will show that this renders a just-identified model. We will

show that we can use standard 2SLS estimation procedures to identify the causal effect of T onM ,

T on Y , and M on Y , thereby decomposing the total effect of T on Y into its direct and indirect

effect. Under linearity (and adding the instrument), the causal relations in equations (1)–(3) can

be written as follows:

Z = εZ , (12)

T = βZT · Z + εT , (13)

M = βTM · T + εM , (14)

Y = βTY · T + βMY ·M + εY , (15)

where εZ , εT , εM , εY , are error terms whose variances are denoted by σ2
εZ
, σ2

εT
, σ2

εM
, σ2

εY
, respec-

tively. Let ρTM stand for the correlation between εT and εM . Likewise, let ρTY , ρMY stand for the

correlations between εT , εY and εM , εY , respectively. For sake of notational simplicity, we assume

that each variable has a mean of zero. This assumption does not incur a loss of generality. The

direct effect is given by the coefficient DE = βTY , the indirect effect is given by the coefficient mul-

tiplication IE = βTM · βMY , and the total effect is the sum of these two terms TE = βTY + βTM · βMY .21

21 The linear model lacks treatment-mediator interactions and therefore has homogeneous effects, i.e. Pearl’s nat-

13



We are interested in evaluating the linear coefficients βZT , β
T
M , β

T
Y , β

M
Y . The identification of these

coefficients depends on the covariance matrix of observed data. Therefore, it is useful to represent

equations (12)–(15) in matrix form. Let X = [Z, T,M, Y ]′ be the vector of observed random vari-

ables and ε = [εZ , εT , εM , εY ]′ be the vector of unobserved error terms. Matrix Ψ in (16) stands for

the arrangement of linear coefficients.


Z
T
M
Y


︸ ︷︷ ︸

X

=


0 0 0 0
βZT 0 0 0
0 βTM 0 0
0 βTY βMY 0


︸ ︷︷ ︸

Ψ

·


Z
T
M
Y


︸ ︷︷ ︸

X

+


εZ
εT
εM
εY


︸ ︷︷ ︸

ε

. (16)

Equations (12)–(15) are thus written as X = Ψ ·X+ε. Equation (17) presents the covariance matrix

ΣX of observed variables X:

ΣX ≡ Var


Z
T
M
Y

 =


σZZ σZT σZM σZY
· σTT σTM σTY
· · σMM σMY

· · · σY Y

 . (17)

Let Σε denote the covariance matrix of unobserved error terms ε. Assumption A-1 states that Z is

an IV. It implies that error term εZ is statistically independent of εT , εM , εY . Thus, Σε is given by

Σε ≡ Var


εZ
εT
εM
εY

 =


σ2
εZ 0 0 0
· σ2

εT ρTMσεT σεM ρTY σεT σεY
· · σ2

εM ρMY σεMσεY
· · · σ2

εY

 . (18)

Assumption A-2 states that εT ⊥⊥ εY , but allows for εT �⊥⊥ εM , εM �⊥⊥ εY , and εT �⊥⊥ εY |εM . Under

linearity, this translates into ρTY = 0, but ρTM 6= 0 and ρMY 6= 0 in Σε. As well, εT �⊥⊥ εY |εM

implies ρTY |εM 6= 0. In Appendix B, we describe how to straightforwardly generate a simulated

dataset with these dependence relations.

The identification of linear coefficients βZT , β
T
M , β

T
Y , β

M
Y and the unobserved parameters in Σε as

defined by (18) is based on the equality between the covariance matrices of the observed random

ural and controlled effects (see our footnote 14) coincide. This is called the no-interaction assumption, in which the
mediation and direct effects do not depend on the values of the treatment T .
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variables and unobserved error terms, namely

X = Ψ ·X + ε ⇒ (I−Ψ) X = ε ⇒ (I−Ψ) ΣX (I−Ψ)′ = Σε. (19)

Let Σ̃ε be the covariance matrix (18) under our key assumption that ρTY = 0. This covariance

matrix is displayed in (21).

Σ̃X ≡


1 0 0 0
−βZT 1 0 0

0 −βTM 1 0
0 −βTY −βMY 1


︸ ︷︷ ︸

I−Ψ

·


σZZ σZT σZM σZY
· σTT σTM σTY
· · σMM σMY

· · · σY Y


︸ ︷︷ ︸

ΣX

·


1 −βZT 0 0
0 1 −βTM −βTY
0 0 1 −βMY
0 0 0 1


︸ ︷︷ ︸

(I−Ψ)′

= (20)

=


σ2
εZ 0 0 0
· σ2

εT ρTMσεT σεM 0
· · σ2

εM ρMY σεMσεY
· · · σ2

εY


︸ ︷︷ ︸

Σε under ρTY =0

≡ Σ̃ε. (21)

The equality (20)–(21) compares two covariance matrices of dimension four. Each matrix has

4 · 4 = 16 elements. We use Σ̃ε[i, j] to denote the element in the i-th row and j-th column of matrix

Σ̃ε. For sake of notational simplicity, we define Σ̃X ≡ (I−Ψ) ΣX (I−Ψ)′, where Σ̃X[i, j] denotes

the element in the i-th row and j-th column of the matrix (I−Ψ) ΣX (I−Ψ)′ . The matrix is sym-

metric, thus the equality generates ten equations: four diagonal equations and six off-diagonal

ones. Notationally, these ten equalities are defined by Σ̃X[i, j] = Σ̃ε[i, j] for i ≤ j; i, j ∈ {1, 2, 3, 4}.

Four of the six off-diagonal equations are equal to zero, namely, Σ̃X[1, j] = 0 for j ∈ {2, 3, 4}

and Σ̃X[2, 4] = 0. What follows are the equations associated with the four zero elements in the

covariance matrix (21):

Σ̃X[1, 2] = 0⇒ σZT − βZT σZZ = 0 ⇒ βZT = σZT
σZZ

. (22)

Σ̃X[1, 3] = 0⇒ σZM − βTMσZT = 0 ⇒ βTM = σZM
σZT

. (23)

Σ̃X[1, 4] = 0

Σ̃X[2, 4] = 0

⇒ σZY − βMY σZM − βTY σZT = 0

σTY − βMY σTM − βTY σTT = 0

 ⇒

 βMY = σZT σTY −σTT σZY
σZT σTM−σTT σZM .

βTY = −σZMσTY −σTMσZY
σZT σTM−σTT σZM .

(24)
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The four equalities in (22)–(24) suffice to identify all linear coefficients βZT , β
T
M , β

M
Y , β

T
Y of equa-

tions (12)–(15). There are six remaining equalities in (20)–(21). The four diagonal equations gen-

erated upon (20)–(21) identify the variances of the error terms. Those equations are listed in (25).

The left-hand side of each equation consists of observed covariances or identified parameters. The

right-hand side of each equation consists of the error variances.

Σ̃X[1, 1] = Σ̃e[1, 1] ⇒ σZZ = σ2
εZ
.

Σ̃X[2, 2] = Σ̃e[2, 2] ⇒
(
σTT − βZT σZT

)
− βZT

(
σZT − βZT σZZ

)
= σ2

εT
.

Σ̃X[3, 3] = Σ̃e[3, 3] ⇒
(
σMM − βTMσTM

)
− βTM

(
σTM − βTMσTT

)
= σ2

εM
.

Σ̃X[4, 4] = Σ̃e[4, 4] ⇒

 1
−βMY
−βTY

′  σY Y σMY σTY
σMY σMM σTM
σTY σTM σTT

 1
−βMY
−βTY

 = σ2
εY
.

(25)

The last two equalities can be extracted from (20)–(21) to identify the correlations ρTM and ρMY ,

which are described as follows:

Σ̃X[2, 3] = Σ̃e[2, 3] ⇒ σTM − βZT σZM − βTM (σTT − βZT σZT ) = ρTMσεT σεM .

Σ̃X[3, 4] = Σ̃e[3, 4] ⇒

 1
−βMY
−βTY

′  σMY σTY
σMM σTM
σTM σTT

( 1
−βTM

)
= ρMY σεMσεY .

(26)

With βZT , β
T
M , β

M
Y , β

T
Y identified by the four equalities in (22)–(24), and σεZ , σεT , σεM , σεY identified

by the four equalities in (25), equation (26) is therefore just-identified for ρTM and ρMY .

The identification formulas to identify all linear coefficients βZT , β
T
M , β

M
Y , β

T
Y are described in the

right-hand side of the expressions (22)–(24). Each identifying formula is associated with a well-

known econometric estimator as follows:

1. Parameter βZT is identified by (22) as the covariance betweenZ and T divided by the variance

of Z. This formula implies that βZT can be estimated by the OLS regression of T on Z.

OLS: T = βZT · Z + εT . (27)
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2. Parameter βTM is identified by (23) as the ratio of the covariance between Z and M divided

by the covariance of Z and T. This formula implies that βTM can be estimated by a 2SLS esti-

mation where Z is the IV, T is the endogenous explanatory variable, and M is the outcome

variable. Namely, βTM can be estimated by evaluating the standard 2SLS model as follows:

First Stage: T = βZT · Z + εT , (28)

Second Stage: M = βTM · T̂ + εM , (29)

where T̂ stands for the estimated values of T in the first stage.

3. Parameters βMY , β
T
Y are jointly identified by the two remaining equations in (24). In Online

Appendix F we show that βMY and βTY are the expected values of the estimators of a 2SLS

regression where T plays the role of a conditioning variable, Z is the instrument, M is the

endogenous variable, and Y is the dependent variable. Namely, βMY and βTY can be estimated

by evaluating the following two-stage model:

First Stage: M = γZM · Z + γTM · T + εT , (30)

Second Stage: Y = βMY · M̂ + βTY · T + εY , (31)

where M̂ are the estimated values of M in the first stage.

The estimation procedure associated with identification formulas (28) and (29) is the standard

IV approach, and commonly understood. By contrast, the estimation procedure associated with

identification formulas (30) and (31) is novel. In fact, it is a novel property of the framework laid

out here that Z is a valid instrument to identify the causal effect of M on Y when conditioned

on T . For this, and the intuition for the first stage (30), we refer the reader back to the exclusion

restriction of Lemma L-2, i.e. Z ⊥⊥ Y (m)|T , as well as Corollary C-1.

Having established our core result and the intuition for our model, we also want to make the link

to Table 1 explicit. In it, Model I stands for the standard IV model that evaluates the effect of T on

M using Z as the instrument. This model is estimated by the 2SLS regression defined by equations

(28) and (29). Model III is the mediation model with IV. This model is estimated by Model I plus

the 2SLS regression represented by the linear equations (30)–(31). Model II stands for the IV model
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that evaluates the total effect (TE) of T on Y directly. In Table 1, we have T = fT (Z, εT ) on Y =

gY (T, ηY ). The independence relation Z ⊥⊥ (εT , ηY ) induces the exclusion restriction Y (t) ⊥⊥ Z,

and T is endogenous due to the statistical dependence between error terms εT and ηY . Model II

is obtained from Model III by substitution of the mediation variable M in (29) into the outcome

equation in (31) as follows:

Y = βMY ·M + βTY · T + εY and M = βTM · T + εM (32)

⇒ Y = βMY ·
(
βTM · T + εM

)
+ βTY · T + εY (33)

=
(
βMY · βTM + βTY

)︸ ︷︷ ︸
TE

·T + βMY εM + εY︸ ︷︷ ︸
ηY

≡ gY (T, ηY ). (34)

The error term ηY of Model II is mapped into βMY εM + εY in (34). Thus, the correlation between ηY

and εT results from the correlation between εM and εT , and the independence Z ⊥⊥ (εT , ηY ) is due

to Z ⊥⊥ (εT , εM , εY ) in A-1.22

Remark 2.5 In Online Appendix H, we extend the identification results and estimation meth-
ods of Section 2.3 to enable conditioning on additional covariates K. The identification analysis
amounts to simply replacing the covariance matrix Σ̃X of the observed variables X by the co-
variance matrix Σ̃X|K of variables X conditioned on covariates K. The identified parameters can
be estimated by adding those covariates to the OLS regression (27) and the two 2SLS regressions
defined in (28)–(29) and (30)–(31).

2.4 Allowing for General Error Dependency

As previously noted, Assumption A-2 is equivalent to assuming that T is endogenous in a regres-

sion of Y on T only because of confounders that affect T and M . Under linearity, Assumption A-2

implies ρTY = 0, and generates a model in which all parameters are point-identified. We view

Assumption A-2 as quite plausible in our setting, but there are evidently many IV mediation set-

tings (i.e. settings that can be described by equations (12)–(15)), where the identifying assumption

is harder to defend. It is therefore helpful to extend the framework to relax Assumption A-2, i.e.

allowing ρTY 6= 0. This is equivalent to leaving the statistical dependence among error terms en-

tirely unrestricted. In Appendix C.1, we show how to generate a simulated dataset such that ρTY
22 In Online Appendix G, we investigate the particular case in which the instrument Z consists of a single variable.

We show that the estimate of the total effect TE = βMY ·βTM+βTY evaluated by the 2SLS regressions in (28)–(29) and (30)–
(31) is numerically the same as the standard 2SLS estimate of the causal effect of T on Y in Model II, namely, the 2SLS
estimate of θTY that uses T = βZT · Z + εT for the first stage and Y = θTY · T + εY for the second stage.
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can take any value.

Under ρTY 6= 0 we have a model with eleven instead of ten parameters: four coefficients

βZT , β
T
M , β

T
Y , β

M
Y , four error variances σ2

εZ
, σ2

εT
, σ2

εM
, σ2

εY
, and three correlations ρTM , ρTY , ρMY . The

identification of these coefficients relies on the matrix equality in (19), which yields ten identi-

fying equalities. In Appendix C.2, we show that these equalities render six of the eleven model

parameters point-identified. Those are the coefficients βZT , β
T
M , the correlation ρTM , and the vari-

ances σ2
εZ
, σ2

εT
, σ2

εM
. For the remaining five parameters, βMY , β

T
Y , ρTY , ρMY , σ

2
εY

, we are left with

four equalities. Since these five parameters are thus not point-identified, neither the direct effect

DE = βTY nor the indirect effect IE = βTM · βMY are point-identified. We can still evaluate bounds

for these effects. In Appendix C.2, we show a procedure for doing so in which we express pa-

rameters βMY , β
T
Y , ρMY and σ2

εY
as functions of the values that parameter ρTY could take. In turn,

we impose simple model restrictions on the covariance structure of the data to bound the possi-

ble range of ρTY . Figure 1 illustrates the bounds of the parameters when we generate a simulated

dataset, as described in Appendix C.1, with a true value of the correlation ρTY = 0.6 (solid vertical

line). Each possible value of ρTY within the lower and upper bound (dashed vertical lines around

0.2 and 0.7) implies values of the other four parameters βMY , β
T
Y , ρMY , and σ2

εY
. Appendix C.1 gen-

erates the simulated data so that βZT = βTM = βTY = βMY = σεY = 1. At the true value of ρTY = 0.6,

the values of the βTY , β
M
Y and σεY also attain their true values, that is, σεY = βTY = βMY = 1. In

Section 5, we will apply this bounding exercise to our empirical application.

19



Figure 1: Bounds for Parameters ρTY ,σεY ,ρMY ,βTY and βMY .
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Notes: This figure presents the bounds for model parameters ρTY ,σεY ,ρMY ,βTY ,βMY . The dashed vertical lines denote
the bounds on ρTY . These in turn generate the bounds of all remaining parameters. The true value of ρTY , that is,
ρTY = 0.6, is marked by a vertical solid line. Note that at the true value of ρTY = 0.6, the values of the βTY , β

M
Y and

σεY also attain their true values, that is, σεY = βTY = βMY = 1.

3 Data

Our data is organized as a stacked panel of first differences between election dates, 1987 to 1998

and 1998 to 2009, staying as close as possible to the decadal changes usually studied in the liter-

ature. We study German regions’ exposure to trade with Eastern Europe and China, which was

exogenously affected by the fall of Communism and China’s WTO accession. In Germany, imports

from and exports to China and Eastern Europe roughly tripled from 1987 to 1998 (from about 20

billion to about 60 billion Euros each),23 and again tripled between 1998 and 2009.

Our data is observed at the county (Landkreis) level.24 We drop all city-states from the sample,

and follow Dauth et al. (2014) in excluding East German counties from the first period of analysis,

but including them in the second period. This imbalanced nature of the panel has no bearing on

23Throughout the paper, we report values in thousands of constant-2005 Euros using exchange rates from the German
Bundesbank.

24 We follow Dauth et al. (2014) in using counties as a representation of German local labor markets. Dauth et al.
(2014) show that results are qualitatively identical when using broader ‘functional labor markets’ but at the cost of
econometric precision.
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the estimation because we include period-specific region fixed effects for four broad regions in

all estimations (North, West, South, and East Germany). Indeed, none of our results are affected

at all by dropping East Germany altogether; we include it primarily to stay close to the existing

literature. We observe 408 counties in our data, 86 of which are in East Germany. Over the two

periods, we have 730 ((408− 86) + 408) observations in total. For reference, we represent the data

as two separate Landkreise-maps for the two periods in Appendix D.

With a view toward the mediation framework we develop in Section 2, we need the following

variables: Treatment Tit is our measure of local labor market i’s import exposure in period t.

MediatorsMit are labor market variables, and Final outcome Yit refers to voting outcomes. Finally,

we construct Zit as an IV for Tit. We now explain how these variables are measured.25

3.1 Import Exposure (Treatment T )

Following Autor et al. (2013) and Dauth et al. (2014), we construct net import exposure as follows:26

Tit =
∑
j

Lijt
Ljt

∆IMGjt −∆EXGjt

Lit
. (35)

∆IMGjt denotes changes in Germany’s imports in industry j in period t. Local labor market i’s

composition of employment at the beginning of period t determines its exposure to changes in

industry-specific trade flows ∆IMGjt over the ensuing decade.27 Sector j receives more weight if

region i’s national share of that sector Lijt
Ljt

is high, but a lower weight if i’s overall workforce Lit

is larger. Autor et al. (2013) focus on imports (∆IMGjt) and consider the net of imports (∆IMGjt)

minus exports (∆EXGjt) only in their appendix. Dauth et al. (2014) show that in Germany imports

from and exports to low-wage manufacturing countries are not only more balanced in the aggre-

gate than in the U.S. but also correlate positively at the industry level. As a result, when working

with German data it is better to consider a local labor market’s net import exposure, and this is

what we do throughout the paper.

One concern with the measure of import exposure in equation (35) is that it is a composite effect

25 Conditioning variables Kit are discussed with the results in Section 4.1.
26Throughout the paper, we refer to net import exposure as import exposure for short.
27The Institut für Arbeitsmarkt- und Berufsforschung (IAB) reports industries of employment Lij in standard interna-

tional trade classification (SITC), and we link these to the U.N. Comtrade trade data using the crosswalk described in
Dauth et al. (2014), which covers 157 manufacturing industries.
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of the relative importance of trade-intensive industries and the relative importance of manufactur-

ing employment in a region (i.e. 1
Lit

relative to
∑

j Lijt). The share of manufacturing employment

might independently shape subsequent labor-market and voting changes. This well-known prob-

lem is solved by always conditioning on region i’s initial share of manufacturing employment in

all our regressions (Autor et al., 2013).

3.2 Labor Market Variables (Mediator M )

We use the Institut für Arbeitsmarkt- und Berufsforschung (IAB)’s Historic Employment and Estab-

lishment Statistics database to glean information on workers’ industry of employment, occupa-

tion, and place of work for all German workers subject to social insurance.28 Individual-level data

are aggregated up to the Landkreis level to match our voting data. We consider decadal changes in

(i) total employment, (ii) manufacturing’s employment share, (iii) manufacturing wages, (iv) non-

manufacturing wages, and (v) unemployment, with data for the last one coming from the German

Statistical Office. Online Appendix I provides additional information on data sources and variable

construction.

3.3 Voting (Final Outcome Y )

To measure how import exposure affects voting behavior, we focus on party-votes in federal elec-

tions in Germany (Bundestagswahlen).29 Due to its at-large voting system, Germany, like most

continental European countries, has consistently had a multiparty system that spans the full po-

litical spectrum from far-left to extreme-right parties. This fact allows us to contrast the effect of

import exposure on populists parties’ vote share with that for moderate parties. We label four

parties as “established” in that they were persistently represented in parliament over the 22 years

we study. There is also many small parties whose vote share is always far below the 5 percent

threshold of party votes needed to enter the federal parliament.30 We collected these data to cre-

28see Bender, Haas and Klose (2000) for a detailed description. Civil servants and self-employed individuals are
not included in the data. Furthermore, we exclude workers younger than 18 or older than 65, and we exclude all
individuals in training and in part-time jobs because their hourly wages cannot be assessed.

29 The party vote, called Zweitstimme, mainly determines a party’s share of parliamentary seats. German voters also
cast a second vote for individual candidates, called Erststimme. This vote for individuals affects the very composition
of party factions in the parliament, but it has no significant influence on their overall parliamentary share. Moreover,
the decision on individual candidates might be strategic. We thus follow Falck et al. (2014) and focus on the party vote.

30This threshold is not binding if a party wins at least three seats through the vote for individual candidates (Er-
ststimme). During our period of analysis, this occurred once, in 1994. The individual candidates of the PDS party
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ate a novel dataset of party vote shares at the county level. We group the small parties into three

categories: far-left, extreme-right, other small parties. Altogether, Landkreis-level voting outcomes

are divided into changes in the vote-share of (i) four mainstream parties (the CDU, the SPD, the

FDP and the Green party), (ii) extreme-right parties, (iii) far-left parties, (iv) other small parties,

and (v) turnout; see Falck et al. (2014).31

3.4 Others’ Import Exposure (Instrument Z)

Endogeneity concerns in estimating the effect of import exposure on labor markets and voting

come from the fact that domestic demand and supply shocks may simultaneously affect Tit, local

labor market outcomes, and local voting behavior.

To overcome this problem, we follow the approach in Autor et al. (2013), instrumenting Ger-

many’s net imports from China and Eastern Europe, ∆IMGjt − EXGjt, with the average imports

from (exports to) China and Eastern Europe of a similar set of high-wage economies, ∆IMOjt

(∆EXOjt):32

ZIM
it =

∑
j

Lijt−1

Ljt−1

∆IMOjt

Lit−1
, ZEX

it =
∑
j

Lijt−1

Ljt−1

∆EXOjt

Lit−1
. (36)

Finally, again following Autor et al. (2013), we lag the initial employment shares by one decade to

address reverse causality concerns, denoting the lag by the subscript t− 1.

4 Baseline Results

In this section, we estimate Model I (trade effect on labor markets) and Model II (trade effect on

voting) using the standard IV approach.

won four seats by Erststimme. As a result, the party received 30 seats in total, according its 4.4 percent of party votes
(Zweitstimme) received.

31 Online Appendix J provides additional background on the German political system and party landscape, and in
Online Appendix K, we present descriptive patterns on the vote share variables by period.

32 We choose the same countries as Dauth et al. (2014) to instrument German imports and exports: Australia, Canada,
Japan, Norway, New Zealand, Sweden, Singapore, and the United Kingdom. This set of countries excludes Eurozone
countries because their demand conditions are likely correlated with Germany’s.
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4.1 Model I

Under linearity, Model I can be estimated by evaluating the following two-stage model:

Tit = βZT · Zit + βKT Kit + ηit, (37)

Mit = βTM · Tit + βKMKit + εit. (38)

Equations (37) and (38) are equations (28) and (29) with control variables Kit included and sub-

scripts added to reflect the panel nature of the data. Model II will be estimated by the same model,

with Yit replacing Mit in the second stage (38).

Kit includes i’s start-of-period manufacturing employment share; the employment share in

the largest sector;33 employment share in the chemical industry;34 the start-of-period employ-

ment share that is foreign-born; share of female population and share of population at retirement

age; and the start-of-period unemployment rate; finally, start-of-period turnout and parties’ vote-

shares. Also included is a set of period-specific region fixed effects (North, West, and South); the

regions are comparable to U.S. Census divisions (Dauth et al., 2014).35 The regional fixed effects

are period-specific to allow for different trends by period. Standard errors εit are clustered at the

level of 96 larger economic zones defined by the Federal Office for Building and Regional Planning

(BBR).

We use the exact same set of control variables in Model I and Model II. The core economic

controls are well-motivated and routinely included in the related literature. Adding social and

baseline voting controls is motivated by Model II and turns out to have more bearing on the esti-

mates of interest in Model II than in Model I, as one would expect. We emphasize that Model I has

been examined in detail in other papers, including Autor et al. (2013), whose results have already

been replicated for Germany by Dauth et al. (2014). We therefore keep the results for Model I brief.

There is, however, one aspect that we need to explore for the purposes of our analysis. There is

naturally more than one observed labor market outcome that is likely to be impacted by import

competition. In addition to (i) total employment, we observe (ii) manufacturing’s employment

33It is a feature of the German economy that some regions are dominated by one specific industry. In such regions,
individual firms (e.g. Daimler-Benz, Volkswagen, or Bayer) are likely to have political bargaining power, and as a result
politicians may help buffer trade shocks to limit adverse employment effects.

34To account for the spatial clustering of this specific industry in Germany.
35Each of West Germany’s 10 states (Bundesländer) is fully contained inside one of these three regions.
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share, (iii) manufacturing wages, (iv) non-manufacturing wages, and (v) unemployment. Total

employment (i) is probably the most direct measure of the potential consequences of import ex-

posure, but we find that (ii) and (iii) are also significantly impacted by import competition, with

weak effects also for (iv) and (v).36

Without additional separate dedicated sets of instruments for each potential mediator, our

method can only identify the effect of as many mechanisms as there are treatments. Indeed, it

is likely to be a common problem for researchers interested in applying the method developed

here that there will often be a number of observed variables that potentially link a treatment T to

an outcome Y . We therefore need to aggregate the multiple mechanisms into a single index. A

principal component analysis is attractive in this regard because it generates indices that are purely

statistical measurements based on the total variation in labor market outcomes and are orthogonal

to one another by construction.37 This approach is appealing as long as the mediating effects are

sharply concentrated in a single principal component that has a clear interpretation. We label the

principal components as “labor market components” (LMC).

Table 2: German Labor Markets’ Principal Components’ Factor-Loadings

(1) (2) (3) (4) (5)
∆ log ∆ Share ∆ log ∆ log ∆ Share

employment Manuf. Empl. Manuf. Wage Non-Manuf. Wage Unempl.

LMC1 0.1711 -0.3632 0.5108 0.5486 0.5261

LMC2 0.7625 0.6004 0.2104 0.0607 -0.1012

LMC3 -0.5389 0.397 0.5311 0.3251 -0.4053

Notes: The table reports on the factor loadings of the five labor market variables on LMC1 and LMC2. See discussion
in the text. LMC1’s eigenvalue is 2.707, explaining 54.1 percent of the total variation. LMC2’s eigenvalue is 1.281,
explaining 25.6 percent of the total variation. LMC3’s eigenvalue is 0.509, explaining 10.2 percent of the total variation.

One can best interpret the LMCs through their relation to the labor market outcomes we ob-

serve, specifically through their factor loadings. Table 2 reports on the LMCs’ factor loadings.

By construction, there are always as many LMCs as variables but to keep this section brief, we

36 This is consistent with prior research that clearly shows that the labor market effects of import exposure are con-
centrated in manufacturing employment (Autor et al., 2013; Dauth et al., 2014).

37By contrast, methods that take weighted averages (Christensen and Miguel, 2016; Kling, Liebman and Katz, 2007)
are usually applied to creating an outcome-index, but are unattractive for creating a mediating variable index precisely
because they pre-impose weights. Similarly, factor analysis is more suitable when there are strong priors on how to
group variables (Heckman, Pinto and Savelyev, 2013).
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report only the first three. The convention is to regard only the LMCs with an eigenvalue larger

than 1, i.e. only the first two in our case. In our data, LMC1 and LMC2 together explain about

80 percent of the variation in the labor market data (0.541 + 0.256). The third LMC explains only

10.2 percent, the fourth and fifth together explain the remaining 10 percent. LMC1 is somewhat

ambiguous: it has a weak positive correlation with overall employment but a negative one with

manufacturing employment. Moreover, it is positively correlated with changes in wages, but also

with unemployment.38 By contrast, LMC2’s interpretation is unambiguous: its factor loadings are

strongly positive for changes in manufacturing employment and total employment, and negative

for changes in unemployment. Thus, while LMC1 appears to capture the divergence between

manufacturing jobs and the rest of the labor market, LMC2 captures common changes between

manufacturing jobs and the overall labor market, i.e. the core labor market adjustments that are

most affected by import exposure.

The estimation results of Model I are displayed in Table 3, each cell reporting on a different

regression specification. In column 1, our least conservative specification considers only the start-

of-period manufacturing employment share as a control.39 In column 2, we account for the dispro-

portionate regional employment share of some firms by including a control for the employment

share in the largest sector, along with a control for the employment share in the chemical industry.

In column 3, we add controls for the start-of-period employment share that is foreign-born, share

of female population, population share at retirement age, and the start-of-period unemployment

rate. In column 4, we add start-of-period turnout and party vote-shares. The addition of con-

trols in columns 3 and 4 is motivated by Model II, but we will need to maintain the same control

variables for labor market outcomes in our mediation framework and therefore apply the same

here.

In the upper part of Panel A, we investigate the five individual labor market outcomes, where

we view total employment as the primary one. Import exposure has a significant negative effect

38 Our interpretation of LMC1 is that it reflects the polarization of high-wage countries’ labor markets (Goos, Man-
ning and Salomons, 2009, 2014), associated with both higher wages and higher unemployment. A related view on
LMC1 is provided by the urban agglomeration literature, where Duranton and Puga (2005) point out that regional
specialization has become “functional” as opposed to “sectoral” over the past decades, implying a tendency for head-
quarters and business services to cluster in large cities, a trend that appears to be clearly borne out in Germany (Bade,
Laaser and Soltwedel, 2003).

39 We always control for a region’s start-of-period manufacturing share in employment, because it inherently drives
part of the variation in Tit; see the discussion in Section 3.4.
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Table 3: Model I: Effect of Import Exposure T on Labor Markets M

(1) (2) (3) (4)

Panel A: Second Stage (38), for Individual Labor Market Outcomes

∆ log employment -0.023*** -0.024*** -0.024*** -0.022***
[0.004] [0.006] [0.003] [0.006]

∆ Share Manuf. Empl. -0.440** -0.486** -0.684*** -0.732***
[0.048] [0.018] [0.000] [0.000]

∆ log Manuf. Wage -0.006** -0.006** -0.005** -0.005**
[0.013] [0.014] [0.020] [0.018]

∆ log Non-Manuf. Wage -0.005*** -0.005*** -0.003** -0.002
[0.004] [0.002] [0.046] [0.309]

∆ Share Unempl. 0.076 0.061 0.127* 0.082
[0.271] [0.426] [0.053] [0.232]

LMC1 -0.032 -0.032 0.024 0.029
[0.495] [0.473] [0.512] [0.409]

LMC2 -0.265*** -0.278*** -0.322*** -0.308***
[0.003] [0.002] [0.000] [0.001]

LMC3 -0.028 -0.028 -0.060* -0.056
[0.523] [0.564] [0.097] [0.156]

LMC4 0.023 0.011 -0.001 -0.035
[0.435] [0.698] [0.966] [0.255]

LMC5 0.017 0.011 0.007 -0.009
[0.415] [0.589] [0.749] [0.691]

Panel B: First Stage Equation (37)

βIMM 0.225*** 0.212*** 0.214*** 0.217***
[0.000] [0.000] [0.000] [0.000]

βEXM -0.206*** -0.206*** -0.206*** -0.202***
[0.000] [0.000] [0.000] [0.000]

Controls Baseline + Industry +Socio + Voting
R-Squared 0.524 0.551 0.555 0.566
F-Stat. of excluded Instruments 43.81 43.64 40.15 38.77
Period-by-region FE Yes Yes Yes Yes
Observations 730 730 730 730

Notes: (a) Each cell reports results from a separate IV regression. The data is a stacked panel of first-differences at
the Landkreis level. Each regression has 730 observations, i.e. 322 Landkreise in West Germany, observed in the two
periods 1987–1998 and 1998–2009, and 86 Landkreise in East Germany 1998–2009. We drop three city-states (Hamburg,
Bremen, and Berlin in the East). (b) All specifications include region-by-period fixed effects. Columns incrementally add
controls: Column 1 controls only for start-of-period manufacturing and period-specific region fixed effects. Column 2
adds further controls for industrial structure listed in the text. Column 3 adds further socio-economic and demographic
controls listed in the text. Column 4 adds beginning-of-period voting controls. (c) Across rows, we investigate different
outcomes. For example, the top row reports a semi-elasticity where a one-standard-deviation increase in Tit (e1,372 per
worker) decreased total employment by about 3 percent, (e−0.022·1.372 − 1 = −0.03). (d) The bottom panel reports the
first-stage results. p-values are reported in square brackets, standard errors are clustered at the level of 96 commuting
zones. *** p<0.01, ** p<0.05, * p<0.1.
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on total employment, and on manufacturing employment and wages, as well as a weak effect

on the unemployment rate. In our preferred specification in column 4, a one-standard-deviation

increase in Tit (e1,372 per worker) decreases total employment by about 3 percent (e−0.022·1.372 −

1 = −0.03).40 In the lower part of Panel A, we investigate the effect of Tit on the five principal

components LMC1–LMC5. We argued that PC analysis is appealing if the mediating effects turn

out to be sharply concentrated in one PC, and this PC has a clear interpretation. Indeed, this turns

out to be the case here: comparing the results for LMC2 to those of the other four, it is the only

one significantly impacted by import competition in all specifications, and the p-value is 0.001

or lower in all specifications. By contrast, the other four LMCs are largely unaffected by import

competition.41 For the estimation of Model III, we will later focus on LMC2 because it appears to

summarize the effects of import exposure on labor markets very well in this data.

Panel B reports on the first-stage results of estimating equation (37). These results are highly

significant, have the expected sign, and are in line with estimates in the existing literature.42 We

do not study any individual-level labor market results; we refer the interested reader to Dauth et

al. (2014), who present such evidence for Germany.

4.2 Model II

We now turn to estimating Model II, which shares the first-stage equation (37) with Model I, but

replaces Mit with Yit in the second-stage equation (38). We devote more attention to Model II

because our empirical application is an investigation of the causes of political populism and the

subsequent results are original to this study. In Table 1, in the Introduction, Model II represents

causal equations T = fT (Z, εT ) and Y = gY (T, ηY ). The endogeneity implied by εT �⊥⊥ ηY can be

solved with the same instrument as in Model I because Z ⊥⊥ εT , ηY .

Table 4 presents our baseline results of this 2SLS estimation. Each cell reports results from

a different regression. While we are primarily interested in political support for populists, our

voting data allow us to study effects on the entire political spectrum, i.e. changes in the vote-

40 We report corresponding OLS results in Online Appendix L (Table Online Appendix Table 4).
41 Given our interpretation of the LMCs, these results resonate with existing evidence that import exposure has had

large effects on (overall and manufacturing) employment, while the polarization of work and the rise of service jobs
(i.e. our LMC1) were explained by other factors, primarily automation (Autor, Dorn and Hanson, 2015).

42 For added clarity, we break the instrument βZT ·Zit in the first-stage equation (37) into a separate import and export
instrument βIMT · Z IM

it + βEXT · ZEX
it . Whether we have one instrument or a vector of instruments has no bearing on our

argument that we develop a method that requires instruments dedicated to only one endogenous variable T .
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shares of moderate, small, extreme-right, and far-left parties, as well as turnout. Each row in

Table 4 pertains to one of these different outcome variables. Columns refer to different regression

specifications, which are introduced in exactly the same manner as in Table 3. In addition, column

5 reports the results from our preferred specification in column 4 as standardized coefficients to

facilitate a comparison of the magnitudes of the effect on different election outcomes.

The effects are broadly consistent across all specifications, though we see that the stepwise

inclusion of controls reduces the estimated magnitude. Looking at the whole political spectrum,

it is only the support of extreme-right parties that consistently and significantly responds to in-

creasing import competition. We see no significant effects on turnout or on established, small, or

far-left parties in our preferred specification in column 4 of table 4. Only the FDP vote share shows

something close to a significant response to import exposure, but this response is much less sig-

nificant than the response of the extreme-right parties’ vote share and half the relative magnitude

(in column 5), so that our focus is on the extreme-right parties.43 In our preferred specification in

column 4, a one-standard-deviation increase in Tit (e1,372 per worker) increases the extreme-right

vote share by 0.13 (0.096 · 1.372) percentage points, around 20 percent of the average per-decade

increase of 0.64 percentage points during the 22 years we study. Column 5 reports the results from

our preferred specification as beta coefficients, which shows that the estimated effects for all other

parties are also economically insignificant as compared to the effect on extreme-right parties.44

Interpreting the effects: Whether far-left or extreme-right populists capture protectionist

sentiments is ultimately country-specific. As The Economist (July 30th, 2016) put it in a head-

line,“Farewell, left versus right. The contest that matters now is open against closed.” Nonethe-

less, political scientists argue that the political left in Europe has found it difficult to take a coherent

position against globalization over the past two decades, often hampered by internal intellectual

conflicts (Arzheimer, 2009). Sommer (2008, p. 312) argues that “in opposing globalization, the

left-wing usually criticizes an unjust and profit-oriented economic world order. [It] does not reject

43 The less precisely estimated effect on the vote share of the market-liberal FDP may be interpreted as weak evidence
for polarization. One possible explanation for this effect is that regions hit by a trade shock may face increasing demand
for redistribution or government intervention in markets (Rodrik, 1995). As a result, those who do not approve such
policies may choose to vote for the FDP. More generally, beneficiaries from import competition may demand increasing
trade liberalization. Based on our reading of German politics, we take this as a hint for possible polarization, if the
economically liberal FDP became an attractive choice for voters who position themselves against growing protectionist
sentiments in their region.

44 We present corresponding OLS estimates in Table Online Appendix Table 5 of Online Appendix L.
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Table 4: Model II: Effect of Import Exposure (T ) on Voting (Y )

(1) (2) (3) (4) (5)

∆ Turnout 0.002 0.003 0.003 0.002 0.032
[0.348] [0.266] [0.225] [0.254] [0.254]

Established Parties:

∆ voteshare CDU,CSU -0.128 -0.159 -0.174 -0.090 -0.021
[0.457] [0.369] [0.310] [0.471] [0.471]

∆ voteshare SPD -0.020 -0.004 0.024 0.026 0.002
[0.897] [0.978] [0.872] [0.810] [0.810]

∆ voteshare FDP 0.215*** 0.204*** 0.202*** 0.120 0.022
[0.005] [0.009] [0.007] [0.102] [0.102]

∆ voteshare Greens -0.132** -0.152*** -0.093* -0.056 -0.020
[0.022] [0.009] [0.079] [0.204] [0.204]

Non-Established Parties:

∆ voteshare Extreme-Right 0.118*** 0.129*** 0.122*** 0.096** 0.047**
[0.001] [0.001] [0.002] [0.045] [0.045]

∆ voteshare Far-Left -0.037 -0.035 -0.087 -0.081 -0.021
[0.773] [0.793] [0.440] [0.434] [0.434]

∆ voteshare Other Small -0.015 0.018 0.006 -0.015 -0.012
[0.696] [0.640] [0.874] [0.713] [0.713]

Controls Baseline + Industry +Socio + Voting ∼ (4)
Period-by-region F.E. Yes Yes Yes Yes Yes
Observations 730 730 730 730 730

Notes: (a) Each cell reports results from a separate instrumental variable regression. The data is a stacked panel of first-
differences at the Landkreis level. Each regression has 730 observations, i.e. 322 Landkreise in West Germany, observed
in the two periods 1987–1998 and 1998–2009, and 86 Landkreise in East Germany 1998–2009. We drop three city-states
(Hamburg, Bremen, and Berlin). (b) All specifications include region-by-period fixed effects. Columns incrementally
include added controls in identical fashion as Table 3. Column 4 is our preferred specification, which includes all
controls. Column 5 reports on the same specification, with standardized outcome variables to facilitate comparison
of magnitudes across rows. (c) Across rows, we report on different voting outcomes. Our focus will be on the most
significant, and as column 5 shows also the most sizeable voting response, which occurs on the extreme right. (d) The
first stage is identical to that in Table 3. p-values are reported in square brackets, standard errors are clustered at the
level of 96 commuting zones. *** p<0.01, ** p<0.05, * p<0.1.
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globalization per se but rather espouses a different sort of globalization. In contrast, the solutions

proposed by the extreme right keep strictly to a national framework. The extreme right’s claim,

therefore, that it is the only political force that opposes globalization fundamentally [...] rings

true.”45 In Appendix D, we provide anecdotal evidence linking local import exposure to increas-

ing support for the extreme right in two German regions.

While it is clear that import exposure has increased the extreme right’s vote share in our data,

the overall effect is small. This is partly mechanical because in our setup the fixed effects absorb

bigger shifts in voting behavior. More important, however, Germany did not have a populist

party with broad appeal during our study period. All anti-globalization parties at the right fringe

were extremist parties with neo-Nazi ties and associations to the Third Reich, which made them

anathema to most Germans. Where populist leaders have broad appeal, the political backlash to

import exposure may be more strongly reflected in changing vote shares. The coefficient size is

thus specific to the political context. Our focus is, however, not on the magnitude of the effect of

import exposure on voting behavior but on the causal mechanisms underlying it.46

Robustness to Gravity Estimation: We also estimate results based on gravity residuals.

This approach does not use IV but instead estimates the exogenous evolution of industry-specific

Chinese and Eastern European comparative advantage over Germany based on a comparison of

bilateral trade flows of Germany and ‘China plus Eastern Europe’ vis-a-vis a set of relevant des-

tination markets.47 The gravity results are reported in Appendix E and are in line with those in

Table 4. Reporting these gravity results is standard in the related literature (Autor et al., 2013;

Dauth et al., 2014), but our focus is naturally on the IV setting to which our identification frame-

work applies.

Corroborating Evidence in an Individual-Level Analysis: One benefit of using German

data is that Germany’s Socio-Economic Panel (SOEP) has a long-run panel structure that is unique

45 For illustration, we excerpt from the extreme-right NPD’s “candidate manual’”: “Globalization is a planetary
spread of the capitalist economic system under the leadership of the Great Money. Despite by its very nature being
Jewish-nomadic and homeless, it has its politically and militarily protected locus mainly on the East Coast of the United
States” (Grumke, 2012, p. 328).

46 Aside from the size of estimated coefficients, we also note that Germany had relatively balanced trade with low-
wage manufacturing countries during our study period and did not experience the “China Shock” in the same way as
the U.S. and other high-wage countries. See Online Appendix K.

47 See Autor et al. (2013) and Dauth et al. (2014) for a discussion of the gravity-residuals approach relative to the IV
approach.
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among attitudinal socioeconomic surveys, starting in 1984 (GSOEP, 2007).48 Importantly, we can

locate individuals inside their local labor markets. As a result, we can associate individual work-

ers w with their local labor market i’s import exposure (T ), instrument T with Z as before, and

add the same set of regional controls. This allows us to track decadal changes in individuals’ party

preferences in a way that mirrors our main local labor market analysis.49 For our purpose, the rel-

evant GSOEP question asks: “If there was an election today, who would you vote for?” We translate

this question into a series of dummies that reflect the full party spectrum also observed in Table

4, e.g. one dummy if the individual would vote for the CDU, one if the individual would vote for

the SPD, etc. The results, reported in Appendix F, mimic closely our main Table 4. A county’s im-

port exposure shifts individuals’ preferences to the extreme right. Splitting the sample by worker

types, we find the results to be entirely driven by low-skill workers, and more specifically those in

manufacturing sectors, who are also most likely to experience adverse labor market effects from

import exposure.

Without Model III, this is as far as we can go. Standard IV methods generate a causally identi-

fied effect of import exposure on total employment (βTM = −0.027) and a causally identified effect

of import exposure on voting (TE = 0.102). We now estimate the mediation model to identify the

extent to which the former explains the latter.

5 Model III: Mediation Analysis

In this section, we apply the estimation framework developed in Section 2 to estimate Model III.

This allows us to estimate the indirect effect IE of import exposure on voting that runs through

labor markets. The extent to which import exposure polarized voters because it caused labor

market adjustments is identified by a comparison of this indirect effect with the total effect of

import exposure on voting.50

48 In the U.S., the General Social Survey (GSS) for example added a panel component only in 2008.
49 Because the SOEP only started to ask about voting intentions for the full party spectrum in 1990, we use the time

windows 1990–1998 and 1998–2009, i.e. a slightly shorter period 1 compared to our main results.
50 The total effect is estimated in Model II as 0.0963, reported in Table 4. The indirect effect is β̂TM , reported in Table 3,

multiplied by the effect of M on Y , which we now estimate.
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Model III can be estimated by evaluating the following two-stage model:

Mit = γZM · Zit + γTM · Tit + γKMKit + εit, (39)

Yit = βMY ·Mit + βTY · Tit + βKY Kit + ηit. (40)

Equations (39) and (40) are exactly equations (30) and (31) in section 2.3, except that control vari-

ables are included and subscripts added to reflect the panel nature of the data.51

Which mediators should one consider in estimating equations (39) and (40)? Table 3 showed

that two mediators in particular, i.e. the share of manufacturing employment as well as total

employment, were most strongly impacted by import exposure. The principal component that

summarizes the common variation in these two variables, LMC2, was also very strongly impacted

by import exposure. Since we cannot unpack the mediating effects of manufacturing employment

and overall employment separately, we view LMC2 as our key mechanism, as it is likely to capture

all of the core labor market adjustments to import exposure. Nonetheless, for illustrative purposes,

Table 5 reports the results of estimating equations (39) and (40) for all five labor market variables

we have, as well as their first two principal components, across columns 1–7.

Panel A presents the results of the second-stage equation (40). As one may have expected,

columns 1, 2 and 7 show that it is the labor market variables that most responded to import ex-

posure in Table 3 that in turn appear to be the only ones to significantly impact extreme-right

voting. The log of manufacturing wages is the only labor market outcome that responded to im-

port exposure in Table 3 and is not estimated to have a significant mediation effect in Table 5. The

point estimate β̂MY in column 1 indicates that a one-percent drop in employment raises the change

in the extreme right’s vote share by 0.06 percentage points, i.e. 6.181/100, relative to an average

per-decade increase of 0.64 percentage points during the 22 years we study.

The real importance of the point estimates β̂MY lies in generating the indirect effect IE = β̂MY ×

β̂TM . This, together with other parameters of the mediation model is reported in Panel B of Table 5.

The β̂TM of import exposure on log employment was estimated in Table 3 (as Model I), to be−0.0216.

The β̂TM of import exposure on the share of manufacturing employment was estimated in Table 3

to be −0.7317. The β̂TM of import exposure on LMC2 was estimated in Table 3 (as Model I) to be

51 The first-stage coefficients are denoted by γ’s instead of β’s because they do not correspond to parameters in the
causal model represented by equations (12)–(15).
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−0.308. The indirect effect IE is the product of β̂MY × β̂TM . The estimated IE of 0.134 happens to be

identical to the third digit for log employment and the share of manufacturing employment, i.e.

across columns 1–2. For LMC2, our preferred summary measure of the impact of import exposure

on all labor market outcomes, it is very similar at 0.121. The TE estimated in Table 4 (as Model II)

is constant across columns. Finally, the implied share of the total effect that is mediated by labor

market adjustments is 139 percent (0.134/0.096) when focusing on the log of total employment or

the share of manufacturing employment, and it 125 when using our preferred summary measure

LMC2.

These results suggest that other channels linking import exposure to voting need to be politi-

cally moderating in the aggregate. Indeed, β̂TY in Table 5 consistently has a negative sign.52 An-

other way to state this is that if the only effect of import exposure was to decrease employment,

the political response would stronger than the one actually observed.

Panel C presents the results of the first-stage equation (39). It is useful to develop a prior about

the coefficients’ expected signs before estimating equation (39), because the interpretation is not

as straightforward as it is for the standard first-stage equation (37). The literature worries about

domestic, industry-specific demand conditions as source of confounding bias. German industries

that experience negative domestic demand shocks are expected to see fewer imports and declining

employment. As discussed in section 2.2, this would suggests that, conditional on Germany’s

imports T , higher imports from China into other countries will “cause” additional reductions

in German employment by virtue of acting as a proxy for negative German demand. The first-

stage coefficients have signs that are in line with this argument. In column 1 for instance, other

countries’ imports from China worth e1,000 per worker reduce total employment by 0.5 percent

(γ̂IMM = −0.005), while the same amount in exports to China increases German employment by 0.6

percent (γ̂EXM = 0.006).53

Columns 8 reports on the bounds we derive when we allow ρTY 6= 0. The parameter βTM in

Model I, as well as the directly estimated TE in Model II are still point-identified when ρTY 6= 0.

By contrast, the parameters βMY , β
T
Y can only be bounded, using restrictions on the covariance in

52 While we can only speculate, potentially moderating channels may follow from the association between import
exposure and rich-countries’ task-upgrading (Becker and Muendler, 2015), and switching production towards more
differentiated and higher-markup varieties (Holmes and Stevens, 2014). Of course, broadly speaking one may interpret
these as labor market adjustments as well but they are not part of the available labor market aggregates usually studied.

53 As before, we use two instruments Z IM
it , Z

EX
it as IVs for one endogenous variable, namely T .
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the data; see section 2.4. The covariance structure in the data allows the mediated share IE/TE

of the effect of import exposure on extreme-right voting that is explained by LMC2 to lie between

71 percent and 134 percent.

In summary, under the identifying assumption ρTY = 0, the results reported here suggest that

changes in labor markets explain about 125 percent of the observed polarizing effect of import

exposure on voters. The results thus suggest that the core labor market adjustments to import

exposure combined lead to a polarizing effect on voters that is one quarter larger than the actual

observed effect, which has to imply that other channels linking import exposure to voting are

both moderating and important. When we allow ρTY 6= 0, this leaving the statistical dependence

among error terms entirely unrestricted, the bounds generated by the model restrictions suggest

that labor market adjustments explain at least 71 percent of the polarizing effect of import expo-

sure on voters. Therefore, even at the lower bound the evidence clearly suggests that any effective

remedy for the populist response to trade integration needs to focus on labor markets first and

foremost.

6 Conclusion

A substantial body of recent evidence shows that in high-wage manufacturing countries such

as Germany and the U.S., import exposure has had significant detrimental effects on the labor

market outcomes of manufacturing workers. In this paper, we show that import exposure has

also induced voters to turn to protectionist, populist, and nationalist policy agendas represented

by Germany’s extreme right. Our focus here is to ask whether this effect of import exposure

on voting for the extreme right is explained by (mediated by) import exposure’s effect on labor

markets. There is good reason to believe it is: The aggregate effects coincide in the data and are

mirrored in an individual-level analysis where those most prone to tilt toward the right are also

those most vulnerable to the labor market consequences of import exposure.

In trying to answer this question, we face an empirical problem that is common to many re-

search settings: We can use standard IV methods to causally identify the effect of a treatment

(import competition T ) on an outcome (labor market adjustments M ), as well as causally identi-

fying the effect of the same treatment on another outcome (voting for the extreme right Y ). But if
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the effect of T on Y is likely to work through M , then standard IV methods cannot estimate the

extend to which it does.

This matters if we care about the mechanisms linking T and Y . To make headway, we develop

a new methodology that allows us to perform the required mediation analysis in an IV setting. Ap-

plying our method, we find that the effect of import exposure that is mediated by labor market

adjustments is larger than the total effect of import exposure on extreme-right voting, which in

turn implies that other channels that link import exposure to voting are moderating in the aggre-

gate. Our findings provide a first causal estimate of the importance of labor market adjustments

in explaining the effect of import exposure on voting. The novel methodology we develop for this

purpose may be useful in a broad range of empirical applications studying causal mechanisms

in IV settings. While our identifying assumption plausibly holds in our setting, we caution that

researchers need to critically evaluate its validity before applying it to other mediation-type IV

settings.
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