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Abstract

What are the effects of the EU enlargement on different types of workers? Does

firm heterogeneity matter when estimating the wage effect of labor supply shocks? To

address these questions, this paper estimates the wage effects of immigration due to the EU

enlargement with a multiple discrete choice model. Estimating model parameters shows

that observable and unobservable firm-level characteristics are significantly associated with

a firm’s labor demand. The calculation of wage effects reveals that the EU enlargement

had a sizable negative impact on the wages of low-skilled foreign workers while very small

effects on the other types of workers, including low-skilled native workers.

1 Introduction

The effect of globalization on workers has been one of the important topics in international

economics. The effects of labor supply shocks on labor market outcomes are getting greater

attention given the recent labor market integrations, such as the EU enlargement. The lit-

erature points out that the effect can be diverse among different types of workers defined by

worker-level characteristics.1 Thus, there has been a strand of literature estimating the dif-

ferentiated effects of immigration on different types of workers.2 However, although a strand
∗Ludwig-Maximilians University Munich. Email: mina.taniguchi@econ.lmu.de.
1For example, see Dustmann, Schönberg, and Stuhler (2017).
2Card (2001), Borjas (2003), Ottaviano and Peri (2012), Dustmann, Schönberg, and Stuhler (2017) etc. See

Dustmann, Schönberg, and Stuhler (2016) for a comprehensive review.
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of literature examines the effects of immigration due to the EU enlargement in the 2000s, the

impact on the German labor market focusing on various worker groups is still limited. Espe-

cially the effects in the 2010s after fully opening the border to the newly-joined EU workers

are unexamined.3

Therefore, the first research question of this paper is: What are the effects of the EU

enlargement on different types of workers in Germany?

In addition, in this strand of the literature, the role of firm heterogeneity has yet to be

explored. Firms can behave heterogeneously in labor markets. With the German employer-

employee matched dataset, I find that larger firms demand not only a larger number of workers

but also more various types of workers. In addition, I show that firms with similar sizes can

demand workers heterogeneously: some firms have only one type of worker while others have

multiple types of workers. 4 These firm heterogeneity can affect the effect of immigration

since it affects the elasticity of substitutions among different types of workers.

Thus the second question is: Does firm heterogeneity matter when estimating the labor

supply shocks? If so, how does it matter?

To answer these questions, I estimate the effects of labor supply shock on heterogeneous

workers considering firm-level heterogeneity. First, I apply a multiple-discrete-choice model

proposed by Hendel (1999) to the labor market context. In the model, heterogeneous firms

choose multiple types and multiple numbers of workers to maximize their profits. Each firm

has a different number of tasks, and the task-level profit function is defined in a specific func-

tional form. Firm-level observable and unobservable characteristics are embedded in the profit

function as parameters that affect the firm’s labor demand. I estimate the model parameters

by using the simulated method of moment estimation. Using the estimated parameters, I then

calculate the aggregate demand for each type of worker and the wage effects of labor supply
3Baas, Brücker, and Hauptmann (2009) and Kahanec, Zaiceva, and Zimmermann (2009) examine the effect

of the EU enlargement in the former EU member countries including Germany. Elsner and Zimmermann
(2013) and Brinatti and Morales (2021) investigate the effect on German labor markets. These studies look
at the effects during the 2000s, when the labor mobility from the new member country to Germany was still
closed (I will explain about this point in the next section). Kennan (2017) and Caliendo et al. (2021) estimate
the effect of the EU enlargement including 2010s. Their focuses are more on the aggregate welfare impact in
the former EU member countries.

4Worker types are defined by worker-level characteristics. I will explain more details in the following section.
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shock on different types of workers.

This paper has several findings. First, by estimating the model parameters, I find that both

observable and unobservable firm-level characteristics affect a firm’s labor demand. Second,

the calculated wage effects of the EU enlargement are heterogeneous across workers: the low-

skilled foreign worker group experienced the most negative effects, while the other groups

experienced much smaller negative or positive effects. Notably, low-skilled native workers’

wages slightly increased due to the increase in immigrant inflows: this would be because

the estimated elasticity between low-skilled native and low-skilled foreign workers is small or

complementary.

This paper contributes to the existing literature in several ways. First, this paper provides

a flexible estimation of the elasticities of substitutions between different types of workers. A

main challenge of the literature is to estimate the elasticity of substitutions between many

worker groups while estimating the parameters as little as possible. Thus the estimations in

the literature are typically based on the model with a specific aggregate demand structure,

i.e., the CES aggregate production function (e.g., Card, 2001; Borjas, 2003). However, this

type of model imposes restrictive assumptions on the elasticity, such as an identical elasticity

for all worker groups. So the early-stage literature mainly estimates the own-elasticity and

thus considers the effects of immigration on the competing skill/education groups of workers.

Recent literature uses the nested-CES model to mitigate this restriction while avoiding

estimating a large number of parameters. Ottaviano and Peri (2012), D’Amuri, Ottaviano,

and Peri (2010), and Manacorda, Manning, and Wadsworth (2012) estimate multiple groups

of workers’ own- and cross-elasticities of substitutions by assuming a nested-CES aggregate

demand structure. This nested structure enables us to estimate the identical elasticity of sub-

stitution within a nested group but different elasticities between nested groups. While this

setting provides more flexibility than the canonical aggregate CES structure, several assump-

tions on elasticities remain since the identical elasticity has to be assumed within a nested

group.

The model in this paper has the advantage of not requiring the CES demand structure,
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which means that the model in this paper gives more flexible estimates of the demand elasticity

of substitutions between worker groups.

Another contribution is that this model incorporates firm heterogeneity. As stated above,

a few studies consider firm heterogeneity in estimating the effects of immigration. A notable

exception is Brinatti and Morales (2021). They provide a general equilibrium model to incor-

porate firm heterogeneity in estimating the effect of immigration. In their framework, each

firm produces a variety by combining native and domestic workers, and they are imperfectly

substituted. Firms are heterogeneous in terms of innate productivity and fixed cost for hir-

ing immigrants. Their study suggests the importance of considering firm heterogeneity: they

show that the aggregate welfare gains from immigration are underestimated when ignoring

firm heterogeneity.

As another contribution, the estimation in this paper provides evidence of the effects of

labor supply shocks on different types of workers in Germany. Although several papers studied

the impacts of immigration on German labor markets (see Bonin (2005), D’Amuri, Ottaviano,

and Peri (2010), Dustmann, Schönberg, and Stuhler (2017)), the results differ in studies, and

the evidence on the effects after the full border opening to the new EU member countries

are limited. Therefore, this project also contributes to the literature by providing additional

evidence of the effect of immigration in Germany.

In the following sections, I first show the stylized fact regarding firm heterogeneity in labor

markets in Germany. Then I briefly introduce the EU enlargement in the 2000s, which is

treated as a labor supply shock to German labor markets in this paper. Next, I explain the

model. I will further show how to proceed with the estimation and the dataset, as well as

the functional-form assumptions I use in the estimation. Finally, I show the estimates of the

model parameters and the estimated wage effects of the EU enlargement for different types of

workers in Germany.
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Table 1: Establishment size and the number of establishments with each number of types of
workers

Est. Size 1 2 3 4 5 6 Total
1-4 2,14* 1,01* 41* 8* 2* / 3,693
5-10 391 401 383 115 / / 1,314
11-20 240 427 531 213 8* / 1,504
21-50 96 298 799 532 238 77 2,040
51-100 / 7* 339 414 261 135 1,227
101-500 0 / 20* 470 506 623 1,808
501-1000 0 0 / 2* 56 175 261
1001- 0 0 0 / / 181 193
Total 2,875 2,218 2,673 1,859 1,189 1,226 12,040

Notes: The table is created by the author using the German employer-employee matched data
set (LIAB) in 2011. I use stratified samples of all establishments without weights. The cell with
’/’ means that the entry is a small number but cannot be reported due to the confidentiality
rule. ’*’ indicates a one-digit number that cannot be shown for the same reason. The type
of workers is defined using three schooling qualification levels and domestic/foreign workers.
Schooling classifications are a lower-secondary school certificate or no certificate, an upper-
secondary school certificate, and a university-level certificate. Domestic workers are workers
whose nationality is Germany, and foreign workers are the others.

2 Firm Heterogeneity in German Labor Market

In this section, I show evidence of firms’ heterogeneous behavior in labor markets in Germany.

The labor demand of firms can be heterogeneous for various reasons. When a firm is large,

the firm tends to have more departments, divisions, and tasks, which require different types

of workers. For example, a firm wants more skilled workers for the R&D department but

less skilled workers for the production department. Besides, even among firms with similar

characteristics, some would be more productive with a particular type of labor; a firm may

want a worker with a particular qualification, a unique skill, or knowledge about a foreign

customer’s cultural background. They are not observable in the data, but they would affect a

firm’s labor demand.

Table 1 presents the relationship between establishment size and the number of types of

workers in an establishment. The types are defined by three education levels and domestic

and foreign workers: six types of workers in total. Each row shows the number of types of
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workers in a size group. Each column represents the number of establishments with a certain

number of worker types. This table shows that, as expected, some firms hire only one type

of worker while others have multiple types of workers. There are two implications from this

table. First, it suggests the firms’ heterogeneous behavior in labor markets based on their

observable characteristics: larger establishments tend to have a larger number of types of

workers. Second, there will be heterogeneity among firms with similar characteristics, such as

firm size, which leads to the motivation for incorporating firm-level heterogeneity in the model

that is unobservable to economists.

Then, does firm heterogeneity have a statistically significant role when considering a firm’s

labor demand behavior? To examine this question, I run a simple regression to estimate

the firm-level wage elasticity of labor demand. I include the establishment size dummy as a

proxy of firm-level characteristics and interact with the wage elasticity. If the size dummy

is significantly associated with the wage elasticity, it suggests that (observable) firm-level

characteristics affect the firm’s labor demand behavior. I run the following reduced-form

regression:

∆ ln lft = α+ β1∆ lnwft + β2Size+ β3Size ·∆ lnwft + γt + ηs + εft. (1)

lft is the number of full-time employees in establishment f at year t. It includes all types of

workers. wft is the average daily wage of full-time employees in f at year t. Size is a dummy

variable for establishment size: it takes 1 if the number of total employees is larger than 100.

For lft and wft, I take logs and one-year differences. γt and ηs represent year and industry

fixed effects, respectively.5 The data source is the German employer-employee matched data

(LIAB) provided by the Institute for Employment Research (IAB). The dataset is a stratified

dataset that provides information for establishments and their employees. The data used in

this paper covers from 1999 to 2014. I will explain the dataset in detail in Section 5. 6

With this specification, the labor demand elasticity for large and small firms can differ.
5Industry is defined by the two-digit WZ 93 classification.
6Since the dataset I use is cross-sectional, in this section, I only include the establishments that I can

calculate at least a one-year difference in wage and employment. The number of employees and average wages
are calculated only for full-time employees in the establishment.
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Table 2: Estimated labor demand elasticity at establishment level

Table 3: Demand elasticity of wages, establishment level
(1) (2) (3)

∆ lnw -0.123∗∗∗ -0.110∗∗∗ -0.0992∗∗∗

(0.0130) (0.0128) (0.0127)

Size 0.0358∗∗∗

(0.00284)

Size ∗∆ lnw -0.260∗∗∗

(0.0912)

Constant -0.0283∗∗∗ -0.0304∗∗∗ -0.0357∗∗∗

(0.000914) (0.00732) (0.00728)
Industry fixed effect No Yes Yes
Year fixed effect No Yes Yes
Observations 152185 152124 152124
Robust standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Column (1) shows the coefficients without size dummy and fixed effects, Column (2) shows

the coefficients with industry and year fixed effects. Column (3) corresponds to the specifica-

tion in equation (1) that includes the size dummy and the intersection with log employment

change. The first column shows the estimates of β1 that we can interpret as the percentage

change in establishment-level employment associated with a 1% increase in the average wage

at establishment level. The second and third columns show the coefficients of the size dummy

and its interaction with the wage variable. As we see in Column (3), for small establishments

1% increase in the average wage is associated with approximately 0.1% decline in the labor

demand. On the other hand, it is associated with 0.36% decline in the labor demand for

large establishments, which is three times larger than the value for small establishments. This

implies that larger establishments would demand labor more elastically in response to wage

changes compared to smaller ones. Although the size is an example of firm-level characteristics,

this result suggests that labor demand behavior is heterogeneous among firms.
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Figure 1: Share of workers from the new EU members in total workers, weighted: 1999-2014
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Notes: The figure is drawn by the author using the German employer-employee matched
dataset (LIAB) in 1999-2014.

3 EU Enlargement in 2004

In 2004, ten countries newly joined European Union (EU). There was a concern about a

rapid inflow of workers from the new member countries to the countries that were already EU

members. Because of this concern, some countries, including Germany, have had restrictions

on the free movement of people from newly joined EU members, except for Cyprus and Malta

(Brenke, Yuksel, and Zimmermann, 2009). The free movement of workers in the new member

countries was applied in May 2011 in Germany. As a result, the share of workers from new

member countries has rapidly increased in Germany since 2011.

Figure 1 shows the share of workers from the newly joined EU countries in total workers

in Germany. Since the dataset is stratified data of all establishments in Germany, the share

shown in this figure means the establishment-level average share of workers whose nationality

is the newly joined eight countries out of workers whose nationality is other than Germany.

We see a rapid increase in the share after 2011 in contrast to a moderate increase from
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1999 to 2011. This figure suggests a quick rise of workers from the newly joined EU member

countries after removing the free-movement restriction. I regard this rapid increase in worker

inflows as a supply shock to German labor markets and estimate how this shock affected labor

market outcomes.

4 Model

4.1 Model setting

The model is based on Hendel (1999), which is an extension of the discrete choice model

with random utility (e.g., Berry (1994)), allowing for multiple-unit purchases. He models

establishment-level choices of differentiated products. As in Hendel (1999), I apply the char-

acteristics approach that regards each worker group as a bundle of N attributes. 7

Apart from Hendel (1999), establishments in this model choose workers in different char-

acteristic groups. As in the previous literature, I define a worker group\ as a bundle of worker

attributes. The attributes could contain, for example, schooling, work experience, nationality,

and gender. I use these worker-level attributes to define choice sets.

Assume that each worker group has one component that is not observable to economists

while establishments observe it. This unobservable component can be interpreted as an average

of the attributes of workers in the group that are not perceived in the data. If this unobservable

component affects the establishment’s decision of worker types, it leads to endogeneity bias.

Establishments’ demand for labor is modeled according to a random coefficient framework.

By employing this framework, one can model their heterogeneous preferences towards the ob-

servable characteristics of worker groups. 8 Assume that the establishment’s profit function is

deterministic and known to the establishment, but it has some unobservable components to the

econometrician and are treated as random. Denote these random components of establishment
7In Hendel (1999)’s setting, he defines that each computer can be described as a bundle of M attributes and

that N attributes among M are built-in ones on which he mainly focuses in the model. He defines M −N are
added attributes that can be modified after purchasing and are not essential to the model. So he disregards
the added attributes in the model. Therefore, in this paper, I regard each type of worker as a bundle of N
attributes that cannot be modified after a firm’s choice.

8Or one can also think that an establishment’s productivity with different types of workers will be different
across establishments.
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f as

Af = [af1, ..., afI ] for f = 1, 2, ..., F. (2)

Af represents the establishment’s subjective quality (ability) perceptions about I different

types of workers. For instance, establishment A would think type 1 workers have higher ability

than type 2 workers because A would regard type 1 workers more productive for A’s business.

The I ability perceptions tell us how establishments on average rank the available types of

workers. In other words, Af is f ’s random coefficients on each worker-type dummy. Assume

the establishment has more than one potential task. Then the random components can be

written as

Af =



Af1

Af2
...

AfJf


=



a1,f1 · · · aI,f1

a1,f2
. . .

...
...

a1,fJf · · · aI,fJf


(3)

where Afj is the random coefficients in task j.

Using this setting, we can estimate the mean willingness to pay of establishments for the

different types of workers, conditional on their characteristics. These characteristics include

industry, size, age, technology adoption, and capital equipment.

Let Df represent the observable characteristics of establishment f . The pair (Df , Af )

completely describe f and determine its labor acquisition behavior in the labor market.

Assume that each establishment f assigns workers to perform Jf different potential tasks.9

Given the number of potential tasks Jf , establishment f chooses the vector of worker’s types

and worker’s amount in task j, Xj(forj = 1, ..., Jf ), to maximize its profit.

As in Hendel (1999), we have two distinct tasks in this model: potential tasks and actual

tasks. The actual tasks are a part of potential tasks done by workers and are determined

by the profit maximization of each establishment given Jf , its characteristics, the random

coefficients, and factor price (wage). The actual tasks represent the establishment’s optimal
9The concept of tasks in Hendel (1999)’s model is rather general. For example, it can be interpreted as

tasks, divisions, or departments in a firm.
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behavior given its preferences and choice set. When the factor price increases, the number of

potential tasks is unchanged, while the number of actual tasks can change.

Assume that the task-level profit function is

πfj (Df , Afj , Xj) =

(
I∑
i=1

ωijfXijf

)α
· S(Df )−

I∑
i=1

WiXijf (4)

where Xijf is the number of workers of type i used by establishment f in task j, S(Df )

is a demand shifter that incorporates the effect of establishment-level characteristics on the

returns from recruiting workers, Wi represents the wage of type i worker, which is given for

establishments. ωijf is f ’s valuation or weight for type i worker in task j, which incorporates

establishments’ subjective productivity to different worker types. The parameter α is assumed

to be 0 < α < 1, which means that different types of workers are perfect substitutes at the

task level. This is a key assumption to make the model tractable. As in Hendel (1999), the

functional form of this weight is assumed to be:

ωijf = (max (0, Afj · Ii))m(Df ) , (5)

where Ii is the I vector, which consists of zeros except 1 in i’s position. m(Df ) > 0 captures

f ’s evaluation for unobserved component of each type. Afj · Ii represents (the sum of f ’s

evaluations for the type i worker’s attributes plus) establishment’s taste for the ability of type

i workers. The random coefficients only enter into the model through ωijf . The outside option

is hiring no worker, which is chosen by establishments with negative Afj · Ii for all i. The

establishment-level profit function is an aggregate of the task-level profit function. As equation

(4) shows, this model specifies the establishment’s profit as a function of multiple types and

multiple numbers of workers. This setting is also reasonable for labor markets because it is

natural that firms hire multiple types of multiple workers in a year, for example. 10

10This aspect cannot be captured by models with only one type of labor, including a standard discrete choice
model where agents choose only a single product.
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4.2 Profit maximization problem

Since we assume that the overall profit function is an aggregate of πfj , establishment f ’s profit

maximization equals maximizing each πfj over Xj . That is, establishments choose which type

and how many workers to hire to perform task j, which does not depend on the other tasks

of the establishment.

Worker types are perfect substitutes at the task level (see the first part of equation (4)),

which means one type of worker per task is actually used at most. This assumption simplifies

the problem because establishments just compare maximum profits for I different types of

workers to employ for each task.

Therefore, a vector of task j’s latent profits is:

π∗j =
(
π∗j1, ..., π

∗
jI

)
(6)

where

π∗ji = max
X

πj(Df , Afj , Xfj) s.t. Xfj is of type i. (7)

f chooses type i′ workers for task j if

π∗ji′ = max(π∗j1, ..., π
∗
jI). (8)

Now suppose that non-integer purchase is allowed. Then one can take the derivative of the

profit function and set it to 0. Then the task level optimal purchase is expressed as

X∗ijf =

(
αωαijfSf

Wi

) 1
1−α

. (9)

Equation (9) implies that f ’s purchase of i type of worker for a given task is larger when

the wage of type i is smaller, the weight on type i, ωijf , is larger, and the demand shifter Sf

is larger.

In this model, S(Df ) and m(Df ) play different but essential roles in determining an es-

tablishment’s behavior. S(Df ) affects the number of workers the establishment demands but
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does not affect the worker’s type choice. The choice of the types of workers is determined by

m(Df ), which inversely has no influence on the scale of the establishment’s labor demand.

5 Estimation

5.1 Estimation process

This model predicts worker acquisition of every establishment as a function of observed char-

acteristics, random tastes, and the vector of parameters to be estimated:

X∗fj(Df , Afj , θ) =
(
X∗1fj(Df , Afj , θ), ..., X

∗
Ifj(Df , Afj , θ)

)
for f = 1, ..., F and j = 1, ..., Jf .

(10)

X∗fj(Df , Afj , θ) is 1×I vector of the number of workers of each type adopted by establishment

f for task j. Its entries are zero except for one that can take any non-negative integer value

because an establishment utilizes only one type of worker in a given task j.

Establishment f ’s predicted purchase of labor conditioned on Df are expressed as the sum

(over tasks) of expected purchases conditional on the number of (potential) tasks Jf :

Xe
f (Df , θ) =

Jf∑
0

{∫ +∞

−∞
X∗fj(Df , Afj , θ)µ (dA|Df , θ)

}
(11)

where µ(·|D) is the distribution of the random coefficients, conditional on the information

D.11

Define the prediction error as

εf (Df , θ) = Xe
f (Df , θ)−Xf (12)

where Xf is the vector of actual labor acquisition of f . If the model explains actual establish-
11In Hendel (1999), Jf is a stochastic function of a firm’s characteristics: in the estimation, it is simulated

with the Poisson process. However, since the number of occupations in each establishment is available in the
dataset, I use this number as a proxy of a potential number of tasks in this paper.
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ment behavior, the error at the true value of parameter,s θ0, becomes

E(εf |Df , θ0) = 0 for f = 1, ..., F (13)

Consequently, any function of observed establishment-level characteristics, Df , indepen-

dent of the unobservables, must be uncorrelated with ε at θ = θ0, which is used to construct

a method of moment estimator for θ. Let

G(θ) = E(T (D)⊗ ε(D, θ)) (14)

where T (·) is any function. From (13), G(θ0) = 0. The sample analogue is thus

GF (θ) =
1

F

F∑
f=1

T (Df )⊗ (Xe
f (Df , θ)−Xf ). (15)

Under some assumptions, this will uniformly converge to G(θ) in θ, which assures the

consistency of the GMM estimator

θGMM = Argmin||GF (θ)||. (16)

That is, I minimize the quadratic form of these moment conditions:

QF (θ) = G′F (θ)WGF (θ) (17)

where W is r × r weighting matrix, r is the number of moment conditions.12 As in Cameron

and Trivedi (2005), optimal weighting matrix is defined as WF = ˆS−1 with

Ŝ =
1

F

F∑
f=1

(T (Df )⊗ ε̂f )(T (Df )⊗ ε̂f )′ (18)

where ε̂f = ε(Df , θ̂1), θ̂1 is the set of GMM parameters estimated using the identity matrix as
12In this model, rcorresponds to (the number of establishment characteristics used as instruments for the

model parameters)×(the number of worker types in the market).
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a weighting matrix.

The asymptotic variance of the estimates can be written as

V̂ (θ̂GMM ) = F

((
∂GF
∂θ′

|θ̂GMM

)′
WF

(
∂GF
∂θ′

|θ̂GMM

))−1
. (19)

I employ the simulated method of moment estimation according to Hendel (1999). The

detailed estimation procedure is provided in Appendix.

5.2 Data

I use the German employer-employee matched data (LIAB) for the estimation. The LIAB

dataset is stratified data of all establishments in Germany. The data I use in this paper is

cross-sectional, offering detailed establishment-level data and its employees’ rich data. This

feature of LIAB is essential to the estimation because it requires information on both the

establishment (firm) and its employees. I regard the EU enlargement in the 2000s as an

exogenous labor supply shock in Germany.

On the worker side, I use nationality and schooling qualifications to define worker groups.13

The wage of worker types is defined as the average daily wages of each type of worker. As

pointed out in the other literature, this wage data in the LIAB is right-censored. Thus the

censored wages are replaced by imputed wages that are obtained by following the method

provided by Gartner (2005). On the establishment side, industry, total investment value,

technology investment indicator, and the number of trainees are used to estimate the model

parameters that depend on establishment-level characteristics. The number of occupations in

each establishment is used as a proxy for the number of tasks.

I use the dataset in 2011 to estimate the elasticity of substitution between different types

of workers. Then the effect of labor supply shock will be estimated in 2011-2014 using the

estimated elasticities. In the estimation, I will focus on several industries.14

13I use the worker’s nationality as a proxy for being an immigrant since I do not observe if the worker is an
immigrant or not.

14The industries are 61, 62, 63, 64, and 73 in the two-digit WZ 93 classification. They include transportation
industries (except for land transport), post and telecommunication industry, and research and development
industry. These industries are selected because they experienced worker inflows in each type group from the
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5.3 Equational assumption

The parameters to be estimated include coefficients of the establishment-level characteristics

that consist of the key model parameters S and m. Since the estimation of these parameters

requires equational assumptions, as in Hendel (1999), I assume they have the following linear

structures:

m(Df ) = m0 +m1 · Tech InvestmentDummyf +m2 ·NumTrainineesf (20)

S(Df ) = s0 + s1 · Industry Dummyf + s2 · Total Investmentf (21)

I assume that these variables affect the labor demand of the establishment through the pa-

rameters m and S. Tech InvestmentDummyf takes one if establishment f made any invest-

ment in communication technology/data processing in the last three years. NumTrainineesf

is the mean number of trainees f has in the last three years. These two variables can affect the

choice of worker type. If an establishment has invested in technology, then it would demand

more skilled workers who complement high-tech machines or services. If an establishment has

more trainees, it might not hire low-skilled workers since trainees are substitutes for those

workers. Industry Dummyf takes one if the industry is 73 (Research and Development) in

the two-digit industry classification (WZ93). This is because the labor demand structure in

industry 73 might differ from the other industries used in the estimation. Total Investmentf

is a log of the mean of total investment value in the last three years in establishment f . If an

establishment spends more on investment, it may reduce the labor demand.15

5.4 Summary statistics

Table 2 displays the summary statistics of variables used in estimating the model parameters.

The first four variables consist of Df , observable firm-level characteristics, used for estimating

S and m. The number of occupation is a proxy for the number of tasks in each establishment.

newly joined EU countries and have enough number of establishments in the data. I can expand the target
industries later.

15It can also increase the labor demand if the establishment’s productivity increases due to the investment.
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Table 4: Summary Statistics

Mean S.D. Min Max
Industry dummy 0,27 0,44 0 1

Log toal investment value 8,85 5,55 0 20

Communication & data investment dummy 0,66 0,47 0 1

Number of trainees 7,54 31,65 0 417,7

Number of occupation 8,36 11,41 1 92

Type 1: Low-skilled, Domestic 73,25 337,95 0 5791

Type 2: Low-skilled, Foreign 8,21 69,57 0 1375

Type 3: Med-skilled, Domestic 23,72 204,53 0 4000

Type 4: Med-skilled, Foreign 1,76 18,62 0 362

Type 5: High-skilled, Domestic 28,83 126,23 0 1332

Type 6: High-skilled, Foreign 4,56 25,35 0 292
Observations 426

Note: I constructed all the variables from the LIAB dataset. I replace the log total investment
value to zero when the total investment value is zero.

The last six rows show the basic stats of employment of each worker type at the establishment

level.

5.5 Estimates of model parameters

Table 2 shows the estimates of model parameters. s0, s1, and s2 are the coefficients in the

equation (21). Similarly, m0, m1, and m2 are the coefficients in the equation (20). We

see that the coefficients in S are positive and statistically significant, which suggests that

the establishment’s industry and investment value affect the establishment-level magnitude of

labor demand. We also see that the coefficients in m are significant, which implies that the

establishment’s technological investment and trainee variable are associated with the choice

of the types of workers. α is estimated as 0.11, which confirms that the profit function is

concave. Finally, the variance of random coefficients, var(Ai), is statistically significant. This

result implies that establishment-level unobservable heterogeneity exists in the labor markets.
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Table 5: The estimated model parameters

Coefficient Std. Errors

s0 44.95 3.807
s1 8.224 0.287
s2 4.256 0.335
m0 3.169 0.270
m1 1.591 0.095
m2 0.024 0.001
α 0.111 0.009
var(Ai) 4.387 0.547

N obs = 426

6 Calculating the wage effects of the EU enlargement

In this section, I calculate the impact of the EU enlargement on the wages of different worker

groups in Germany.

First, using the estimated parameters in Section 5, calculate the aggregate demand for

each type of worker. I insert the estimated model parameters into the objective function and

rewrite it as a function of a wage vector. 16 The aggregate demand function can be expressed

as

X = f(W|θE) (22)

where X is a I × 1 vector of aggregate demand for each type of worker, W is a I × 1 vector

of each type. θE is the estimated model parameters. 17

With this aggregate demand function I calculate the Jacobian and then own- and cross-

demand elasticities:18

16I fix the random coefficients to the average of the last evaluation of the objective function, i.e., the random
coefficients that are used when the coefficients are converged.

17I aggregate establishment-level demands with weights since the data is stratified.
18Since the demand function is not analytically differentiable, I use an approximation to take derivatives

when calculating the elasticities. I employ the five-point method with step size h = 1e− 13.
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Table 6: Wage elasticity of labor supply for 6 types of workers

L,N L,F M,N M,F H,N H,F

L,N -0,58 0,05 0,04 0,03 0,07 0,06
L,F -0,04 -1,06 -0,05 -0,04 -0,09 -0,08
M,N -0,02 -0,03 -0,66 -0,02 -0,04 -0,04
M,F -0,04 -0,07 -0,05 -0,54 -0,09 -0,08
H,N -0,03 -0,05 -0,03 -0,03 -1,06 -0,06
H,F -0,07 -0,12 -0,09 -0,07 -0,16 -1,06

Note: L = low-skilled, M = medium-skilled, H = high-skilled. N = native workers, F = foreign
workers.

εd =



∂x1
∂w1

w1
x1
· · · ∂x1

∂wI
wI
x1

∂x2
∂w1

w1
x2

. . .
...

...
∂xI
∂w1

w1
xI
· · · ∂xI

∂wI
wI
xI


. (23)

With the inverse function theorem, the inverse of the Jacobian of an invertible function is

the Jacobian of the inverse function. Therefore, using the inverted Jacobian, I calculate the

matrix of wage elasticities of labor supply.19

Table 3 shows the own- and cross-wage elasticities of labor supply for each type of worker.

We see that all the own-elasticities are negative, which implies that all types of workers are

substitutes for the same worker group with some variations in substitutabilities. For example,

when the labor supply of the low-skilled native worker group increases by 1%, then the wage of

low-skilled native workers decreases by 0.58%. Cross-elasticities are mostly negative, but the

magnitudes are much smaller compared to their own elasticities, which implies that different

worker groups are much less substitutable for each other. Exceptionally, the wage of low-skilled

native workers would increase when the labor supply of other types increases. Although their

magnitudes are small, it suggests that workers of Type 2-6 can be a complement to low-skilled

native workers.
19I assume that the market labor supply is perfectly inelastic so that the wages are completely determined by

demand side, which is a common assumption in the literature. I also assume that the aggregate labor demand
function is invertible.
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The estimated wage changes of each type of worker due to the EU enlargement are calcu-

lated using the elasticities. First, I calculate the change ratios of EU8 workers using the data

in 2011 and 2014.20 Let the type i’s wage elasticity of labor supply j be εij . Then the wage

change ratio of type i due to the EU enlargement is

Ŵi =
∑

j∈{2,4,6}

εijL̂
EU
j , (24)

where L̂EUj is the change ratio of EU8 workers of type j.

The calculated wage ratio changes for each type are shown in Table 4. As we see, the

worker group with the most negative impact is Type 2, low-skilled foreign workers. This is

because the share of low-skilled workers is the largest among all skill levels in the immigrants

from the newly joined EU countries, and their own elasticity is much larger compared to the

cross elasticities. On the other hand, Type 1, low-skilled native wage was not hurt and rather

positively affected. This result comes from the imperfect substitutability between natives and

immigrants within the same skill group.21 The other types also have adverse effects, but the

magnitudes are smaller than those of low-skilled foreign workers. High-skilled foreign workers’

wages also increased, but this would be because the number of this type of worker slightly

decreased in the target industries in 2011-2014.

In sum, low-skilled foreign workers have the most negative impacts from the increased

inflow of immigration due to the EU enlargement. However, the native workers experienced

a very small decline or an increase in wages, which is consistent with the literature (e.g.,

D’Amuri, Ottaviano, and Peri (2010), Ottaviano and Peri (2012), Brinatti and Morales (2021)).

Besides, except for low-skilled foreign workers, the magnitudes of the wage effects are limited

and smaller compared to the wage effects suggested in the literature without firm heterogene-

ity. Although the results are not directly comparable with the literature since the previous
20Establishment-level data is weighted and the aggregated data is weighted with the share of EU8 workers

out of foreign workers within each type.
21As we see in Table 3, the cross-wage elasticities of Type 1 to worker types are very small but positive,

which would also drive the positive wage effects on Type 1 workers. A possible reason for this result is that
the model does not have assumptions on the aggregate elasticities among worker groups, which is a distinction
from the literature. However, I need to investigate this further.
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Table 7: Estimated wage changes by immigration in 2011-2014

Type Wage change
ratio in %

Low-skilled, Native 0.29%
Low-skilled, Foreign -7.15%
Med-skilled, Native -0.18%
Med-skilled, Foreign -0.67%
High-skilled, Native -0.27%
High-skilled, Foreign 0.39%

study does not examine the effect of EU enlargement in the 2000s, this result suggests that

considering firm-level heterogeneity might cause smaller wage effects of immigration.

7 Conclusion

In this paper, I first apply Hendel (1999)’s multiple discrete choice model to labor markets and

estimate the own- and cross-wage elasticity of labor supply for different types of workers. I then

estimate the impacts of EU enlargement in the 2000s on German labor markets. The structural

estimation of the model parameters suggests that firm heterogeneity matters in deciding the

firm’s labor demand. I also find a sizable negative wage effect on low-skilled foreign workers

while only small impacts on the other worker group’s wages, even within the same skill group.

These findings suggest that the impact of immigration due to the EU enlargement on native

workers is limited in Germany and that ignoring firm heterogeneity in estimating the effects

of immigrants would lead to a biased estimation of the effects of immigration.
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Appendix

A.1 Simulation and Estimation Process

1. Choose R (=the number of random draws to be taken from the different distribution

functions).

2. Make R×F draws from exponential distribution (requires Poisson simulation) and R×

F × (I+N −1)×K draws from normal distribution. I+N −1 is the number of random

coefficients per establishment/task. K is a large number.

3. Plug Df and the random draws obtained in 2. into the model, we get the predicted

firm’s purchases of workers. Since we want to choose integer X∗, compare two closest

integers after solving FOC by their profits.22

4. Take an average of the predicted purchases of workers over all simulation draws.

5. Plug this simulated expected firm behavior into (15) and construct the moment condi-

tions.

6. Find the estimates for θ: minimize the objective function until the parameters converge.

22In the preliminary analysis, I allow continuous values in X∗ to simplify the algorithm.
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