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1. Introduction
1.1.

General context

The increasing importance of global value chains has created both scientific and policy
interest in how relationships between firms operate. Data availability is often a key
constraint for such research. Despite their importance, we know surprisingly little about
how supplier-buyer-relationships between companies form and operate. The few firm-tofirm datasets that exist contain little information on how relationships form and operate.
Moreover, many existing data do not allow to observe firms’ international sourcing
strategies (such as offshoring).

1.2.

Deliverable objectives

The deliverable makes use of two data sources to better understand linkages between firms.
The first study introduces firm-to-firm administrative (VAT) data to investigate the structure
of supplier networks and how the characteristics of the supplier set are related to buyer
performance, including productivity. It demonstrates both how these new data sources can
be used to study the impact of suppliers on buyer performance and produces substantive
results about the role of quality in networks. The second study uses data from Germany’s
International Sourcing Survey (ISS), which includes information on whether firms have
performed offshoring (i.e., relocated activities to foreign firms that were previously
performed domestically at the firm). The aim of the study is to estimate the effect of
offshoring on domestic employment, production, and productivity, as well as on changes in
firms’ import behaviour.

2.

Methodological approach

The first study uses transaction-level data from Hungary to investigate the effects of quality
and distance on the formation of supplier-client networks. We document four facts that
suggest a complementarity between supplier and client firm quality (measured with the
average wage), and that clients trade off the distance to and the quality of suppliers. We
build a model of endogenous supplier choice that incorporates a quality complementarity
and a distance-based search friction. The model yields estimating equations which express
the choice of supplier and the share spent on each supplier as a function of supplier and
client quality, supplier price and distance.
The second study uses data from the 2017 International Sourcing Survey (ISS) in Germany, a
sample of firms with 50 or more persons employed which were asked whether they have
offshored during the period 2014-16. The ISS data are matched to the Statistical Business
Register (SBR), the International Trade in Goods Statistics (ITGS), and the Prodcom survey.
Moreover, for the subsample of manufacturing firms, firm’s import goods are classified
based on the Broad Economic Categories (BEC) scheme (intermediates, capital goods,
consumer goods) and the concept of ‘produced-goods imports’. To analyse the effects of
offshoring on firm outcomes, the analysis uses both i) direct survey evidence on how many
jobs the firms lost/created due to offshoring, and ii) a difference-in-difference propensity
score matching approach.
Page 5 of 7
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3.

Summary of activities and research findings

First study: We use firm-to-firm administrative data from Hungary coming from VAT
declarations between 2015-2019. These data cover all firms in Hungary which pay VAT
above a small threshold. We link the data to financial statements and proxy the quality of
each firm by the average wage. A key novel element of our paper is that we can observe
supplier prices from the unit values from the Prodcom production database for a subset of
firms. Prodcom includes information on produced and sold quantity and revenue by
product, allowing us to proxy supplier prices by the average unit values of the supplier.
We build a partial equilibrium model with endogenous supplier choice to capture two main
features derived from these facts: the model includes complementarity between supplier
and buyer quality and buyers face a trade-off between supplier distance and supplier
quality. In the model, client (buyer) firms sell output to consumers and buy inputs from
suppliers. They have production functions for both quantity and quality. Quality production
combines client quality and supplier quality and allows for a complementarity between
them. Distance from supplier affects quality in two ways: i) fixed search-and-matching cost
and ii) input-share-related iceberg trade cost. Under these conditions, client firms choose
their suppliers and input quantities taking into account these effects. Importantly, the
model makes predictions on both the extensive (supplier choice) and the intensive (supplier
shares) margin of supplier choice, which we test.
In our main empirical exercise, we use the equations derived from the model to estimate
both the extensive and intensive margin decisions. Importantly, we observe directly the key
cost variables, supplier price and distance between the two firms, so we can estimate the
tradeoff in terms of choices between quality and these two key variables both for higherand lower-quality buyers. This approach also allows us to control for a rich set of fixed
effects and yields a discrete choice model for supplier choice.
Second study: The analysis reveals a negative effect of offshoring on domestic employment
(in the order of about 9-12 ppts.). However, most of this negative effect is not because the
offshoring firms shrink, but because they don’t grow as fast as the non-offshoring firms. To
better understand the underlying employment dynamics, we further utilize direct survey
evidence on how many jobs the firm has destroyed/created due to offshoring. Offshoring
firms reduce jobs due to offshoring, but at the same time, they also increase their
employment for non-offshoring related reasons, resulting in an overall more or less
constant employment level. This suggests that, overall, the offshoring firms were able to
participate in the dynamic economic environment of the German economy during the
2010s. Finally, the matching estimates show negative effects on domestic output (revenue
and production). Since the negative effects on domestic employment and output are
roughly of the same size, there is no effect on labour productivity (the ratio of output over
employment).
Moreover, our results show (for the subsample of manufacturing firms) how the mix of
import products changes once a firm starts offshoring. We first consider classifying import
products into the final-use categories in the Broad Economic Categories (BEC) scheme. It
Page 6 of 7
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emerges that offshoring firms decreased the share of imports which are generic
intermediates, but increased the share of specific intermediates and capital goods. This
suggests that the measure ‘share of intermediate goods imports in total imports’ (which is
used in the literature as a ‘broad’ offshoring measure) is too ‘broad’. This measure likely
reflects all kinds of deepening global integration, not just offshoring. Another possible
explanation is that most of the offshoring of simple (generic) intermediate inputs likely has
already happened in the past, and in the late time period considered here (2014-16),
offshoring firms seem to import more complex goods, such as specific intermediates or
capital goods. Moreover, we consider the classification of imports based on whether the
import good is also produced domestically by the firm (a ‘narrow’ offshoring measure).
Offshoring firms significantly increase the share of imports of products they also produce
domestically. However, the measure ‘share of produced goods imports in total imports’ also
has limitations in the sense that not all offshoring firms show an increase in this measure,
and, in turn, the measure also increases for some non-offshoring firms.

4. Conclusions and future steps
First study: Increasing supplier quality by 10% increases revenue by 2.7 percentage points
more for 10% better client. In addition, we find that distance has a stronger effect for the
extensive margin compared to the intensive margin, suggesting that search frictions, rather
than only transportation costs, drive the trade-off between distance and quality. This tradeoff is indeed substantial: a 10% increase in distance reduces choice probability as much as a
30% increase in price.
Second study: The results demonstrate the complex employment dynamics underlying
offshoring. Moreover, the study highlights the difficulty of capturing offshoring firms’ import
behaviour with one single measure. This demonstrates the need for micro data that contain
information on firms’ sourcing strategies (including offshoring). The ISS data used in this
paper can serve as an important starting point, but there are limitations due to the small
sample size. Future research might built upon this, e.g., by using larger samples, or even
more detailed information on firms’ sourcing strategies.

5. Publications resulting from the work described
Published as working papers.
Lindner, A., B. Muraközy and A. Szeidl (2022): Quality Complementarity and Search Frictions
in Supplier-Client Networks, Working Paper.
Kaus, W. and M. Zimmermann (2022): Offshoring, Domestic Employment and Production.
Evidence from the German International Sourcing Survey, IWH Discussion Paper 14/22.
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We use transaction-level data from Hungary to investigate the effects of quality and distance on
the formation of supplier-client networks. We document four facts that suggest a complementarity
between supplier and client firm quality (measured with the average wage), and that clients trade
off the distance to and the quality of suppliers. We build a model of endogenous supplier choice
that incorporates a quality complementarity and a distance-based search friction. The model
yields estimating equations which express the choice of supplier and the share spent on each
supplier as a function of supplier and client quality, supplier price and distance. Estimating these
equations implies, through the lenses of the model, that quality complementarity and search
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1

Introduction

Modern economies are complex ecosystems and firm-to-firm trading relationships are one of the key
links in this system. The functioning of these ecosystem can affect economic development and the
distribution of economic activities across space. For example, geographic concentration could be
driven by access to high quality suppliers, as suggested by Marshall (1890).
Granularity and firms networks have been shown to affect significantly how the economy reacts to
different shocks (see e.g. Miyauchi et al. 2018, Bernard & Moxnes 2018, Bernard, Dhyne, Magerman,
Manova & Moxnes 2019). The broad structure of the network matters in how these shocks propagate
(Dhyne et al. 2021) and how firms compete with each other (Kikkawa et al. 2019). Much of previous
research has focused on the assortativity of the network in terms of the cost of production and
documented a negative assortativity between buyers’ and their suppliers’ average cost level (Bernard
& Moxnes 2018, Bernard et al. 2018, Bernard, Moxnes & Saito 2019).
A recent literature has documented the importance of input quality in firm production (see e.g.
Verhoogen 2008, Kugler & Verhoogen 2012). Motivated by that literature, we focus on quality in
supplier-buyer linkages. The importance of quality in the formation of supplier-buyer networks has
already been documented in Turkey (Demir et al. 2021) and Uganda (Spray 2017). Indeed, our data
shows a positive relationship between supplier and buyer prices, rather than a negative one as negative
assortativity in terms of productivity would suggest (Figure 1).
In this paper we investigate two questions. First, are quality complementarities between suppliers
and clients are key feature of the economy? Second, do distance-based frictions limit efficient formation
of supplier-client relationships?
We use firm-to-firm administrative data from Hungary coming from VAT declarations between
2015-2019. These data cover all firms in Hungary which pay VAT above a small threshold. We link the
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data to financial statements and proxy the quality of each firm by the average wage, following Demir
et al. (2021). A key novel element of our paper is that we can observe supplier prices from the unit
values from the Prodcom production database for a subset of firms. Prodcom includes information
on produced and sold quantity and revenue by product, allowing us to proxy supplier prices by the
average unit values of the supplier.
We document four facts to motivate our model and main regression analysis. First, higher
quality suppliers have higher quality buyers on average. This positive assortativity in quality is our
starting point and our aim is to provide new insights about the mechanisms behind this pattern.
The second and third facts focus on the role of distance in supplier (and quality) choice. The second
fact establishes that high quality buyers choose more distant suppliers if there are few high-quality
suppliers locally. The third fact is that high quality buyers go farther away to find good quality
suppliers. These facts are consistent with substantial distance-related frictions in the matching process
and also with higher-quality buyers applying a different tradeoff between these frictions and supplier
quality compared to lower-quality buyers. The fourth fact documents that buyers with higher quality
suppliers perform better. This is true for a number of firm-performance metrics: profit, sales, value
added and the per-worker versions of these measures. Having higher quality suppliers — and having
access to higher quality suppliers — is associated with higher productivity, larger size and profitability.
We build a partial equilibrium model with endogenous supplier choice to capture two main
features derived from these facts: the model includes complementarity between supplier and buyer
quality and buyers face a trade-off between supplier distance and supplier quality.
In the model, client (buyer) firms sell output to consumers and buy inputs from suppliers. They
have production functions for both quantity and quality. Quality production combines client quality
and supplier quality and allows for a complementarity between them. Distance from supplier affects
quality in two ways: i) fixed search-and-matching cost and ii) input-share-related iceberg trade cost.
Under these conditions, client firms choose their suppliers and input quantities taking into account
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these effects. Importantly, the model makes predictions on both the extensive (supplier choice) and
the intensive (supplier shares) margin of supplier choice, which we test.
In our main empirical exercise, we use the equations derived from the model to estimate both
the extensive and intensive margin decisions. Importantly, we observe directly the key cost variables,
supplier price and distance between the two firms, so we can estimate the tradeoff in terms of choices
between quality and these two key variables both for higher- and lower-quality buyers. This approach
also allows us to control for a rich set of fixed effects and yields a discrete choice model for supplier
choice.
Controlling for these factors, we estimate supplier choice by a conditional logit model and supplier
shares by a two-way fixed effects model. Both approaches show evidence for complementarity. In
particular, according to simple calculations, increasing supplier quality by 10% increases revenue by
2.7 percentage points more for 10% better client. In addition, we find that distance has a stronger
effect for the extensive margin compared to the intensive margin, suggesting that search frictions,
rather than only transportation costs, drive the trade-off between distance and quality. This trade-off
is indeed substantial: a 10% increase in distance reduces choice probability as much as a 30% increase
in price.
These findings corroborate existing evidence in the literature by highlighting the key role of
quality complementarity in production (Verhoogen 2008, Kugler & Verhoogen 2012, Demir et al.
2021). Nevertheless, here we provide direct evidence on quality complementarity by modeling and
estimating how quality and prices influence clients’ choice of suppliers and the intensity of trade
with them. To do that, we exploit the fact that in our data we can uniquely observe all important
components of this choice—price, quality and distance—which allows us to estimate and separate the
role of these factors from each other. Our paper also provides a number of novel insights into the
interaction between supplier choice, quality and geography. We show that there are substantial search
frictions in this network, generating a trade-off between geographic proximity of suppliers and match
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quality in terms of quality.
The remaining part of the paper is structured as follows. Section 2 introduces the data we use,
Section 3 presents four facts that motivate our modeling approach. Section 4 describes our model and
Section 5 discusses our estimates of the regressions derived from the model. Section 6 concludes.

2

Data

Our main database is based on the VAT declarations of Hungarian firms, submitted between 2015 and
2019. All firms that pay VAT are required to submit these declarations and need to report individually
each relationship in which they have sold or purchased above a threshold within each calendar year.
This threshold was reduced during the period under study, starting from value around HUF 4 mn
(app. 12,000 EUR) in 2015 and declining to HUF 400 thousand (app. 1,200 EUR) by 2019.1
VAT declarations include the tax id of both the reporter (supplier) and the partner (buyer), the
number and the net value of sales/purchases and the amount of VAT. As a result, these data allow
us to see the universe of transactions between firms operating in Hungary with two limitations: i) we
don’t see very small links and ii) we don’s see transactions between two small firms which don’t pay
VAT. All firm ids are anonymized, but can be linked to other firm-level data sources.
The tax id in the data also allows us to link the VAT information to the firms’ financial statements,
including balance sheet and Profit&Loss (P&L) statements. Balance sheet data is available for
firms who conduct double-entry bookkeeping, practically all firms with employees. This provides
an additional opportunity to clean the data by comparing firms’ sales and material costs in the P&L
to their sales and purchases in the VAT data. Even more importantly, we can calculate firms’ average
wage from the P&L data which we use as a proxy for quality (similarly to Demir et al. 2021).
1 These

values represent total transaction values in a year between the two firms.
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We also merge the VAT data to the Register of Economic Organizations, a dataset including basic
information on all economic organizations. This includes firms which do not conduct double-entry
bookkeeping. Information includes location, legal forms, employees and turnover. Geographical data
is also linked to the VAT information, allowing us to calculate the distance between each pair of firms.
Finally, we link these data to a production survey (PRODCOM) to calculate unit values at the
firm level. This survey, harmonized across EU member states, samples manufacturing firms and asks
the quantity and value produced from each of the firm’s products. This allows us to calculate the
firm’s unit value, a proxy for price, from each of these products. We normalize log unit values with the
weighted average unit value from each product in our sample. Finally, we take a sales-weight average
of the firm-product level unit values to calculate a firm-level price.2
In its final form, the VAT panel data includes purchases of each firm from their suppliers between
2015 and 2019 (Table 1, Panel A). These five years include a total of 350,607 suppliers, 318,625 buyers,
and 4,808,877 supplier-buyer pairs. Then, for our analysis, we must exclude all observations where key
variables were missing, such as the reporter or the partner ID, the distance between the pair, industry
or location code, or sales value. As a result, we had a total of 148,374 suppliers, 142,410 buyers,
and 2,754,019 supplier-buyer pairs (Table 1, Panel B). Finally, it is worth reporting the number of
observations which include the PRODCOM price, as this is a notable subsample due to the survey data
it comes from. We can observe the price of 4,855 suppliers, 4,965 buyers, and 347,174 supplier-buyer
pairs (Table 1, Panel C).
When reporting our results, we include all firms and industries (indicated by NACE codes) and
focus on the year 2019.
2 Note that the VAT data does not include product codes, so we cannot know which products are exchanged in each
specific relationship, therefore we can only use this firm-level price.
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3

Motivating Facts

In this Section we introduce four facts that will motivate the setup of our model and our main empirical
analysis.

3.1

Fact 1: Higher quality buyers have higher quality suppliers on average

Our first question is about assortativity in the network. Are higher quality buyers more likely to buy
from higher quality suppliers on average?
In order to answer this question, we regress buyer quality in average supplier quality:

I(j)

ln ωj = β1 ln ω j

+ nacej + countyj + i

(1)

where i denotes buyers and j suppliers.
Our dependent variable is ωj , supplier quality in 2019, proxied by average wage. Our main
I(j)

variable of interest is the (weighted) average buyer quality of supplier j calculated as ln ω j
P

k∈I(j) skj

=

ln ωk , where I(j) is the set of buyers buying from supplier j and skj is buyer k’s share in

supplier j’s total purchases (skj = Tkj /

P

l∈I(j)

Tlj , where Tkj is the transaction amount from firm k

purchased by j). In the regression above we also control for the location and industry of the suppliers
by including county fixed effects (countyj ), as well as 2-digit buyer industry fixed effects (nacej ).
Table 2 reports results from these regressions. Column (1) reports the main results for the whole
sample. We find that 10% higher buyer wage is associated with 1.4% higher wage at supplier firms,
showing positive quality assortativity in the network. In column (2) we exclude the Budapest, the
capital of Hungary, and get very similar results. One possible concern is that the average buyer unit
value reflects the industrial or geographic combination of buyers rather than their quality. Therefore,
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in columns (3) and (4) we first residualise buyers’ wages by regressing buyer wage on country and
industry (2-digit level) fixed effects and obtaining the residual and then we take the average of these
residualized values. With this specification we get similar results.
To sum up, these results show strong positive assortativity between supplier and buyer quality.

3.2

Fact 2: Higher-quality buyers choose more distant suppliers if there
are few higher-quality supplier around

Our second question is about whether higher quality buyers source their inputs from farther away.
Naturally, sourcing distance depends on the availability of high-quality suppliers at the buyers location.
Therefore, we are particularly interested in whether higher quality buyers are willing to source from
farther away if only lower quality suppliers are available locally.
To investigate this question, we run buyer-supplier pair level regressions with distance as the
dependent variable. The main variables of interest are buyer quality, the local average supplier quality
and their interaction, which reflects whether higher quality buyers are more likely to source from far
away if only lower quality buyers are available nearby:

s(j)

s(j)

ln distij = β1 ln ωi + β2 ln ω r(i) + β3 ln ωi × ln ω r(i) + γ × Xij + ij

(2)

where distij is the distance between buyer i and supplier j, r(i) is the region of buyer i and s(i) is
the industry of supplier j. The local quality average in industry s(i) and location r(i) calculated as
s(j)

ln ω r(i) =

P

r(k)=r(i)&s(k)=s(j) ln ωk
#r(k)=r(i)&s(k)=s(j) .

Finally, the Xij term includes different sets of fixed effects.

The results are presented in Table 3. Column (1) includes fixed effects capturing the buyer’s
location at the NUTS4 level. Higher quality buyers tend to source from more distant suppliers. If
local suppliers are higher quality on average, buyers are more likely to source from nearby suppliers.
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Similarly, having more potential suppliers locally is associated with a lower average distance between
buyers and suppliers. These findings suggest that the quality and variety of local supply affects
sourcing decisions significantly.
Column (2) also includes the interaction between buyer quality and the average quality of local
potential suppliers. The coefficient of this interaction is negative, showing that higher-quality buyers
are more sensitive to local supplier quality, and choose more distant suppliers when there are few high
quality suppliers nearby. This is consistent with higher willingness to pay in terms of distance for
access to higher quality inputs.
Columns (3)-(4) also include buyer-supplier (2-digit) industry pair fixed effects to control for
industry differences in the demand and supply for quality. The results remain largely unchanged.
Finally, in columns (5)-(6), we also include buyer firm fixed effects (together with 2-digit supplier
industry fixed effects). Therefore here we identify the effects primarily from comparing a suppliers’
decisions to source its different inputs, depending on the local supply of each input. This specification
controls for such factors as the remoteness of the buyer or its general input demand. The results are
similar to the previous ones.
To sum up, Fact 2 is consistent with the presence of distance-related frictions in the matching
process. Higher quality buyers are more sensitive to the local availability of high-quality inputs,
suggesting a different trade-off between input quality and sourcing distance.

3.3

Fact 3: Higher-quality buyers source from farther away to find good
quality suppliers

Our next fact investigates the trade-off between distance/transportation cost and supplier quality
from a different angle. Here we ask the question: are higher quality firms more willing to go farther
to find high quality suppliers?
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Figure 2 shows the descriptive relationship between distance and supplier price for higher- and
lower-quality buyers. There is a positive relationship for both groups, suggesting that firms are willing
to source better quality inputs even if they have to look farther away. Also, higher quality buyers
source higher quality inputs from each distance. This relationship is also flatter for higher-quality
firms, suggesting that they are willing to look farther away for a higher quality.
We investigate this further with supplier-buyer pair level regressions where the supplier quality
is the dependent variable and the main variables of interest are the distance between the two firms
and its interaction with buyer quality. A negative interaction suggests a higher willingness to pay—in
terms of distance—for higher input quality by higher quality suppliers.
In particular, we estimate the following regression:

ln ωj(i) = β1 ln distij + β2 ln distij × I[ωi > meds(i) (ω)] + ηs(j) + ij

(3)

where I[ωi > meds(i) (ω)] equals to 1 if the buyer quality, ωi , is larger than the median in the buyer’s
industry, s(i), while ηs(j) are industry fixed effects.
The results are in Table 4. Column (1), including buyer fixed effects, shows a positive correlation
between distance and supplier quality, with an elasticity close to 5 percent. The positive elasticity
suggests that firms, in general, face a tradeoff between higher transportation costs for higher quality.
This elasticity is even larger when we exclude the capital city, Budapest (Column (2)).
Columns (3) and (4) include the interaction between buyer quality and distance. We find a lower
elasticity for high quality buyers, suggesting that they are willing to source from farther away to find
a supplier with a given quality level. A potential concern is that this relationship reflects different
wage levels at different locations. In columns (5) and (6), as a robustness check, we also include an
alternative interaction, where the buyer wage dummy is defined relative to the local median wage
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to capture these local wage differences. Including this interaction does not affect our main result,
suggesting that quality, rather than local price levels drive this relationship.
This fact complements Fact 2 by providing evidence for the importance of distance-related
frictions and that higher-quality buyers apply a different trade-off between these frictions and supplier
quality.

3.4

Fact 4: Buyers with higher quality suppliers perform better

We investigate the relationship between supplier average supplier quality and different measures of
buyer firm performance with the following regressions:

J(i)

ln yit = β1 ln ωi,2015 + β2 ln ω i,2015 + ξt + countyi + it

(4)

where i denotes buyers, j suppliers, t years, ln yit denotes buyer performance: sales, profit, value added
and these variables divided by the number of workers. In the regression we control for the quality of the
J(i)

buyer, ln ωi,2015 , and we are interested whether the (weighted) average quality of suppliers, ln ω i,2015 ,
is associated with increase in firms’ performance. The weighted average is calculated as follows:
J(i)

ln ω i,2015 =

P

k∈J(i) sik,2015

ln ωj,2015 , where J(i) is the set of firms supplying firm i and sik,2015 is the

share of supplier j-s sell in buyer i total purchases in 2015, formally, sik,2015 = Tik,2015 /

P

l∈J(i)

Til,2015 ,

where Tik,2015 is the transaction value between buyer i and supplier k. Furthermore, ξt are year effects
while countyi are buyer county effects.
The results from these regressions are reported in Table 5. The table shows the all the outcomes
considered—sales, profit, value added—are positively associated both with buyer and supplier quality
(columns (1), (3), (5)). The elasticity of profits with respect to supplier quality is, for example 0.14.
This relationship is only partly driven by firm size: average supplier quality is also positively associated
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with per-worker measures, even though the elasticities are lower (columns (2), (4) and (6)). Buyers
with higher quality suppliers tend to perform better.

4

Model

This section describes our model and Appendix A includes the model derivations. The main aim of
our model is to guide our empirical work by providing microfoundations for our main regressions.
Our model incorporates two main features based on the motivating facts. First, it includes a
complementarity between supplier and buyer quality. Second, buyers face a trade-off between the
quality of suppliers and their distance. We capture these two features in a partial equilibrium model
of supplier choice.

4.1

Setup

Demand for the product of firm i is
Qi = Ahσ−1
Pi−σ
i

(5)

so that it depends on both price Pi and quality hi .
The quantity of output of firm i is

Qi = ai · L1−α
· Qα
im
i

(6)

where ai is the productivity of firm i and Qim is the quantity of composite input
σ
 σ−1


Qim = 

X

(φij Qij )1−1/σ 

j supplies i

12

.

(7)

Here Qij is the quantity i purchases from j, and φij is the importance of the input from the industry
of j to producing the output in the industry of i.
A firm i in industry I needs one supplier each in industries JI .
Firm i chooses one supplier j in each of several exogenously specified industries. Conditional on
choosing a set of suppliers Si , one from each industry J ∈ JI , output quality is a product of three
terms:



 σ
1−1/σ σ−1 α
X  φij Qij
Y −γ

β

hi = ω̄i 1−α · 
·
dij r eεij  .
· ω̄ij
| {z }
Qim
j∈Si
j∈Si
{z
} |
{z
}
Client |


quality

Supplier and match quality

(8)

Search friction

The first term, ω̄i , measures effective client firm quality and is defined through

log ω̄i = θc log ωi

(9)

where ωi is our observable measure of client quality.
The second term captures supplier and match quality. This is modeled as the quantity-share
(φij Qij /Qim )1−1/σ weighted CES average of the effective qualities ω̄ij of suppliers j ∈ Si , where

log ω̄ij = θs log ωj + θ log ωi log ωj .

In this formulation, effective supplier quality ω̄ij matters more if a higher quantity of input Qij is
purchased from supplier j. θ is the key parameter, measuring the complementarity between supplier
and client quality.
The third term captures search frictions. This depends on distance and an error term with
standard Gumbel distribution εij . The search friction in our specification does not depend on the
share of input j and hence can be thought of as a cost in terms of managerial time, with β measuring
its importance. Intuitively, having more distant suppliers means that the manager needs to spend
13

more time on them to maintain a good relationship, reducing the time available for managing the
production process at the factory and reducing output quality.
Suppose further that the weight of input j in production is

t νij
.
φij = φ0ij d−γ
ij e

(10)

Here γt corresponds to an iceberg trade cost, so that distance affects both the fixed cost and the
variable cost of purchasing inputs from j. And νij is an error term independent of everything, mean
zero, and not known at the time of choosing suppliers.
In our empirical exercise we focus on measuring complementarity and the effect of distance. In
the model, complementarity is captured by θ as part of the ‘supplier and match quality’ term in the
quality production function. Distance affects client outcomes via two margins: search (γr ) and trade
(γt ).

4.2

Solution

Under these conditions, the client firm solves the following problem:

max

Si ,Qij ,Li ,Pi

Pi · Qi (Pi , hi ) − ωi Li −

X

Pj Qij

(11)

j∈Si

subject to constraints (5)-(10), in particular: quality hi is determined by choice of suppliers Si , and
demand Qi (Pi , hi ) is determined by price and quality. The challenge when solving this problem is
that firm has dual objectives: maximize quality and minimize cost. In particular, input Qij affects
both quantity and quality. In our setup these simplify into single objective: to minimize cost of a
different firm with input-quality-weighted production function.3
3 Because

composite input Qim is in the numerator of quantity production and the denominator of quality production.
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We solve the model in Appendix A. We derive two predictions. First, buyers face the following
discrete choice problem when sourcing from industry J:


j = arg max
j∈J

s̄IJ θs
s̄IJ θ
s̄IJ
log ωj +
log ωi · log ωj −
· log Pj −
β
β
β





s̄IJ γt
+ γr log dij + εij . (12)
β

The model yields two key predictions for this equation. First, in this equation quality complementarity
(θ > 0) increases choice probabilities. Second, distance has a negative effect both because of the search
costs (γr ) and trade costs (γt ).
This is a microfoundation for our estimating equation for supplier choice, or the extensive margin.
Note that several terms involve s̄IJ which is a measure of the importance of input J for industry I.
Intuitively, for a less important input, quality and price matter less relative to the supplier-specific
search cost shock. The coefficient of the distance variable has two terms one of which does, the other
does not depend on s̄IJ . This is because distance affects both the search cost, which does not depend
on the input’s importance, and the transportation cost, which does.
The second prediction of the model is that the shares of each supplier (intensive margin) among
all suppliers will be the following:

log sij = (σ − 1)(log φ0ij + log P̃im − log Pj + θs log ωj + θ log ωi log ωj − γt log dij + νij ).

(13)

There are two important consequences of this equation. Fist, quality complementarity increases input
share. Second, distance has a negative effect on input shares, but only because of trade costs. As
a result, comparing the effect of distance in the choice and share equations informs us about the
magnitude of search costs.
Note that here φ0ij only depends on I and J. Furthermore, here we do not have the γr and ε
because those shifters only affect the choice of supplier. But we have νij , because that shock is realized
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after the suppliers are chosen but before the quantities are chosen.

5

5.1

Results

Extensive margin: Supplier choice

Here we are interested in supplier choice. The microfoundation for this estimation is Equation 12. All
theoretical variables ωj , ωi , Pj and dij are observable.
To investigate this, for each buyer i and input p (defined as the 2-digit industry of supplier) we
define a potential supplier set within a given year and 2-digit supplier industry code. To make sure
that the results are not driven by suppliers with little relevance, we drop all industries where the
supplier industries sales constitute less than 5% of the buyer industry’s total purchases. We define
our dependent variable as the dummy, suppliesipj , taking the value one if i buys product p from
firm j and taking the value zero for all other firms in the choice set. To capture the heterogeneity of
choice sets, especially in terms of the number of potential suppliers, we include choice-set fixed effects
(buyer firm-supplier industry) in our regressions. We run two different models for supplier choice: a
conditional logit and a linear model. While the conditional logit model can capture the nature of the
choice problem better, the linear model allows us to include supplier fixed effects besides the choice
set fixed effects, controlling for unobserved supplier characteristics.
In about half of choice sets, the buyer purchases from multiple potential suppliers. This may
be explained by many factors such as buying multiple different products from the same industry or
sourcing from different suppliers for different plants. We report results both for all choice sets and
also restricting our sample to choice sets when the buyer sources only from one supplier.
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In particular, we run the following regressions:

suppliesij = F (β1 ln ωj + β2 ln ωi × ln ωj + β3 ln distij
(14)
+

β4 ln Pj + ζis(j) + ij )

where i denotes buyers, j potential suppliers, suppliesij is an indicator variable showing whether j
supplier i. distij is the distance between i and j, ωi is buyer quality, ωj is supplier quality. Pj is the
price of supplier j, only when supplier fixed effects are not included. ζis(j) is choice set fixed effects,
representing a buyer firm-supplier industry combination, while F () is either conditional logit or linear
model.
Importantly, referring back to Equation (12), a positive coefficient of the quality interaction (β2 )
suggests positive complementarity, given that s̄IJ and β are positive. Also, dividing the coefficient of
the interaction with the coefficient of price,

β2
β4 ,

is equal to the structural complementarity coefficient,

θ.
Table 6 shows the results of these regressions. Column (1) presents the results from the conditional
logit regressions. Distance has a negative coefficient, while supplier wage a positive one, reflecting
that buyers are more likely to buy from nearby and higher quality firms. The interaction of buyer
and supplier quality is positive and significant showing that higher supplier quality increases the
probability of sourcing more when the buyer is also a high quality producer. The supplier price in
this specification comes from PRODCOM and it has a negative coefficient, as expected.
As we have discussed, the PRODCOM price can only be observed for a subset of suppliers,
reducing the number of observations by 80%. Such strong selection can lead to biased results. To
alleviate this issue, we predict the price for all firms by running a regression on the PRODCOM
sample with log price as the dependent variable and average wage, productivity, size as well as region
and industry dummies on the right hand size. We predict the price for all suppliers based on this
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regression. In Column (2) we include this predicted price as the Prodcom price is available only for a
subsample of firms. This increases the sample size. The coefficients remain quite similar. Finally, in
Column (3) we run a linear model where we can include supplier fixed effects in addition to the choice
set fixed effects to control for unobserved supplier characteristics, including price. The interaction is
positive and highly significant in this specification.
Columns (4)-(6) repeat the same exercise but focus only on cases when the buyer chooses only
one supplier from the choice set. The results remain similar.
To sum up, the evidence presented here suggests that higher quality buyers more likely to choose
a higher quality suppliers than a lower one.

5.2

Intensive margin: Supplier shares

Here we are interested in understanding on how much firms buy from each of their suppliers (intensive
margin). We regress the share of supplier j in buyer i’s total purchases, and our main variable of
interest is the interaction between buyer and supplier quality, showing whether higher quality buyers
buy more from their higher quality suppliers. In some of the specifications we also control for the
supplier price.
Our estimating equation is derived from Equation (13). Pj , ωi , ωj and dij are observable in our
data, while φ0ij and P̃im are not. The former is buyer and supplier-specific while the latter is buyer
specific. We control for the latter two unobservables by including buyer and supplier fixed effects.
In particular, we run the following regressions:

ln sij = β1 ln ωj + β2 ln ωi × ln ωj + β3 ln distij + β4 ln Pj + ηi + ξj + ζk(i)s(j) + ij

(15)

where i denotes buyers, j suppliers, sij is the share of supplier j in buyer i’s purchases and distij is
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the distance between i and j. ωi is buyer quality, ωj is supplier quality. Pj is the price of supplier j
, only when supplier fixed effects are not included. ηi , ξj and ζk(i)s(j) are buyer, supplier and buyer
industry-supplier industry pair fixed effects, respectively.
Importantly, to clean the data from inputs which are relevant for only few firms in an industry, we
use the following procedure. First, for each buyer industry k, we calculate the share of each supplier
industry’s s share in k’s purchases, sks =

P
vij
Pi∈k,j∈s
P
.
i∈k
j vij

Then, we drop all observations when sks < 5%.

Referring back to Equation (13), the coefficient of the interaction informs us about the strength
of complementarity between between supplier and buyer quality, θ. In particular, a positive coefficient
for the interaction suggests complementarity. Also, note that the ratio of the interaction and price
coefficients equals the theoretical parameter θ.
The results of these regressions are in Table 7. Column (1) includes buyer fixed effects, identifying
the coefficients by comparing suppliers’ share within the same buyer. The positive coefficient of
supplier quality shows that the buyer with average quality buys a higher share from higher quality
suppliers (both quality measures are normalized with the average). The interaction of buyer and
supplier quality is positive showing that higher quality buyers buy a higher share from higher quality
suppliers compared to lower quality buyers. Finally, distance, as expected, has a negative coefficient
reflecting that firms are less likely to source from farther away, ceteris paribus.
Supplier quality is likely to be positively correlated with supplier price. In columns (2)-(5) we
attempt to disentangle the role of supplier price and quality in this decisions. In column (2) we
control for the supplier’s price, calculated from PRODCOM. Recall that PRODCOM is a survey,
therefore supplier price is available only for a subset of suppliers, reducing our sample size to 8,200
observations. As expected, we find that supplier price is negatively correlated with the supplier’s
share. The coefficients of supplier wage and the interaction increase substantially, showing that
quality conditional on price has an even higher effect.
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A concern with these regressions is that quality and price may be correlated with supplier size,
and larger suppliers have higher share in their buyers’ purchases. To investigate this possibility, in
column (4) we also control for supplier sales and employment. The main results does not change.
Column (5) includes the predicted price measure to estimate on a larger sample, and yields similar
results.
Another way to control for unobserved supplier characteristics, including price in case of firms
not sampled by the Prodcom is to run a two-way fixed effects model by including both buyer and
supplier fixed effects. Column (6) reports the results of these regressions while (7) also includes
supplier industry-buyer industry fixed effects. The interaction remains positive and significant.
The results show that high quality buyers buy more from higher-quality suppliers than lower-quality
buyers.

6

Discussion

Figure 3 illustrates our results from the choice and share regressions. Both specifications suggest the
presence of complementarity between supplier and buyer quality, with higher-quality buyers valuing
supplier quality more both in terms of their supplier choice and the supplier shares. As discussed, we
can estimate the degree of complementarity, θ, by dividing the interaction cofficient with the distance
coefficient in both equations. The different specifications yields θ estimates between 1.3-6 (Table 8).
The model allows us to quantify the complementarity in terms of log revenue. We can approximate
the revenue in the following way:4

log Revenue ≈ α(σ − 1)θ log ωi · log ωj + fi + fj
4 By

plugging in Equation (8) into Equation (5)
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where log ωj is average supplier quality. Using σ = 3 and α = 0.7 as well as the estimates for θ from
above, increasing supplier quality by 10% increases revenue by 2.7-12.6% percentage points more for
a 10% higher quality client.
We can also quantify the importance of search costs.

By comparing the main predictions,

Equation (12) and (13), distance affects choice via both search and trade costs, while it only affects
share via trade costs. Therefore, the difference between the distance coefficients in the choice and
share equations represent the effect of search costs. Based on these comparisons, a 10% increase in
distance reduces choice probability as much as a 30% increase in price.
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Figures
Figure 1: Relationship between buyer price and average supplier price

Average supplier price (norm)

7

Buyer price (norm)

Note: This figure depict the relationship (binscatter) between buyer normalized prices (from
Prodcom, normalized by 4-digit product average unit value) and the average normalized price of
each buyer’s suppliers. 2019.
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Supplier wage (ln)

Figure 2: Relationship between buyer price and average supplier price

Distance (km)
Low-wage buyer

High-wage buyer

Note: This figure shows the relationship (binscatter) between supplier distance and supplier wage for
lower- and higher-quality buyers, for supplier-buyer pairs. 2019.

2
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Figure 3: Summary of the estimated extansive and intensive margin effects

Wage (high quality buyer)

Wage (medium quality buyer)

Wage (low quality buyer)

Price (minus)

Distance (minus)
0

0.02

0.04

Choice

0.06

0.08

0.1

0.12

Share

Note: The figure is based on Table 7 col (3) and Table 6 col (1). High quality buyer’s average wage is
50% higher than the average and low quality buyers’ is 50% lower. In case of share, these are effects
on share, scaled between 0 and 1, while in case of choice we report are conditional logit coefficients.
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Tables

Table 1: Number of observations
Panel A: Observations in VAT
Year

Number of suppliers
Number of buyers
Number of supplier-buyer pairs

2015

2016

2017

2018

2019

101 444
96 602
423 387

102 839
98 427
426 674

127 435
124 226
536 626

235 673
196 406
1 519 442

243 839
207 847
1 902 748

Panel B: Observations where key variables are not missing
Year

Number of suppliers
Number of buyers
Number of supplier-buyer pairs

2015

2016

2017

2018

2019

61 007
53 642
260 506

60 781
54 451
257 672

56 470
48 839
246 676

106 633
100 723
884 887

108 834
105 921
1 104 278

Panel C: Observations with price information
Year

Number of suppliers
Number of buyers
Number of supplier-buyer pairs

2015

2016

2017

2018

2019

3 187
3 198
38 240

3 323
3 314
38 915

3 088
3 089
36 849

3 607
3 843
107 387

3 608
3 791
125 783

Note: Panel A includes all suppliers, buyers, and pairwise combinations which can be found in the VAT panel
data. Panel B includes all suppliers, buyers, and pairwise combinations in the VAT panel data, excluding all
observations where key variables were missing (reporter ID, partner ID, distance, NACE code, NUTS code,
sales). Panel C includes all suppliers, buyers, and pairwise combinations in the VAT panel data, excluding
observations without a PRODCOM price.
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Table 2: Higher quality buyers have higher quality suppliers on average

Av. buyer ln wage (norm.)

(1)

(2)

(3)

(4)

supplier ln wage

supplier ln wage

supplier ln wage

supplier ln wage

0.141***

0.111***

(0.00468)

(0.00583)
0.123***

0.0950***

(0.00426)

(0.00523)

Av. residual buyer ln wage (norm.)

Observations

32,444

22,662

32,444

22,662

R-squared

0.090

0.088

0.049

0.042

Budapest excluded

x

x

Note: These supplier-level regressions show how supplier quality is associated with average buyer quality. All regressions include
county- and 2-digit industry fixed effects. The main explanatory variable in columns (1)-(2) is the average ln average wage of the
buyers while in columns (3)-(4) it is residualized wage after filtering out county and industry fixed effects from buyer wages before
calculating the average buyer wage.
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Table 3: High quality buyers choose more distant suppliers if there are few high-quality supplier around

Buyer wage (ln)

Local average potential supplier wage (ln)

Number of potential local suppliers (ln)

(1)

(2)

(3)

(4)

(5)

(6)

distance (ln)

distance (ln)

distance (ln)

distance (ln)

distance (ln)

distance (ln)

0.971***

-0.248***

0.214***

1.079***

0.142***

(0.00634)

(0.118)

(0.0153)

(0.185)

-0.241***

-0.236***

-0.268***

-0.265***

-0.257***

(0.00953)

(0.00955)

(0.0165)

(0.0164)

(0.0276)

(0.0285)

-0.168***

-0.168***

-0.262***

-0.262***

-0.218***

-0.218***

(0.00297)

(0.00942)

(0.00939)

(0.0171)

(0.00297)
Buyer wage (Ln) X Local average potential supplier wage (ln)

(0.0171)

-0.113***

-0.108***

-0.0823***

(0.0154)

(0.0240)

(0.0295)
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Observations

226,676

226,676

226,514

226,514

217,461

217,461

R-squared

0.056

0.057

0.115

0.115

0.255

0.255

buyer NUTS4 FE

YES

YES

YES

YES

YES

YES

x

x
x

x

x

x

x

x

Industry pair FE
Buyer FE
Supplier ind FE

Note: These buyer-supplier pair-level regressions show how supplier quality is associated with buyer quality. The dependent variable is the ln distance
between the supplier and the buyer and the independent variables are the ln local wage in the supplier’s industry, ln number of firms in the supplier’s
industry at the same location to the buyer, and the interaction of buyer wage and average wage of firms in the supplier’s industry. Local is considered
at the NUTS4 level. Columns (1)-(2) include fixed effects capturing the buyer’s location. Columns (3)-(4) include additional buyer-supplier industry
pair fixed effect. Columns (5)-(6) also include buyer firm and 2-digit supplier industry fixed effects. standard errors are clustered at the buyer-supplier
industry level. The regressions are unweighted, and the sample includes all buyer-supplier pairs in year 2019.

Table 4: High quality buyers go farther away to find good quality suppliers

distance (ln)

(1)

(2)

(3)

(4)

(5)

(6)

supplier wage (ln)

supplier wage (ln)

supplier wage (ln)

supplier wage (ln)

supplier wage (ln)

supplier wage (ln)

0.0429***

0.0753***

0.0603***

0.0792***

0.0600***

0.0784***

(0.00162)

(0.00122)

(0.00198)

(0.00205)

(0.00203)

(0.00211)

-0.0220***

-0.00500**

-0.0253***

-0.0118**

(0.00278)

(0.00251)

(0.00492)

(0.00477)

buyer wage>median X dist. (ln)

buyer wage>local med. X dist. (ln)

Observations
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R-squared
Budapest buyers excluded

0.00370

0.00781

(0.00493)

(0.00479)

294,358

204,159

294,358

204,159

294,358

204,159

0.205

0.220

0.205

0.220

0.205

0.220

x

x

x

Note: These buyer-supplier pair-level regressions investigate how supplier quality is associated with the distance from the buyer and its interaction with buyer
quality. The dependent variable is ln supplier wage (demeaned) and the independent variables are the ln distance between the pair, and buyer quality, defined
as a higher-than-median wage. All specifications include buyer fixed effects and standard errors are clustered at at the buyer firm level. All regressions are
unweighted, and the sample includes all buyer-supplier pairs in year 2019. In columns (2)-(4)-(6), Budapest buyers are excluded.

Table 5: Firm performance is positively correlated with average supplier quality

Buyer wage (ln)

Av. Supplier wage (ln)

(1)

(2)

(3)

(4)

(5)

(6)

Buyer’s

Buyer’s

Buyer’s

Buyer’s

Buyer’s

Buyer’s

Profit (ln)

Profit/worker (ln)

Sales (ln)

Sales/worker (ln)

Value added (ln)

Value added/worker (ln)

1.308***

0.463***

1.302***

0.489***

1.553***

0.721***

(0.0171)

(0.0129)

(0.0151)

(0.0105)

(0.0151)

(0.00865)

0.140***

0.0611***

0.112***

0.0328***

0.117***

0.0369***

(0.00307)

(0.00256)

(0.00235)

(0.00163)

(0.00262)

(0.00150)

Observations

90,208

90,208

104,552

104,552

100,193

100,193

R-squared

0.211

0.063

0.284

0.119

0.314

0.201

Note: These buyer-year-level regressions show the relationship between buyer performance and the average quality of its suppliers,
including observations between 2015-2019. All regressions include year and buyer county fixed effects and standard errors are clustered
at the buyer level. The wages are calculated from the relevant financial statements. Independent variables are the the demeaned buyer
and supplier wages of the given year. The dependent variables are the following: ln buyer profit in column (1); ln buyer profit per
worker in column (2), calculated as the previous profit per size, ln buyer’s sales in column (3); ln buyer’s sales per worker in column
(4); ln buyer value added in colunm (5), calculated as the difference between sales and material; and ln buyer value added per worker
in column (6). All regressions are unweighted.
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Table 6: Extensive margin: Supplier choice

(1)

(2)

(3)

(4)

(5)

(6)

supplies

supplies

supplies

supplies

supplies

supplies

-0.558***

-0.626***

-0.0119***

-0.690***

-0.756***

-0.00843***

(0.0107)

(0.00760)

(0.000169)

(0.0162)

(0.0104)

(0.000140)

supplier wage (ln)

0.905***

0.362***

0.916***

0.356***

(0.0306)

(0.0156)

(0.0470)

(0.0245)

supplier wage (ln) X buyer wage (ln)

0.228***

0.138***

0.00329***

0.423***

0.193***

0.00111***

(0.0610)

(0.0232)

(0.000181)

(0.0950)

(0.0413)

(0.000102)

distance (ln)

price (PRODCOM)

-0.141***

-0.150***

(0.0122)
predicted price

Observations
Estimator
choice set FE

(0.0201)
-0.112***

-0.185***

(0.0137)

(0.0251)

184,662

1,829,638

6,799,315

91,967

793,305

4,157,856

clogit

clogit

linear

clogit

clogit

linear

x

x

x

x

x

x

one supplier

one supplier

one supplier

Supplier FE
Sample

x
all

all

all

x

Note: In these regressions the sample consists of pairs of buyers and their potential suppliers (defined as firms in the
same industry from which the buyer purchases at least one input). The binary dependent variable shows whether the
buyer purchases from the potential supplier or not. All regressions are unweighted and include choice set fixed effects.
Standard errors are clustered at the buyer firm level. Column (1) includes the ln distance between the buyer and the
potential supplier, ln supplier wage as a proxy for quality, and the interaction between ln buyer wage and ln supplier wage
as independent variables. Column (2) follows the same logic, but substitutes the predicted price for the PRODCOM
price to increase sample size. Column (3) only includes the ln distance and the interaction as independent variables, but
also incorporates supplier firm fixed effects. Columns (4)-(6) are robustness checks following the same logic, but only
including buyer-industry combinations from which the buyer chose only one supplier.
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Table 7: Intensive margin: Supplier share

supp. wage (ln, norm.)

supp. wage X buyer wage

distance (ln)

(1)

(2)

(3)

(4)

(5)

(6)

(7)

ln sij

ln sij

ln sij

ln sij

ln sij

ln sij

ln sij

0.276***

0.731***

0.630***

0.0645

0.290***

(0.0150)

(0.0942)

(0.0951)

(0.109)

(0.0278)

0.246***

0.800***

0.573***

0.562***

0.256***

0.288***

0.276***

(0.0283)

(0.125)

(0.122)

(0.122)

(0.0304)

(0.0362)

(0.0365)

-0.0581***

-0.0678***

-0.0836***

-0.0990***

-0.0601***

-0.0874***

-0.0885***

(0.00675)

(0.00926)

(0.00925)

(0.00633)
Supplier price (ln) - Prodcom

(0.0225)

(0.0218)

(0.0221)

-0.140***

-0.152***

-0.110***

(0.0380)

(0.0371)

supplier sales (ln)

(0.0355)
0.284***
(0.0574)

Supplier employment (ln)

-0.0957
(0.0703)

predicted price (ln)

-0.108***
(0.0195)

Observations

48,301

8,212

8,212

8,212

46,315

35,653

35,605

R-squared

0.550

0.515

0.557

0.565

0.552

0.721

0.725

buyer FE

x

x

x

x

x

x

x

x

x

suppllier FE
supplier ind FE

x

x

x

na

na

x

x

x

x

x

industry pair FE
larger than 5%

x
x

x

Note: In these supplier-buyer level regressions the dependent variable is the share of the supplier in the buyer’s total
purchases in the VAT data. In column (1), standard errors are clustered at the buyer firm level, in columns (2)-(4), standard
errors are clustered at the supplier firm level, and in columns (6)-(7), standard errors are clustered at the supplier-buyer pair
level. In column (1), the independent variables are the ln distance between the supplier and buyer, the ln, normalized price
of the supplier’s wage, and the interaction between the supplier’s and the buyer’s wage (both ln and normalized) and buyer
fixed effects are included. Column (2) additionally includes the ln price of the supplier, and this causes the sample size to
drop (PRODCOM data). Column (3) adds supplier industry fixed effects (at the 4-digit level), and column (4) also includes
ln supplier sales and ln supplier employment. Column (5) uses the predicted price instead of the PRODCOM price, leading
to a larger sample size. Column (6) includes two-way supplier-buyer pair fixed effects, and column (7) includes additional
two-way supplier-buyer industry fixed effects (at the 2-digit level). The sample includes supplier-buyer pairs from 2019,
where the supplier’s industry share exceeds 5%, where industry share is calculated as the supplier’s sales value to the total
sales value of the industry.
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Table 8: Estimated θ values
Extensive

Intensive

Prodcom price

6

3.75

Predicted price

1.3

2.5

Note: this table shows the estimated
vales for the complementarity parameter,
θ, from the different specifications
reported in Tables 6 and 7. In particular,
we estimate θ by dividing the quality
interaction coefficient with the distance
coefficient in Table 6 columns (1) and (2)
and Table 7 columns (3) and (5).
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Appendix A

Model derivations

Here we discuss the solutions of our model described in Section 4.
Demand is
Qi = Ahσ−1
Pi−σ .
i
Because quality hi is homogenous of degree zero in the input quantities, once the relative input
quantities are chosen, increasing scale only affects Qi but not hi . Thus, fixing the relative input
quantities, standard arguments apply. In particular, denoting the total cost by Ci , cost minimization
implies (1 − α)Ci = Li ωi and αCi =

P

j∈J

Pj Qij . And the constant markup rule applies: Pi =

σ/(σ − 1)Ci /Qi .
These observations imply that revenue can be written as

Ri = A

hi
Pi

σ−1


=A

hi Qi
Ci

σ−1
σ−1 
σ−1
·
σ

and profits as


hi Qi
Ci

Πi = A

σ−1
σ−1 
1
σ−1
.
·
σ
σ

Solving the firm’s problem is equivalent to choosing Qij and Li to maximize this expression of profits.
The key term is hi Qi /Ci . Using the definition of hi ,

hi Qi
=
Ci
=

·


P

ω̄i 1−α ·

hP

ω̄i

1−α


j∈J

φij Qij
Qim

· ω̄ij

σ
αh
1−1/σ  σ−1
Q

1−1/σ

j∈J (φij Qij ω̄ij )

j∈Si

Ci
σ
i σ−1
α hQ

j∈Si

Ci



1−α
Y −γ

ω̄i 1−α · Q̃α
·
a
·
L
β
i
im
i

=
dij r eεij 
Ci
j∈Si
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r εij
d−γ
ij e

r εij
d−γ
ij e

β i

β i

ai · L1−α
· Qα
im
i

ai · L1−α
i

where we used the notation that
σ
 σ−1


Q̃im = 

X

(φij ω̄ij Qij )1−1/σ 

jinJ

which, like Qim , is a CES aggregate of the input quantities Qij , but with different weights φij ω̄ij .
This observation implies that the original firm problem with endogenous quality is equivalent to the
problem of linked firm with exogenous quality. In particular, consider now a hypothetical firm with
production function
Q̃i = ai L1−α
Q̃α
im
i
and exogenous quality



h̃i = ω̄i 1−α 

Y

r
d−γ
ij e


εij β

.

j∈Si

The above derivation then implies
h̃i Q̃i
hi Qi
=
Ci
Ci
because the cost of inputs is the same. It follows that the profits of the original firm are equal to the
profits of the hypothetical firm. Moreover, because solving the original firm’s problem is equivalent
to choosing Qij and Li to maximize our expression for profits, which in turn equals an analogous
expression for profits for the hypothetical firm as a function of the same input choices, the input
choices of the hypothetical firm will equal the input choices of the actual firm.
We now proceed by solving the problem of the hypothetical firm. Define the price index for the
inputs of this hypothetical firm to be

1−σ
P̃im
=

X

(φij ω̄ij )σ−1 Pj1−σ

j

then the spending share on input j in the optimum will satisfy

sij =

Pj Qij
Pj Qij
Pj 1−σ (φij ω̄ij )σ−1
=
=
1−σ
Pim Qim
P̃im Q̃im
P̃im
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where at the second equality we used that input prices and quantities are the same for the actual and
the hypothetical firm.
Marginal cost for the hypothetical firm is proportional to 1/ai times Cobb-Douglas composite of
the input price index and the wage, that is,
Ci
1
α
∝
· ωi1−α P̃im
.
a
Q̃im
i
It follows that profits are proportional to
σ−1

α
 σ−1
 1−α Y
X

ω̄i
β

r εij
· ai
d−γ
.
(φij ω̄ij )σ−1 Pj1−σ 


ij e
ω
i
j
j∈Si

Separating the terms that only depend on i, log profits are

log Profiti = fi + α log 


X

(φij ω̄ij )σ−1 Pj1−σ  − (σ − 1)βγr log dij + (σ − 1)βεij .

j∈Si

We take the following first order approximation
X  φij ω̄ij 1−σ
X
log
≈ log
Pj
j∈Si

φ̂ij ωˆ
¯j

j∈Si

+

X
j∈Si

!1−σ

P̂ij

(φ̂ij ωˆ
¯j /P̂ij )σ−1
· (σ − 1) · (log φij − φ̂ij + log ω̄ij − log ω̂ij − log Pj + log P̂ij )
P
σ−1
ˆ
j (φ̂ij ω̄ij /P̂ij )

=const +

X

s̄IJ · (σ − 1) · (log φij + log ω̄ij − log Pj ).

j∈Si

A few remarks are in order. The constant is fixed for possible suppliers in the industry J of supplier
j. The underlying logic is that when client i is choosing a supplier in the industry of j, she has an
expectation of what the final prices, qualities and importance weights for all its suppliers are going
to be: these are the hatted variables. The constant term is determined by these expectations. When
contemplating different suppliers in the industry of j, the elasticity is the share of that supplier at
the expected (hatted) values. We assume that this share equals the industry share, which amounts to
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taking the first order approximation at hatted variables which reproduce the industry shares.
Maximizing profits is thus equivalent to maximizing

X

s̄IJ · (log φij + log ω̄ij − log Pj ) − βγr log dij + βεij

j∈Si

and substituting in for ω̄ and for φ this is equivalent to maximizing

X

s̄IJ · (log φ0ij − γt · log dij + νij + θs log ωj + θ log ωi log ωj − log Pj ) − βγr log dij + βεij .

j∈Si

This is separable in j, and, because νij is unknown and has mean zero, implies the following discrete
choice problem among suppliers in the industry of j:

j = arg max
j∈J

s̄IJ θ
s̄IJ
s̄IJ θs
log ωj +
log ωi · log ωj −
· log Pj −
β
β
β





s̄IJ γt
+ γr log dij + εij .
β

This is a microfoundation for our estimating equation. Note that several terms involve s̄IJ which is
a measure of the importance of input J for industry I. Intuitively, for a less important input, quality
and price matter less relative to the supplier-specific search cost shock. The coefficient of the distance
variable has two terms one of which does, the other does not depend on s̄IJ . This is because distance
affects both the search cost, which does not depend on the input’s importance, and the transportation
cost, which does.
Taking logs of the share equation yields

log sij = (σ − 1)(log φ0ij + log P̃im − log Pj + θs log ωj + θ log ωi log ωj − γt log dij + νij ).

Note that here φ0ij only depends on I and J. Here we do not have the γr and ε because those shifters
only affect the choice of supplier. But we have νij , because that shock is realized after the suppliers
are chosen but before the quantities are chosen.
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Appendix B

Cleaning the VAT data

In this section we describe the steps we undertake when cleaning the VAT data. We conduct two
types of cleaning. The first (one-sided) considers each record in isolation and cleans records. The
second step compares the same transaction as reported by the buyer and the seller and makes the
data symmetric (two-sided).
One issue is that some firms supplied annual while others monthly or quarterly declarations,
depending on the total amount of VAT they paid. To make the data comparable across firms, handle
seasonality and be able to link the VAT data to annual financial data, we aggregate the VAT records
to the annual level for each buyer-supplier pair.

B.1

One-sided cleaning

During the processing of the raw data, we found the following reporting issues:
(1) Negative values. These only occurred in 0.8% of the records, and probably represent ’corrections’
of transactions reported in the previous period. Since these occurred only when firms provided monthly
or quarterly reports, the observations were kept as long as the yearly sums remained positive.
(2) Zero reported value with multiple invoices: this can come from redacted invoices and only
occurred in very few cases. These were dropped.
(3) The reported value was below the threshold of reporting for 0.25% of the records. While these
likely represent actual transactions, we dropped these to apply the same threshold for all firms.
Some smaller, minor issues were also identified, such as an overly large tax rate (above 30%),
reporting transactions the same buyer and supplier, and duplicate observations. Such instances were
very rare, representing less than 0.1% of transactions and were dropped.
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B.2

Two-sided cleaning

A key feature of the VAT data is that all transactions are reported both by the buyer and the seller.
The tax id allows us to link declarations between buyers and suppliers and to identify the two records of
the same transaction. We rely extensively on comparing these records when we clean the data. Based
on these comparisons, we make two types of imputations: (i) extensive corrections, e.g. including
a positive value when partner reports a positive value but the reporter’s value was missing; or (ii)
intensive corrections, when both firms report different positive values.
Extensive imputation cleans records when one firm did not report a transaction while the other
did so. This is the situation in 30% of transactions, even though these tend to be small. In these
cases we found it plausible that the transaction actually took place but one party did not report it by
mistake, therefore we input the positive value.
Intensive imputation is used when the two firms report different positive values, and we assume
that the firm reporting the smaller amount is likely to have forgotten to report some of the transactions.
Here we consider a hierarchical correction where we accept their larger yearly reported value in a given
firm-pair. When creating the hierarchy, we consider which reported values seem the most reliable.
The ’hierarchy’ goes as follows:
(1) net and tax value and transaction number based on larger net value. Such discrepancies are
likely to be from the monthly extensive margin, leading to unreported tax values.
(2) if the net value is the same, we consider tax value and transaction number based on larger
tax value. These cases are rare and typically come from rounding errors.
(3) if both the net and tax values are the same, we consider the larger transaction number. Such
issues probably come from submitted corrections, which makes the number of invoices less reliable in
the data.
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We also compare the overall amount of transactions reported in the VAT data to firm’s sales
costs from the financial statements. Our expectation is that the VAT transactions should be below
the balance sheet quantities because of thresholds and international trade. We find that this is the
case in 96% of cases.
Note that at the end of this procedure we get a database which includes each transaction twice,
once reported by the buyer and once by the seller. We keep only one of these rows.
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This paper analyses the effect of offshoring (i.e., the relocation of activities previously performed in-house to foreign countries) on various firm outcomes (domestic
employment, production, and productivity). It uses data from the International
Sourcing Survey (ISS) 2017 for Germany, linked to other firm level data such as
business register and ITGS data. First, we find that offshoring is a rare event: In the
sample of firms with 50 or more persons employed, only about 3% of manufacturing firms and 1% of business service firms have performed offshoring in the period
2014-2016. Second, difference-in-differences propensity score matching estimates
reveal a negative effect of offshoring on domestic employment and production. Most
of this negative effect is not because the offshoring firms shrink, but rather because
they don’t grow as fast as the non-offshoring firms. We further decompose the
underlying employment dynamics by using direct survey evidence on how many
jobs the firms destroyed/created due to offshoring. Moreover, we do not find an
effect on labour productivity, since the negative effect on domestic employment
and production are more or less of the same size. Third, the German data confirm
previous findings for Denmark that offshoring is associated with an increase in the
share of ‘produced goods imports’, i.e. offshoring firms increase their imports for
the same goods they continue to produce domestically. In contrast, it is not the case
that offshoring firms increase the share of intermediate goods imports (a commonly
used proxy for offshoring), as defined by the BEC Rev. 5 classification.
Keywords: international sourcing, offshoring, productivity
JEL classification: D24, L60, O30
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1.

Introduction

Recent decades have seen an increasing fragmentation of global value chains, with production
stages of many products being spread across several countries (Baldwin 2016, Johnson 2018).
One form of participation in global value chains is offshoring, i.e. firms relocating economic
activities that were previously performed in-house to foreign countries.1 The possible
consequences of these developments for domestic employment and wages are subject of an
ongoing public debate. While offshoring is often equated with domestic job losses, the net effect
on the offshoring firm’s domestic employment is ambiguous in theory (Grossman and RossiHansberg 2008). On the one hand, the ‘downsizing effect’ reflects a substitution of domestic
with foreign tasks, leading to a loss in domestic employment. On the other hand, the
‘productivity effect’ means that firms may save costs (by sourcing cheaper inputs) and increase
productivity, possibly creating new domestic jobs. Moreover, offshoring firms may shift
domestic activities towards more knowledge-intensive production stages (such as R&D or
marketing), also possibly creating new domestic jobs in these areas (Andersen 2019). Overall,
the net effect of these changes is unclear.
Moreover, the empirical estimates in the literature also differ widely. Some studies have
found negative effects of offshoring on domestic employment (Geishecker 2008, Biscourp and
Kramarz 2007), small negative or insignificant effects (Wagner 2011), while others even find
positive effects (Moser et al. 2015, Eppinger 2019). However, the measurement of offshoring,
the data sources, as well as the empirical setup and identification strategies in these papers
varies considerably.2

1

We use the term ‘offshoring’ in contrast to ‘outsourcing’, with the latter meaning relocation from firms
in-house to other firms (which could be both domestically and internationally).
2

On top of the average effects, the literature has investigated also distributional effects as low-skilled
workers seem to be more negatively affected than high-skilled workers (Hummels et al. 2014, 2018;
Baumgarten et al. 2013, Egger and Egger 2003).

3

In this paper, we study the effects of offshoring on firm outcomes (domestic
employment, production, and labour productivity) in Germany. We use data from the 2017
International Sourcing Survey (ISS), a sample of firms with 50 or more persons employed
which were asked whether they have offshored during the period 2014-16. It also contains
information on the destination country of the relocation, which business functions were
affected, and how many domestic jobs were lost/created at the firm due to offshoring. The ISS
data are matched to other official firm-level data, in particular the Statistical Business Register
(SBR), the International Trade in Goods Statistics (ITGS), and the Prodcom survey.
We make two contributions to the literature. First, the ISS survey allows to identify
offshoring firms directly in a clean manner, in contrast to many previous papers which had to
use indirect proxies for offshoring (see the literature review in Section 2). The survey question
states explicitly that offshoring is defined as the relocation of business functions to foreign
countries that were previously performed domestically at the firm. This allows us to separate
‘true’ cases of offshoring from cases where a firm expands its production abroad and/or
increases its imports, but the production never took place domestically. Moreover, the data
contain unique direct evidence on how many jobs the firm lost/created due offshoring, allowing
us to uncover the underlying employment dynamics.
A second contribution is that the data allow to better understand how the mix of firms’
import products changes when they start offshoring. By matching ITGS data on the
firm*product level, we can consider different classifications that have been used previously in
the literature. We check whether offshoring firms really see an increase in these measures and
thus whether these measures are suitable proxies for offshoring. In particular, we consider i)
the share of intermediate goods imports over total imports (using the Broad Economic
Categories (BEC) classification) and ii) the measure of ‘produced goods imports’ (imports that
are also produced domestically by the firm) as a share of total imports (proposed by Bernard et
al. 2020).

4

On the other hand, we acknowledge that the data also come with some limitations. First,
the effective sample size is not large. The survey includes about 8,000 firms, but offshoring is
a rare event and only 151 firms in the sample actually offshored during the reference period
(2014-16). Data linking further reduces the effective sample size, depending on which data are
linked (see Section 3.2). While our sample still is representative of the target firm population
in the Statistical Business Register (as shown below), the small sample size precludes more
detailed subgroup or heterogeneity analyses. Another limitation is that the survey only includes
firms that ‘survived’ until 2016 (when the sample was drawn). Cases where the firm was shut
down completely after offshoring will not be included in the data anymore.3
The results can be summarized as follows. First, offshoring is a rare event and the firms
that engage in it are a selective group. Even when considering the already selective sample of
firms with 50 or more persons employed, only about 3% of manufacturing firms and 1% of
trade/business service firms have relocated abroad in the period 2014-2016. These low shares
might (partly) be explained by the fact that most of the offshoring has already happened in the
past (during the 1990s and 2000s). Regarding the nature of offshoring, we show the important
role of Eastern Europe as a destination region, and that most offshoring takes place within the
same enterprise group (rather than to firms outside the own group). Considering the factors that
determine selection, offshoring firms are larger, more productive, have higher import/export
shares relative to revenue, and more often belong to a foreign enterprise group than nonoffshoring firms. This confirms both the empirical literature and theoretical models that show
that more productive firms self-select into global sourcing because they can bear the fixed costs
(Antrás and Helpman 2004).

3

However, this issue is to some extent mitigated by the fact that our data are on the firm (not plant)
level, and we measure total firm employment of all plants that belong to the firm. For example, if a firm
operates two plants and one plant was shut down after offshoring but the other was not, we would still
observe the firm in our sample, and we would correctly measure the total employment reduction at the
firm level.
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Second, using a difference-in-differences propensity score matching approach, we find
a negative effect of offshoring on domestic employment (in the order of about 9-12 ppts.). By
additionally utilizing direct survey evidence on how many jobs the firm has destroyed/created
due to offshoring, we are also able to further decompose the underlying employment dynamics.
Offshoring firms reduce jobs due to offshoring, but at the same time, they also increase their
employment for non-offshoring related reasons, resulting in an overall more or less constant
employment level. Thus, on average it is not the case that the offshoring firms shrink, but rather
that they don’t grow as fast as the non-offshoring firms. This latter result might be driven by
the particular time period we study, in which the German economy experienced strong
economic growth and falling unemployment. This seemed to allow also the offshoring firms to
participate in the dynamic economic environment. Finally, our matching estimates show
negative effects on domestic output (revenue and production). Since the negative effects on
domestic employment and output are roughly of the same size, there is no effect on labour
productivity (the ratio of output over employment).
Third, our results shed some light on the question how the mix of import products
changes once a firm starts offshoring. We first consider classifying import products into
generic/specific intermediates, capital goods, and consumer goods based on the final use
categories in the Broad Economic Categories (BEC) scheme. It emerges that offshoring firms
decreased the share of imports which are generic intermediates, but increased the share of
specific intermediates and capital goods. This suggests that the measure ‘share of intermediate
goods imports in total imports’ (which is used in the literature as a ‘broad’ offshoring measure)
is too ‘broad’ to describe offshoring firms’ activities. This measure likely reflects all kinds of
deepening global integration, not just offshoring. Another possible explanation is that most of
the offshoring of simple (generic) intermediate inputs likely has already happened in the past,
and in the late time period considered here (2014-16), offshoring firms seems to import more
complex goods, such as specific intermediates or capital goods.
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Moreover, we consider the classification of imports based on whether the import good
is also produced domestically by the firm (a ‘narrow’ offshoring measure following Bernard et
al. 2020 or Hummels et al. 2014). Offshoring firms significantly increased the share of imports
of products they also produce domestically. This may point to a fragmentation of global value
chains in which the same good is partly produced domestically, partly internationally. However,
the measure ‘share of produced goods imports in total imports’ also has limitations in the sense
that not all offshoring firms show an increase in this measure, and, in turn, the measure also
increases for some non-offshoring firms. Taken together, our results thus highlight the difficulty
of capturing offshoring firms’ import behaviour with one single measure. Rather, firms’ import
patterns seem to be more complex and heterogeneous.
The paper is structured as follows. Section 2 gives a brief summary of different
offshoring measures used in the empirical literature. Section 3 outlines the data. Section 4
explains the econometric methods. Section 5 presents the empirical results on the effects on
employment, revenue, and productivity. Section 6 discusses how imports change for offshoring
vs. non-offshoring firms. Section 7 concludes.

2.

Offshoring Measures in the Literature

One challenge for the empirical literature is that offshoring is not observed directly in most
data. Rather, proxy variables are constructed based on international trade data, either at the
industry-level or the firm-level. Hummels et al. (2018, p. 981) argue that a proper measurement
of offshoring should reflect three aspects of the phenomenon: ‘that it involves intermediate
inputs for production (versus final goods for consumption); that it involves imported inputs

7

(versus domestically produced ones); and that the inputs involved could have been produced
internally within the same firm’. We now provide a brief overview of these proxies.4
The earliest empirical studies are based on industry-level data. Feenstra and Hanson
(1996, 1999) distinguish between ‘broad’ and ‘narrow’ offshoring. The former is defined as the
industry’s share of imported intermediate inputs over total inputs. However, they also note that
this measure is likely too broad as not all imported intermediates are offshored in the sense that
the firm would or could never have produced these goods itself. That is, an increasing share of
intermediate imports over total inputs could as well be a measure for a deepening of global
integration, rather than offshoring. Feenstra and Hanson (1996, 1999) therefore also develop a
‘narrow’ offshoring measure considering only imports of intermediates from the same 2-digit
industry, which aims to better capture the idea that the domestic industry could have produced
the same good itself. This industry-level ‘narrow’ offshoring measure (derived based on InputOutput-Tables) has been used in various subsequent papers.5
Since industry-level measures will miss the arguably substantial heterogeneity of firms
within industries, a more recent strand of the literature has used firm-level data. Some papers
have used the firm-level imports of intermediates (either in absolute value, or normalized by
total intermediates or total imports) as a proxy for offshoring.6 In the Feenstra/Hansonterminology, this corresponds to a ‘broad’ firm-level offshoring measure. In contrast, Hummels
et al. (2014) construct a ‘narrow’ firm-level measure by matching Danish production and trade

4

For a more extensive literature review, see Hummels et al. (2018), Crinó (2009), or Moser et al. (2015).

5

See e.g. Hijzen et al. (2005) for the UK. Many studies use individual-level data in which the outcome
variables (e.g., employment, wages) are measured on the worker level, but the treatment variable
(offshoring intensity) is still measured on the industry level (depending on the industry the worker
belongs to). Examples are Munch and Skaksen (2009) for Denmark, Egger et al. (2009) for Austria, as
well as Geishecker and Görg (2008), Geishecker (2008), or Baumgarten et al. (2013) for Germany.
6

Moser et al. (2015) use German data and define offshoring as the share of imported intermediate inputs
over total intermediate inputs (based on survey responses). Baum et al. (2020), using Swedish ITGS
data, define offshoring as the total value of imported intermediate goods, and goods are classified as
intermediates according to the Broad Economic Categories (BEC) classification (see Section 6.1 below).
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data. They proxy offshoring as the total imports of goods in the same HS4 product category as
the goods sold (either domestically or exported) by the firm. Hummels et al. (2014) do not
distinguish between intermediate vs. final goods imports, but they argue that because their
sample only includes manufacturing (not wholesale/retail) firms, it can be assumed that all of
the firms’ imports are used as intermediate inputs in production, not as final consumption goods.
Moreover, while offshoring is traditionally equated with imports of intermediate inputs
(i.e., sourcing of more ‘upstream’ production stages which are then further processed
domestically), this may not always be the case. As emphasized by Johnson (2018), an
offshoring firm might as well relocate more ‘downstream’ production stages abroad (i.e., have
the good be assembled abroad), and then re-import the final good. That is, offshoring might as
well show itself in the data as an increasing import of final (rather than intermediate) goods.
A final complication is that an increase in firm-level imports (both in the ‘broad’ and
the ‘narrow’ form) may not only reflect foreign inputs replacing inputs that were previously
produced in-house at the firm (offshoring). Rather, the firm may also increase foreign inputs to
replace inputs previously sourced from other domestic suppliers (Moser et al. 2015 call this the
‘supplier-substitution effect’). In this case, the employment losses do not occur among those
firms that perform the importing, but among the previous domestic suppliers that lose their
market share. This is a channel which is hard to investigate directly as data sets typically do not
have information on the domestic suppliers.
Overall, this discussion has highlighted some of the challenges when capturing all
aspects of the offshoring phenomenon with one single proxy variable. While many studies have
relied on these proxies, there are actually a few papers in which offshoring is measured directly
on the firm level. The International Sourcing Surveys (ISS) have been interesting data sources
in this context, as firms are surveyed on whether they have started to source production or
service activities from abroad that were previously performed in-house at the firm (see Section
3.1). This arguably is the cleanest measure of offshoring on the ‘extensive’ margin and most
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closely corresponds to the theoretical concept of interest.7 Wagner (2011) uses data from the
German ISS 2006, which is similar to the German ISS 2017 we use in the present paper. Kaus
(2019) uses data from the German ISS 2017, and we extended these analyses here.
Bernard et al. (2020) use data from the Danish ISS 2006 linked to Prodcom and ITGS
data (at the firm*product level). They show that offshoring firms increase the imports of those
goods they also produce domestically. An additional twist in this analysis is that the offshoring
firms actually continue to produce the same goods domestically they offshore. The authors’
proposed offshoring measure thus is the share of ‘produced goods imports’ over total imports.
While this measure does not cover all forms of offshoring, the results suggest that offshoring
need not be equated with imports of intermediate goods only, but that it could also involve
imports of the same (even final) goods which are partly produced abroad, partly domestically.
It also emerges that offshoring firms reorganize their domestic workforce by increasing the
share of high-tech workers, and that they increase the unit prices of the domestically produced
varieties. The authors argue that this is consistent with a quality-upgrading mechanism as
domestic production is shifted toward high-skill stages of the value chains of a good (such as
R&D, marketing, etc.), while the low-skill stages of the value chain of the good are offshored.

3.

Data

3.1.

International Sourcing Survey (ISS)

The International Sourcing Surveys (ISS) have been carried out by some National Statistical
Offices of EU member states. This paper uses German data from the most recent 2017 wave

7

Fritsch and Görg (2015) use firm-level surveys from emerging economies which distinguish between
two measures: outsourcing (whether the firm has contracted out activities that were previously
performed in-house, i.e. a mix of domestic and foreign outsourcing) and a ‘broad’ offshoring measure
(the share of imported intermediates over total intermediates).
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(see Destatis 2019 and Kaus 2019).8 The survey asked firms whether they have offshored at
some time between 2014 and 2016, with offshoring being explicitly defined as the relocation
of business functions abroad that were previously performed domestically at the firm. This
corresponds to a measure of offshoring on the extensive margin. The questionnaires also ask
about the destination region of the offshoring, and about which business functions (production
and up to seven types of services) were affected. Finally, firms are directly asked about how
many jobs were lost and how many jobs were created due to offshoring.
The target population consists of firms with 50 or more persons employed in the nonfinancial business economy (NACE Rev. 2 B-N, without K). A sample of about 55,000 firms
was drawn from the population in the Statistical Business Register (SBR, see Appendix A1),
with stratification based on industry and employment size classes. Eventually, data from ca.
7,800 firms are available (an effective response rate of about 14%), among which 151 have
performed offshoring during the reference period 2014-16. Survey weights are used, but
response was relatively balanced across the different strata. In our analysis, we drop firms from
industries in which there was almost no offshoring (dropping the NACE Rev. 2 sections B, D,
E, F). We distinguish between the broad industry categories manufacturing (NACE Rev. 2,
Section C) and trade/services (NACE Rev. 2, Sections G-N without K).
To check the representativeness of the data, Appendix Table A1 compares the
(unweighted and weighted) ISS sample to the total target population of firms with 50 or more
persons employed in the Statistical Business Register. A reassuring result is that the ISS sample
is reasonably representative of the target population when considering the variables
employment, revenue, and foreign ownership.

8

The surveys are so far carried out by the National Statistical Offices on a voluntary basis. Germany
participated in 2007 and 2017, and again participates in 2021. The compulsory Global Value Chain
(GVC) survey will replace the former voluntary ISS surveys in all EU member states from 2024
(reference years 2021-2023) onwards.
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3.2.

Matching to Other Firm-Level Data and Sample Selection

The data from the ISS survey are matched to various other firm-level data sources in official
statistics. Linkage between these data is possible via unique firm IDs. Further details on the
data are discussed in Appendix A. In particular, we match:


Statistical Business Register (SBR) data which include information on the firm’s
employment, revenue, and membership in an enterprise group with a foreign ‘head’.



Production survey (Prodcom) data include the firm’s domestic production values (also
broken down by the 8-digit product level). Importantly for the present analysis, the
survey only includes production performed domestically, but not production sourced
from abroad. Goods for resale and repackaged goods are excluded as well.



International Trade in Goods Statistics (ITGS) include information on firm-level
imports and exports. The ITGS data have some methodological issues (regarding
import/export thresholds and the treatment of tax groups) which are further discussed in
Appendix A2. Moreover, they contain a detailed product-level dimension which we use
to classify imports/export products according to the Broad Economic Categories (BEC)
scheme (by matching the BEC categories at the HS6 level). Finally, matching of ITGS
and Prodcom data at the firm*year*product level allows to calculate whether an import
good was also produced domestically by the firm during the year (see Appendix A4).

Further details on sample construction are given in Appendix Table A2, and descriptive
statistics of all variables are shown in Table A3. Regarding data matching, one limitation is that
we are only able to study labour productivity (based on revenue and employment in the SBR),
but not other productivity measures such as TFP. This is because information on value added
and intermediates is only available in the Structural Business Statistics (SBS) surveys (e.g. the
cost structure survey in manufacturing, see Kaus et al. 2020), and the overlap between these
surveys and the ISS is too small.
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4.

Estimation Approach

To estimate the effects of offshoring on firm outcomes, we use a difference-in-differences
matching approach.9 Define Y , as the potential outcome (say, employment) of firm i in period
t if the firm gets the treatment, and Y , as the potential outcome if the firm does not get the
treatment. In our setting, where the treatment is the offshoring during the years in 2014-16, we
consider two time periods, t0=2013 (before treatment), and t1=2017 (after treatment). The
parameter of interest is the Average Treatment Effect on the Treated (ATT):
ATT = E(ΔY − Δ
where the dummy variable
are ΔY =

,

−

,

|

= 1)

denotes whether the firm has offshored, and the first differences
and ΔY =

,

−

. Thus, we consider the offshoring firms’

,

actual employment growth between 2013-2017, and compare that to the counterfactual
employment growth the offshoring firms would have experienced if they had not offshored.
To proxy this unobserved counterfactual, each treated firm is matched to one or more
‘similar’ control firms (in terms of observable pre-treatment characteristics). In particular, the
assumption is that E(ΔY |

= 1,

) = E(ΔY |

= 0,

), i.e. if the offshoring firms would not

have performed the offshoring, they would have faced on average the same employment growth
as non-offshoring firms with similar observed pre-treatment characteristics
further below, we estimate the propensity score Pr(

. As described

= 1| ) using a Probit model to reduce

the multi-dimensional vector of covariates into a single scalar. Then, matching of treated and
controls is based on the estimated propensity score.
Given these assumptions, the ATT can be estimated as:
=

1

⋅

Δ −
∈

9

,

⋅ Δ

∈

This also used in e.g. Baum et al. (2020), Eppinger (2019), Moser et al. (2015), or Wagner (2011).
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where N ,
Δ

denote the total number of treated and control observations in the sample. Δ and

denote the observed outcomes (e.g., employment growth) for treated observation i and

control observation j. For each treated observation i, we calculate a weighted average of the
outcomes of the matched control observations (i.e., summed over all j). When doing so,

,

denotes a weight that will be the larger the more similar both observations i and j are (in terms
of the estimated propensity score), and the weights sum up to one. Our baseline method to
determine the weights is a 5-neighrest neighbour matching.10
A key advantage of combining matching and difference-in-differences is that one can
account for time-constant selection on unobservables. The assumption underlying the diff-indiff matching is that if the offshoring firms would not have performed the offshoring, they
would have faced on average the same employment trend as non-offshoring firms with similar
characteristics. To increase the plausibility of this assumption, our empirical implementation
uses a large number of pre-treatment characteristics (measured in 2013) as matching variables.
This includes employment, industry, labour productivity, membership in a foreign enterprise
group, and the share of imports over revenue. Moreover, we also match on lagged employment
growth before the treatment (2011-13).11
Finally, some papers in the literature use an instrumental variables approach to
instrument for firm-level imports using aggregate trade shocks. For example, Hummels et al.
(2014) have instrumented imports of a Danish firm from a certain country by using that
country’s aggregate exports to the rest of the world (except to Denmark). We do not pursue this
here for two reasons. First, from a more practical standpoint, the sample used in our analysis is
small, which would possibly lead to very imprecise IV coefficients. Second, and more

That is, , = 1/5 for the five control observations which are closest in terms of the estimated
propensity score, and zero for all other control observations.
10

11

The programme evaluation literature found that balancing pre-programme employment histories of
participants and non-participants is very important to reduce matching bias (see e.g. Biewen et al. 2014).
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fundamentally, the assumption of instrument exogeneity requires, among others, that the
instrument (in our case, aggregate exports of the respective partner country to all other countries
except Germany) is not itself affected by demand shocks arising from Germany. While this
assumption is plausible for a relatively small country like Denmark, we think it is more
problematic in the case of Germany. Most of the offshoring takes place to Eastern Europe
(EU13), and exports to Germany constitute a large part of EU13 countries’ aggregate exports.
It thus seems unlikely that German-specific demand conditions are orthogonal to EU13
countries’ trade activity.

5.

Effects of Offshoring on Employment and Production

5.1.

Characteristics of Offshoring Firms

Figure 1 shows that in all sectors, only a small share of firms performed offshoring in the
reference period 2014-2016: ca. 3% in manufacturing, and 1% in trade/ services. Since these
firms are much larger on average, ca. 14% of all persons employed in the manufacturing sector
(in the base year 2013) work at offshoring firms, and 4% of all persons employed in the
trade/services sector.
Table 1, Panel A shows that among the sample of offshoring firms, production and
service activities were relocated more or less to the same extent (about 56% and 58%).12
Considering the destination region of offshoring (Panel B), the important role of
Central/Eastern Europe stands out. Ca. 47% of all offshoring firms have the EU13 as their
destination region, and this share is higher than for other regions (EU-15/Other Europe: 43%,
China/India: 31%). Panel C shows that offshoring to firms within the own enterprise group

12

The survey also distinguishes between different service categories (management/administration,
marketing/customer support, R&D, etc.), but the number of observations is too small to plot them here.
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occurs much more often (75%) than to firms outside the own enterprise group (33%),
confirming the importance of ‘intra-firm trade’.
Table 2 analyzes the selection into offshoring by considering various ‘pre-treatment’
variables measured in 2013. Regarding the industry affiliation, offshoring firms are
disproportionately coming from high-technology manufacturing (as compared to lowtechnology manufacturing and to services). Offshoring firms on average are larger (in terms of
employment), and they have about (exp(0.644)-1)*100%=90% higher labour productivity.
They are more likely to be part of a foreign enterprise group (44% vs. 11%) and they have
higher import/export shares relative to revenue. Thus, our results confirm the selection patterns
that were found in various other empirical studies. We also find that offshoring and nonoffshoring firms had very similar ‘pre-treatment’ employment growth (in the period 2011-13).
Appendix Table A4 shows results from a Probit regression that controls for the abovementioned characteristics simultaneously. We then use the Probit estimations to calculate the
propensity scores for each firm (the predicted probabilities that a firm offshores, based on its
observable characteristics). As shown in Appendix Table A5, the propensity scores are
relatively low for both ‘treated’ (6.2% on average) and ‘control’ (1.8% on average). This
reflects the fact that offshoring is a rare event even in narrowly defined cells. The table also
shows the number of treated and control firms in different intervals of the estimated propensity
score. Within each interval, there is a sufficient number of control firms with a similar
propensity score. For the matching analysis, this suggests that the assumption of common
support of the propensity score is fulfilled, i.e. for each treated firm we are able to find a control
firm with similar characteristics.

5.2.

Offshoring and Employment Dynamics

We now consider employment outcomes. Table 3 shows average log employment in 2013 and
2017 for offshoring and non-offshoring firms (in 2014-16), and the employment growth for
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both groups. When pooling all sectors (Panel A), non-offshoring firms show on average large
employment growth (by 13.5%), while offshoring firms show a slight employment decline (by
-1.5 %). The ‘double-difference’ is a -15.0 percentage points (ppts.) negative effect for
offshoring firms. These patterns are similar in the manufacturing sector (Panel B) and the
trade/service sector (Panel C). Thus, most of the negative employment effect is not because the
offshoring firms shrink, but because they don’t grow as fast as the non-offshoring firms.
The finding that the offshoring firms did not reduce their employment much on average
may seem surprising, but that only measures the net job change and does not mean that no jobs
were lost due to the offshoring. To better understand these dynamics, we perform in Table 4
the following simple decomposition:

That is, for firm i the total net job change rate between 2013 and 2017 is decomposed into i)
the net change rate due to offshoring, and ii) the net change rate due to non-offshoring reasons.
This is possible because in the ISS survey, firms were directly asked how many jobs were
created, and how many were lost, due to offshoring.13 The survey asked firms to report job
gains due to offshoring, for example, if the relocation allows the firm to save costs and hire new
workers. Moreover, the same worker might be transferred within the firm from an offshored
business function A to another business function B of the firm. In this case, the survey asks
firms to report both a job loss in business function A and a job gain in business function B.

13

However, note that we don’t observe the variable ‘net job change rate due to non-offshoring reasons’
directly in the data. Instead, we take the ‘net job change rate due to offshoring’ in the ISS survey and
the ‘total net job change rate’ in the Statistical Business Register, and then calculate ‘net job change due
to non-offshoring reasons’ as the residual. Thus, it is also not possible to decompose the variable ‘net
job change due to non-offshoring reasons’ into job loss and job creation.
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Table 4 shows that, on average, offshoring firms lost 15.2% jobs (column 1, row 1) and
generated 3.9% new jobs (row 2) due to offshoring, resulting in a net job loss rate due to
offshoring of -15.2%+3.9%=-11.3% (row 3). At the same time, however, these firms generated
9.8% new jobs for reasons not related to offshoring (row 4), resulting in a net job loss rate of
only -11.3%+9.8%=-1.5% overall (row 5). The patterns are similar for manufacturing and
services. Thus, on the one hand, offshoring firms have net job losses due to offshoring, but on
the other hand, these job losses are to a large part compensated by new jobs created for other
reasons than offshoring. The latter suggests that also the offshoring firms participated in the
rather dynamic economic environment in Germany during the 2010s with strong economic
growth and falling unemployment.
These employment dynamics may at the same time reflect compositional changes if
less-skilled workers were laid off and high-skilled workers were hired. Figure 2 shows job
loss/creation rates due to offshoring separately by skill group.14 It confirms the expected pattern
that most of the jobs that are lost come from less-skilled workers. Among the 0.152 total job
loss rate overall, 0.115 come from less-skilled workers, and 0.037 come from high-skilled
workers. Among newly created jobs (0.039 job creation rate overall), both skill groups make
up about half (ca. 0.020). For both skill groups the total job creation rate due to offshoring is
too small to outweigh the losses.

5.3.

OLS and Matching Results

While the previous descriptive analysis compared average employment trends of the two
groups, the strong selection effects we have shown earlier also require to condition on further
characteristics. Table 5 shows results from a basic OLS regression where we regress the
employment growth rate 2013-2017 on an offshoring dummy and then control for further ‘pre-

14

The survey does not include the baseline level of low-skill/high-skill workers in 2013. Rather, the
absolute change in low-skill/high-skill workers is divided by the level of all workers in the firm in 2013.

18

treatment’ covariates (all measured in 2013).15 The ‘raw’ effect of offshoring declines in
magnitude when controlling for selection (from -14.5% to -10.2%), but the effects remain
economically and statistically highly significant. The decrease in magnitude mainly reflects the
fact that offshoring firms are on average larger, and larger firms on average have lower
employment growth.16 The latter is shown by the strongly negative coefficients of the dummies
for large firms (100-249 and 250+ persons employed) compared to the baseline group of smaller
firms (<100 persons employed).
Other control variables also have the expected signs. Service sector firms (especially in
high-technology services) have higher growth rates than manufacturing firms. Foreign-owned
firms have lower growth rates (in manufacturing), everything else equal. There is also evidence
for productivity-enhancing reallocation, i.e. firms with higher labour productivity have higher
growth rates, conditional on firm size.
In the next step, we turn to difference-in-differences matching to estimate the effect of
offshoring more systematically. A key advantage of matching compared to OLS is that the
former allows to account for effect heterogeneity and allows to explicitly consider the common
support of the control variables. We compare in Appendix Table A6 the characteristics of the
treatment group and the matched control group, to assess whether both groups are sufficiently
comparable in terms of observable characteristics. Both groups are indeed well balanced, with
the standardized biases of all variables lying below 10%.17 Moreover, t-tests indicate that none
of the differences is statistically significant after matching.
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In the following analyses, and in line with Table 4, the dependent variable is the ‘DHS’ growth rate
(of employment, revenue, or productivity) defined as: g = (
−
)/(0.5 ⋅ (
+
)).
This formulation follows Davis, Haltiwanger, and Schuh (1996) and is more robust to outliers than e.g.
using log changes.
16

In regressions where we only include offshoring and employment (not shown here), the offshoring
coefficient is almost identical to the regressions where we also control for the other characteristics.
17

The standardized bias after matching is a common metric to assess how well the characteristics are
balanced in the two samples. For a variable X, it is calculated as: sb(X) = 100 ⋅ ( −
∗ )/( 0.5 ⋅ (Var(X ) + Var(X ∗ )), where T denotes the treated sample, C* the matched control
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Table 6 then shows the results of the diff-in-diff matching estimation. It shows, for each
outcome variable, the average among the treated firms, the average among the matched control
firms, and the ATT as the difference between the two. Panel A confirms a robust negative effect
of offshoring on the employment growth rate, with an estimated ATT of -0.092 for
manufacturing and -0.134 for trade/services. Moreover, the magnitudes of the employment
ATTs are very similar to the numbers for ‘net job change rate due to OS’ (in Table 4, row 3)
which are based on direct responses by firms about how many jobs they lost/created. This
supports the conjecture that the ATTs actually estimate the ‘causal’ effects of offshoring.
Moreover, Panel B shows a negative effect on revenue growth (-0.098 for
manufacturing and -0.110 for trade/services). Again, the negative effect on revenue mainly
reflects the fact that the offshoring firms’ revenues do not grow as fast as those of the nonoffshoring firms. Moreover, Panel C show that there is no effect on labour productivity growth
(with productivity being measured as the ratio of revenue to employment). This is driven by the
fact that the negative employment and revenue effects are more or less of the same size, and
thus cancel each other out. Finally, for the manufacturing sector, we can consider as outcome
variable the growth in domestic production value (in Panel D, merged from the Prodcom
survey). There is a negative effect on domestic production (-0.118) which is slightly more
pronounced than that for revenue. When measuring labour productivity as production over
employment (in Panel E), we again find no effect.
We also show in Appendix Table A7 several robustness checks for the sample of
manufacturing firms. In particular, we compare all manufacturing firms (columns 1 and 2) and
the subsample of ‘Prodcom+ITGS’ manufacturing firms (columns 3 and 4). The latter
subsample requires that firms have positive imports in 2013 and 2017, and that they are matched

sample, and and
( ) denote the mean and variance. Most empirical studies view a standardized
bias of below 5% or 10% as sufficient.
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in the Prodcom survey in both years. Overall, the estimated ATTs are similar in this subsample
compared to the full sample. This subsample is interesting for two reasons. First, offshoring
and non-offshoring firms may be are more comparable when considering only firms that are
active in international trade. Second, the ‘Prodcom+ITGS’ subsample will be used later on
when classifying import goods (in Section 6). Finally, we compare matching results with two
types of treatments: any type of offshoring (columns 1 and 3), and only production offshoring
(columns 2 and 4). There is no clear tendency as to which of the two is larger, possibly also due
to the small samples.

6.

Classifying import goods of offshoring firms

We now analyse how the mix of import goods changes for offshoring vs. non-offshoring firms.
In doing so, we can not only better understand the import dynamics taking place, but we can
also check the performance of various offshoring proxies developed in the literature. We
consider two possible classifications of import goods: i) the end-use categories in the Broad
Economic Categories (BEC) scheme, and ii) the measure of ‘produced-goods imports’
developed by Bernard et al. (2020). Note that the following analyses only refer to the subsample
of manufacturing firms which have positive imports in both 2013 and 2017. Only for these
firms the import share measures have a non-zero denominator.

6.1.

BEC Classification

Import products are often classified according to the Broad Economic Categories (BEC) scheme
that is developed by the U.N. Statistical Commission and is frequently applied in trade statistics
(see UNSD 2016 for a discussion of the most recent BEC Rev. 5). Products are classified by
the end-use categories intermediates, gross fixed capital formation, and final consumption.
Intermediates can be further split up to primary intermediates (raw products from farming,
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fishery etc.), generic processed intermediates (inputs which are used by many different
industries) and specific processed intermediates (inputs which are used by only a few industries
or even only a few buyers).18
We utilize a UNSD concordance table between HS6 products (used in our ITGS data)
and BEC categories, to classify the firm’s import goods in the ITGS data.19 20 For illustration,
Appendix Table A8 shows the 10 most important HS6 import goods (measured by aggregate
import value) per BEC category, considering the sample of ITGS+Prodcom manufacturing
firms pooled across 2012-16.
In principle, one can also use the BEC to derive a measure of offshoring (the increase
in the share of imported generic/specific intermediates over total imports). This would
correspond to the ‘broad’ offshoring measure in Feenstra and Hanson (1996, 1999) discussed
in Section 2. Table 7 shows the share of each BEC category over total imports. In the base year
2013, generic intermediates goods (ca. 26-32%) and specific intermediate goods (34-38%)
constitute the largest share of imports, followed by consumer goods (13-15%) and capital goods
(14-21%), with only a minor role of primary and other goods (2-5%).21 Offshoring firms have
a considerably higher share of imports in specific intermediates and capital goods, and a lower
share of generic intermediates. This could be a by-product of the fact that offshoring firms are
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Dividing processed intermediates into generic vs. specific has been newly introduced in the BEC Rev.
5. This aims to better characterize global value chains which often involve highly differentiated products
or very specific buyer-supplier relationships (UNSD 2016, Sturgeon and Memedovic 2010).
19

The concordance table is available at Eurostat’s RAMON server:
https://ec.europa.eu/eurostat/ramon/relations/index.cfm?TargetUrl=LST_REL
20

The classification is not always clear-cut. For example, computers or vehicles may be used either as
capital goods (if the firm uses them in its own production) or as consumer goods (if the firm trades
them). We use the priority assigned in the UNSD concordance table, i.e. the category “CONS/CAP” is
classified as “consumption”, while the category “CAP/CONS” is classified as “capital good”.
21

Note that the sample consists of manufacturing firms only, whose imports by construction are less
likely to be consumer goods than e.g. for wholesale firms.
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larger and more productive (see Table 2), and thus use more ‘sophisticated’ imports, such as
specific intermediates or capital goods.
Besides these pre-treatment differences, the more relevant question is about the changes
over time (during 2013-17). It emerges that offshoring firms decrease their import share of
generic intermediates compared to non-offshoring firms (the ‘double difference’ is -5.5 ppts.),
while they increase the share of specific intermediates (+1.2 ppts.). Taken together, the total
share of intermediates (generic plus specific) thus decreases (-5.5+1.2=-4.3 ppts.).
Correspondingly, there is an increase in the share of imports which are consumer goods (+1.7
ppts.) and capital goods (+2.9 ppts.).22
Overall, these findings may seem surprising as offshoring has traditionally been equated
with an increasing import of intermediate goods. Instead, the patterns seem to be more complex,
at least with the BEC classification and with the present data. One possible explanation is that
the total imports of intermediates only is a ‘broad’ offshoring measure (in the Feenstra/Hanson
terminology), and it likely captures all kinds of global integration, not only offshoring (see also
Section 2). For example, imported intermediates may involve imports of goods that the firm
never could have produced in-house, and/or imports of goods that the firm previously sourced
from domestic suppliers. Moreover, the distinction between generic vs. specific intermediates
seems to be important as well. Offshoring firms decrease the share of generic intermediates
imports, but increase the share of imports which are specific intermediates or capital goods. It
is possible that during the time period we study (2014-16), most of the offshoring involving
‘simple’ (generic) intermediate goods has already happened in the past (during the 1990s and
2000s), and that firms that offshore during this relatively late time period might import more
‘sophisticated’ goods, such as specific intermediates or capital goods.
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In Appendix Table A9, we also show very similar results when using propensity score matching.
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In that context, one also has to consider that the BEC classification only refers to the
final use of products. But whether a product is, for example, an intermediate or a capital good
in a firm’s production process likely differs across firms. For some of the offshoring firms,
goods that are classified as capital goods in the BEC according to their final use may actually
resemble intermediate goods in these firms’ own production process (if the firm produces the
capital good and then sells it on the market).

6.2.

Produced-goods imports

The next offshoring measure we consider is the share of ‘produced goods imports’ over total
imports. As discussed in Section 3 and in Appendix A4, we match ITGS and Prodcom data at
the firm*year*product level and define a good as ‘produced-good import’ if a firm both imports
it and produces it.
Table 8 shows that in the base year 2013 offshoring firms already had higher levels of
produced-goods imports as a share of total imports (27.3% vs. 18.7% for non-offshoring firms).
These pre-treatment differences might be driven by e.g. offshoring episodes that happened in
the past. Moreover, offshoring firms significantly increased their share of produced-good
imports by 6.4 ppts. between 2013 and 2017 (from 27.3% to 33.9%), while the share stayed flat
for non-offshoring firms (-0.5 ppts.). The ‘double-difference’ is an increase of +7.1 ppts. which
is also statistically significant. This confirms that offshoring is associated with an increase in
the imports of goods that are also produced domestically.23
In the baseline analysis, we consider all goods a firm produces in the ‘pre-treatment’
year 2013, and track imports of these goods until 2017 (that is, a product that is produced in
2013, but is no longer produced in 2017, would still be classified as a ‘produced-good’ import
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These levels and changes are smaller in magnitude compared to Bernard et al. (2020) for Denmark.
They show that offshoring firms have an increase in the produced goods import share from 40% to 57%
(by ca. 17 ppts., compared to a ca. 6 ppts. increase in our analysis). Besides the country differences, also
the different time periods and durations under analysis might play a role (the 2001-06 period vs. the
2014-16 period in our analysis).
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if it its imported in 2017). An alternative is to require that the product is produced in the same
year as it is imported. The results are similar with this alternative definition, with a doubledifference of +5.3 ppts. (compared to +7.1 ppts. when using the goods produced in 2013 as
reference). This reflects the pattern that offshoring firms do rarely stop the domestic production
of a good.
However, while the expected pattern does hold on average, there is at the same time a
lot of heterogeneity in the response. Table 9 shows various percentiles of the indicator,
separately for both types of firms. On the one hand, regarding the ‘sensitivity’ of the indicator,
not all offshoring firms increase their share of ‘produced good imports’ (about one third actually
see a decrease). This means that the indicator does only capture one possible aspect of
offshoring. Offshoring may as well be associated with increasing imports of goods which the
firm does not produce domestically. This could be the case if, for example, the firm offshores
production of a good it used to produce domestically, but the foreign production is in the form
of specific components/intermediate inputs which are used to produce that good. Then, the
imports might be classified as a different product (in the ITGS data) than the production that
happens domestically (in Prodcom). On the other hand, regarding the ‘specificity’ of the
indicator, Table 9 shows there are also many non-offshoring firms which increase the share of
‘produced good imports’. For these firms, increasing the imports of goods they also produce
domestically may not necessarily reflect a replacement of domestic production, but rather an
expansion of foreign activity which is complementary to domestic production.
In Table 10, we go one step further and also consider the interaction of produced-good
status and BEC category (giving 2*5 possible combinations). The most visible increase for
offshoring firms is for the share of imports of self-produced capital goods (+3.9 ppts.), while
there is a strong decrease of non-self-produced generic intermediates (-6.9 ppts.).
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7.

Conclusion

This paper has used German data from the International Sourcing Surveys (ISS) 2017 linked to
various other firm-level data to provide a fresh perspective on the nature and consequence of
offshoring.
To estimate the effect of offshoring on firm outcomes, we have used a difference-indifference propensity score matching to account for time-constant unobservable selection. The
results show, firstly, a negative effect of offshoring on the growth in domestic employment and
domestic revenue/production. An interesting finding is that although offshoring firms reduce
jobs due to offshoring, on average their employment does not fall due to employment increases
for non-offshoring reasons. This means that on average, the offshoring firms do not grow as
fast as the non-offshoring firms. This may be explained by the fact that during the time period
we consider, Germany experienced high economic growth and falling unemployment, and also
the offshoring firms seemed to participate in these dynamics. The results may not hold in other
time periods or in countries with a less favourable economic environment. Finally, we do not
find any effect of offshoring on labour productivity, perhaps in contrast to expectations.
Possible explanations are that productivity may only slowly respond to organizational changes,
e.g. as the retraining of workers takes time, and that the effect will only materialize in
subsequent years. At the same time, we acknowledge that our data only allow to consider labour
productivity, and it would be interesting to repeat the analysis using more elaborate productivity
measures (such as TFP).24
Finally, when considering how the type of import goods changes for offshorers vs. nonoffshorers, a perhaps surprising result is that offshoring firms do not increase the share of

24

On the other hand, the literature has found rather mixed results regarding the productivity effects. For
example, Baum et al. (2020) find no effect of offshoring on TFP once firm fixed effects are included
(which is similar to our diff-in-diff strategy) and conclude that most of the correlation is due to selection.
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intermediate goods imports (measured by the BEC classification). In fact, the share of imports
which are intermediate goods falls, while the share of capital goods imports increases. It is
possible that during the relatively late time period we consider (2014-16), most of the offshoring
firms of ‘simple’ intermediates has already happened in the past. Firms that offshore during this
late period seem to increase their imports of more ‘sophisticated’ goods, such as capital goods.
Moreover, we confirm that offshoring is associated with an increase in the share of
‘produced goods imports’, i.e. goods which the firm both imports and produces domestically.
This holds especially for self-produced capital goods. Nevertheless, while this pattern holds on
average, it does not hold for all offshoring firms. Vice versa, there are also many non-offshoring
firms that see an increase in the share of ‘produced goods imports’.
Overall, our results suggest that there is no single measure that captures all forms of
offshoring and that firms’ import patterns are more complex and heterogeneous. This
demonstrates the need for micro data that contain more precise information on firms’ sourcing
strategies (including offshoring). The ISS data used in this paper can serve as an important
starting point, but of course there are limitations given the small sample sizes and the fact that
not all aspects of offshoring are covered in great depth. Thus, future research might built upon
this, e.g., by using larger samples, or more detailed information on firms’ sourcing strategies.
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Figure 1: Offshoring and industry
16%
14%
12%
10%
8%
6%
4%
2%
0%
Manufacturing

Trade/Services

Share of firms that offshored 2014-16
Share of workers (2013) at offshoring firms

Note: The sample includes N=6,570 firms with 50 or more persons employed in the
ISS 2017. Survey weights used. Manufacturing refers to NACE Rev. 2, Section C,
and trade/services refers to NACE Rev. 2, Sections G-N (without K).
Table 1: Offshoring by business function, destination region and group status
All offshoring
firms 2014-16
A. By business function:
Production
Services

56%
58%

B. By destination region:
EU13
EU15/Other Europe
China, India
Other countries

47%
43%
31%
*

C. By group status:
Within own group
Outside own group
N

74%
33%
135

Note: Multiple answers possible within each category. * = unreliable due to
the small sample size. The sample includes firms with 50 or more persons
employed in the ISS 2017. Survey weights used.
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Table 2: Selection into offshoring (variables measured in 2013)
(1)
Offshoring
firms 2014-16

(2)
Nonoffshoring
firms 2014-16

Difference
(1)-(2)

0.245

0.225

0.344

0.132

0.267

0.457

0.145

0.186

5.520

4.719

Log labour productivity

12.352

11.708

Member of a foreign
enterprise group 0/1
Imports per revenue

0.436

0.110

0.184

0.076

Exports per revenue

0.280

0.122

Employment growth rate
2013-11
N

0.066

0.093

0.020
(0.040)
0.211***
(0.041)
-0.190***
(0.046)
-0.041
(0.032)
0.801***
(0.117)
0.644***
(0.107)
0.326***
(0.046)
0.109***
(0.018)
0.158***
(0.024)
-0.027
(0.028)

135

6435

Industry:
Low-tech
manufacturing 0/1
High-tech
manufacturing 0/1
Low-tech trade/
services 0/1
High-tech trade/
services 0/1
Log employment

Note: Manufacturing refers to NACE Rev. 2, Section C, and trade/services
refers to NACE Rev. 2, Sections G-N (without K). ‘High-tech manufacturing’
refers to 2-digit industries 20, 21, 26-32, and ‘low-tech manufacturing’ to all
other manufacturing industries. ‘High-tech trade/services’ refers to 2-digit
industries 50, 51, 58-63, 69-75, 78, 80; and ‘low-tech trade/services’ to all other
trade/service industries. Heteroskedasticity-robust standard errors in
parentheses (based on a univariate regression of the respective variable on an
offshoring dummy). * p < 0.1, ** p < 0.05, *** p < 0.01. The sample includes
firms with 50 or more persons employed in the ISS 2017. Survey weights used.
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Table 3: Employment growth 2013-2017
A. All sectors
(1)
Offshoring
firms 2014-16

(2)
Non-offshoring
firms 2014-16

Difference
(1)-(2)

Log employment 2013

5.520

4.719

Log employment 2017

5.505

4.855

Delta log employment 2013-2017

-0.015

0.135

0.801***
(0.117)
0.651***
(0.110)
-0.150***
(0.029)

N

135

6435

Log employment 2013

(1)
Offshoring
firms 2014-16
5.495

(2)
Non-offshoring
firms 2014-16
4.823

Log employment 2017

5.481

4.915

Delta log employment 2013-2017

-0.014

0.092

N

90

2707

Log employment 2013

(1)
Offshoring
firms 2014-16
5.557

(2)
Non-offshoring
firms 2014-16
4.662

Log employment 2017

5.540

4.821

Delta log employment 2013-2017

-0.017

0.160

N

45

3728

B. Manufacturing
Difference
(1)-(2)
0.672***
(0.120)
0.567***
(0.118)
-0.106**
(0.033)

C. Trade/Services
Difference
(1)-(2)
0.895***
(0.222)
0.719***
(0.205)
-0.176***
(0.052)

Note: Heteroskedasticity-robust standard errors in parentheses. * p < 0.1, ** p < 0.05, ***
p < 0.01. The sample includes firms with 50 or more persons employed in the ISS 2017.
Survey weights used. Manufacturing refers to NACE Rev. 2, Section C, and
trade/services refers to NACE Rev. 2, Sections G-N (without K).

0.130
6435

0.039

-0.113

0.098

-0.015

135

(2) Job creation
rate due to OS

(3) (1)+(2) = Net
job change
rate due to OS

(4) Net job
change rate
(non-OS
reasons)

(5) (3)+(4) =
Total net job
change rate
N

-0.145

-0.032

-0.113

0.039

90

-0.014

0.077

-0.091

0.033

2707

0.092

0.092

0

0

-0.106

-0.015

-0.091

0.033

45

-0.017

0.130

-0.146

0.046

3728

0.151

0.151

0

0

-0.168

-0.021

-0.146

0.046

Note: Following Davis et al. (1996), the growth rates are calculated as: = (Δ )/(0.5 ∗ (
+
)), where Δ denotes the employment change
between 2013 and 2017, and
,
denote the levels of employment in 2013 and 2017. The variable “jobs loss/creation rate due to OS” (rows 1,
2) is based on firm’s responses asked in the ISS survey. The variable “total net job change rate” (row 5) is calculated based on data from the statistical
business register in 2013 and 2017. “Net job change rate due to non-OS related reasons” (row 4) is calculated as the residual from row 5 and rows
1,2. The sample includes firms with 50 or more persons employed in the ISS 2017. Survey weights used.

0.130

0

0

-0.152

Manufacturing
Trade/Services
(2) Difference
(1)
(2) Difference
(1)
(2) Difference
Non(1)-(2)
Offshoring
Non(1)-(2) Offshoring
Non(1)-(2)
offshoring
firms offshoring
firms offshoring
firms
firms
firms
0
-0.152
-0.124
0
-0.124
-0.192
0
-0.192

(1) Job loss rate
due to OS

All sectors
(1)
Offshoring
firms

Table 4: Decomposing job loss rates and job creation rates, 2013-2017
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Figure 2: Job loss rates and job creation rates due to offshoring – by skill group
(All sectors)
0,04
0,02
0
-0,02
-0,04
-0,06
-0,08
-0,1
-0,12
-0,14
-0,16
Job Loss Rate due to Offshoring Job Creation Rate due to Offshoring
High-skilled workers

Low-skilled workers

Note: The variable “jobs loss/creation rate due to OS” is based on firm’s responses about how
many jobs they lost/created due to offshoring (see Table 4). The sample includes firms with 50 or
more persons employed in the ISS 2017. Survey weights used.
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Table 5: Offshoring and firm employment growth (OLS regressions)
Dependent variable: Employment growth rate 2013-17, independent variables measured in 2013
Offshoring 2014-16

All sectors
Manufacturing
Trade/Services
-0.145*** -0.102*** -0.106*** -0.083*** -0.168*** -0.128***
(0.028)
(0.027)
(0.031)
(0.031)
(0.050)
(0.049)

Low-tech manufacturing

Ref.

Ref.

-

High-tech manufacturing

0.022**
(0.010)

0.020**
(0.010)

-

Low-tech business services

0.033***
(0.010)

-

Ref.

High-tech business services

0.088***
(0.016)

-

0.054***
(0.016)

Ref.

Ref.

Ref.

Employment 100-249

-0.120***
(0.009)

-0.079***
(0.011)

-0.142***
(0.013)

Employment 250+

-0.143***
(0.013)

-0.098***
(0.018)

-0.168***
(0.018)

Log labour productivity

0.015***
(0.005)

0.018*
(0.009)

0.014**
(0.006)

Member of a foreign
enterprise group

-0.013
(0.014)

-0.039***
(0.014)

0.003
(0.023)

Imports per revenue

0.021
(0.025)

-0.020
(0.035)

0.042
(0.035)

Exports per revenue

-0.011
(0.018)

-0.005
(0.020)

-0.046
(0.037)

Employment
growth rate 2011-13

0.133***
(0.035)

0.086
(0.100)

0.140***
(0.037)

Employment <100

Constant
N
R squared

0.130***
(0.005)
6570
0.004

0.071***
(0.027)
6570
0.062

0.092***
(0.005)
2797
0.006

0.044
(0.048)
2797
0.067

0.151***
(0.006)
3773
0.003

0.119***
(0.031)
3773
0.059

Note: Following Davis et al. (1996), the growth rates are calculated as: = (
−
)/(0.5 ∗ (
+
)), where
and
denote the levels of employment in 2013
and 2017. Heteroskedasticity-robust standard errors in parentheses. * p < 0.1, ** p < 0.05,
***
p < 0.01. Survey weights used. The sample includes firms with 50 or more persons
employed in the ISS 2017. Manufacturing refers to NACE Rev. 2, Section C, and
trade/services refers to NACE Rev. 2, Sections G-N (without K).

562

135

0.004
(0.037)

-0.103**
(0.041)

-0.114***
(0.027)

ATT

0.017

-0.006

382

0.089

-0.029

90

0.027

0.102

0.075

0.015

0.003

-0.017

Manufacturing
Offshoring
Matched
Firms
Nonoffshoring
Firms

-0.024
(0.036)

-0.118***
(0.040)

-0.012
(0.040)

-0.098*
(0.045)

-0.092***
(0.031)

ATT

45

-0.048

-0.059

-0.022

197

-0.060

0.051

0.113

Trade/Services
Offshoring Matched
Firms
Nonoffshoring
Firms

0.012
(0.086)

-0.110
(0.099)

-0.134***
(0.038)

ATT

Note: The outcome of the matched control firms and the Average Treatment Effect on the Treated (ATT) are estimated based on a propensity
score matching with 5 nearest neighbours. Following Davis et al. (1996), the growth rates are calculated as: = (
−
)/(0.5 ∗ (
+
)), where
and
denote the levels of employment/revenue/productivity in 2013 and 2017. Revenue and domestic production are deflated
using price indices at the 2-digit industry level, with base year 2015. See Appendix Table A4 for a full list of matching variables. Standard errors
in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. The sample includes firms with 50 or more persons employed in the ISS 2017. Manufacturing
refers to NACE Rev. 2, Section C, and trade/services refers to NACE Rev. 2, Sections G-N (without K).

-0.010

-0.006

C. Real labour productivity
growth rate (revenue/
employment) 2013-2017
D. Real domestic
production value growth
rate 2013-2017
E. Real labour productivity
growth rate (domestic
production/employment)
2013-2017
N

0.086

0.095

-0.017

-0.019

Matched
Nonoffshoring
Firms

B. Real revenue growth
rate 2013-2017

Outcome Variables:
A. Employment growth
rate 2013-2017

All sectors
Offshoring
Firms

Table 6: Effect of offshoring 2014-16 on firm outcomes (Difference-in-differences propensity score matching)
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Table 7: Share of total imports by Broad Economic Category (BEC) classification
(Sample: Manufacturing firms with imports in both 2013 and 2017)
(1)
Offshoring
firms 2014-16

(2)
Nonoffshoring
firms 2014-16
Share of imports which are primary intermediate goods
Share 2013
0.021
0.049
Share 2017
0.016
0.047
Delta Share 2017-2013
-0.005
-0.002

Difference
(1)-(2)

-0.028***
-0.031***
-0.003

Share of imports which are generic processed intermediates
Share 2013
0.257
0.317
Share 2017
0.204
0.318
Delta Share 2017-2013
-0.053
0.002

-0.059***
-0.114***
-0.055***

Share of imports which are specific processed intermediates
Share 2013
0.382
0.344
Share 2017
0.395
0.345
Delta Share 2017-2013
0.013
0.001

0.038
0.049
0.012

Share of imports which are consumer goods
Share 2013
0.131
Share 2017
0.144
Delta Share 2017-2013
0.013

0.152
0.148
-0.004

-0.021
-0.004
0.017

Share of imports which are capital goods
Share 2013
0.209
Share 2017
0.241
Delta Share 2017-2013
0.032
N
75

0.139
0.142
0.003
1568

0.070**
0.099***
0.029

Note: The sample includes manufacturing firms with 50 or more persons employed in
the ISS 2017 which are matched with Prodcom and ITGS in both 2013 and 2017. BEC
categories are merged based on the HS6 product level in the ITGS data.
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Table 8: Share of total imports that are “produced good” imports
(Sample: Manufacturing firms with imports in both 2013 and 2017)

Share 2013

(1)
Offshoring
firms 2014-16
0.273

(2)
No offshoring
firms 2014-16
0.187

Share 2017

0.339

0.182

Delta Share 2017- 0.064
2013
N
75

-0.005

Difference (1)-(2)
0.086**
(0.036)
0.156***
(0.037)
0.071**
(0.028)

1568

Note: A “produced good import” refers to imports of goods that the firm also
produced domestically in the base year 2013. The sample includes manufacturing
firms with 50 or more persons employed in the ISS 2017 which are matched with
Prodcom and ITGS in both 2013 and 2017.

Table 9: Percentiles of change in the share of “produced good” imports (2013-2017)
(Sample: Manufacturing firms with imports in both 2013 and 2017)
Offshoring
2014-16
(N=75)
No
offshoring
2014-16
(N=1568)

Mean
0.064

P10
-0.134

P25
-0.020

P50
0

P75
0.135

P90
0.230

-0.006

-0.124

-0.023

0

0.010

0.096

Note: A “produced good import” refers to imports of goods that the firm also produced
domestically in the base year 2013. The sample includes manufacturing firms with 50 or more
persons employed in the ISS 2017 which are matched with Prodcom and ITGS in both 2013
and 2017.
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Table 10: Change in import shares 2013 to 2017 (Interaction of BEC category and “producedgood” status)
Difference between offshoring firms and non-offshoring firms
Produced
goods
imports
0.001
(0.001)

Non-produced
goods imports

Delta Share Intermediates
Processed Generic

0.014
(0.009)

-0.069***
(0.017)

Delta Share Intermediates
Processed Specific

0.003
(0.012)

0.008
(0.025)

Delta Share Consumer

0.013
(0.010)

0.004
(0.009)

Delta Share Capital

0.039*
(0.023)

-0.010
(0.020)

Total

0.071**
(0.028)

-0.071**
(0.028)
1643

Delta Share Primary

N

-0.004
(0.004)

Note: A “produced good import” refers to imports of goods that the
firm also produced domestically in the base year 2013. BEC
categories are merged based on the HS6 product level in the ITGS
data. The sample includes manufacturing firms with 50 or more
persons employed in the ISS 2017 which are matched with Prodcom
and ITGS in both 2013 and 2017.
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Appendix
A1. Statistical Business Register (SBR)
The statistical business register (SBR) starts in 2001 and covers the universe of all firms which have
an economic activity contributing to GDP and have a seat in Germany. The SBR not only is the
backbone on which the sample for the ISS was drawn, but it also includes firm IDs with which to
merge other data sets (such as the ITGS or Prodcom data). For the purpose of this paper, we use SBR
information on employment (the number of employees covered by social security plus marginal
employees), which is one of the main outcome variables. The employment information comes from
administrative employment records by the Federal Employment Agency, and thus can be considered
as very reliable. Moreover, we merge information on firm revenue, and on whether the firm is member
of an enterprise group with a foreign ‘head’.
A2. International Trade in Goods Statistics (ITGS)
The ITGS data include imports and exports of goods (values and physical quantities) by 9-digit
product level25 and origin/destination country. Micro data are available since 2009. For intra-EU
trade, firms are requested to directly report to the Federal Statistical Office when their trade volumes
exceed certain thresholds.26 For the part of intra-EU trade below the threshold, it is possible to
reconstruct firms’ aggregate trade volume (but not at the product/country level) using VAT
declarations. For extra-EU trade, the information comes from customs authorities and the reporting
threshold is 1000 €.
The ITGS data have two limitations that have to be kept in mind. First, one has to consider
the treatment of tax groups (German: steuerliche Organschaften). Typically, the head unit of a tax
group reports imports and exports for all tax group members. However, the head unit is mostly not
the same unit where the actual production takes place.27 We thus redistribute the imports/exports of

25

This product classification is identical to the classification of the Combined Nomenclature (CN) at the 8digit level, and identical to the HS6 classification at the 6-digit level.
26

For intra-EU imports, these thresholds were 400,000 € in 2009-2012, 500,000 € in 2012-2016, and 800,000
€ since 2016. For intra-EU exports, the thresholds were 400,000 € in 2009-2012 and 500,000 € since 2012. At
the aggregate level, about 97% of the intra-EU export volume and 93% of the intra-EU import volume are
above the threshold.
27

Many tax group head units are holding companies that are based in NACE Rev. 2 industry M70 ‘Activities
of head offices; management consultancy activities’.
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a tax group to all tax group members proportional to the individual members’ revenues.28 This
approach has been described by e.g. Leppert (2020) or Jung and Käuser (2016) to redistribute firmlevel imports/exports. In the present paper, we also redistribute firm*product-level import/export
values in this way. However, we acknowledge that this is only an approximation and that the
proportionality assumption likely does not hold for all products or all firms.
The second limitation is that there are rather high reporting thresholds in intra EU-trade (see
above). While we are able to reconstruct the firm’s total values of intra-EU trade below the threshold
using VAT declarations, for these values we lack the detailed breakdown by product/country level.
This not an issue for the matching estimation (Section 5.1.-5.3.) where only information on the firm’s
total imports/exports is needed. However, it is relevant for the second part of the analysis (Section 6),
where we aim to classify imports by country or product category (BEC classification and ‘produced
good’ status). Thus, for these analyses we drop firms for whom the ‘black box’ part of imports (intraEU imports below the threshold without product/country classification) accounts for 20% or more of
the firm’s total imports.
A3. Production Survey (Prodcom)
The monthly and quarterly production surveys (German: Produktionserhebungen) contain
information on the production values and physical quantities of actually produced goods (not goods
for resale) at the nine-digit-level of the Prodcom classification. These surveys include the full
population of producing plants with 20 or more persons employed.29 Thus, we are able to merge
information to almost all manufacturing firms in the ISS sample.30 We aggregate the plant-level
information to the firm level which is the unit of analysis in all other data sources. Importantly for
the present analysis, the survey only includes production that the plant performs domestically, but not
production sourced from abroad. Goods for resale and repackaged goods are excluded as well.

28

Tax groups are identifiable in the SBR by tax group IDs. We then use the SBR to identify all firms which
belong to a certain tax group ID, and we also use the SBR to obtain individual firms’ revenues.
29

Note that some of the plants in the Prodcom survey may belong to firms which are classified outside of
manufacturing, if these firms have plants with physical production. Nevertheless, our analysis Prodcom sample
focuses on manufacturing firms only.
30

The firm’s total production value will be underreported for those firms which have plants with less than 20
persons employed, as these plants (and their production values) are not covered in Prodcom. However, these
missing plants will likely only make up a small part of the firm’s total production value.
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A4. Matching Data Sources
For the firms in the 2017 ISS sample, we create a panel data set spanning the years 2011-2017 to
reconstruct each firm’s history before, during and after the ‘treatment’ (=offshoring in 2014-16).
Appendix Table A2 shows the sample sizes. From the raw data in the ISS 2017, we first drop a few
firms that were not matchable in the Statistical Business Register with a positive number of employees
or revenue in either of the years 2011, 2013, or 2017. This gives a sample of 6,570 firms for the
baseline analysis in Sections 5. Part of the analysis (on classification of imports, in Section 6) will be
conducted on the subsample of manufacturing firms that were matched in both the ISS, the ITGS,
and the Prodcom survey in 2013 and 2017 (see Appendix). This subsample is by construction much
smaller (1,643 firms).
For the analyses in Section 6, we merge the ITGS and Prodcom data at the firm*year*product
level, starting from the 6-digit product level (HS6) in the trade data and the 8-digit product level in
the Prodcom data. There is the challenge that not all products of the two classification schemes
directly map to each other. We thus use the concordance procedure developed by Van Beveren et al.
(2012) which relies on creating ‘synthetic’ product categories whenever there is no unique match.31
After having matched the data in this way, we then follow Bernard et al. (2020) and classify
for each firm a certain good as ‘produced goods import’ if the firm both produces the good
domestically (according to the Prodcom data) and imports it (according to the ITGS data).

31

Out of the 5,074 HS6 products in the ITGS data and the 3,935 8-digit products in the Prodcom data, we
create 2,803 ‘synthetic’ products in the matched data. These numbers refer to the total population of firms in
the Manufacturing-Prodcom sample in the years 2011-2017. Thus, even though some aggregation of products
is necessary, the matched data still contain sufficient across-product variation.
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Appendix Tables and Figures
Appendix Table A1. Comparison ISS sample vs. target population in the statistical business
register (SBR), 2016
A. Manufacturing

N
Employment:
P10
P25
P50
P75
P90
Revenue (1000 €):
P10
P25
P50
P75
P90
Foreign ownership 0/1

Target population
in SBR (firms
with 50+ persons
employed)
21,584

ISS Sample
(unweighted)

ISS Sample
(weighted)

2,797

20,257

56
70
109
211
443

60
73
113
217
461

59
73
112
207
429

4,879
8,416
17,091
42,138
111,961
0.17

5,937
9,683
19,165
44,481
117,871
0.18

5,512
9,068
18,300
41,671
111,158
0.17

Target population
in SBR (firms
with 50+ persons
employed)
39,773

ISS Sample
(unweighted)

ISS Sample
(weighted)

3,773

35,737

54
64
91
167
359

57
68
95
163
325

57
69
98
172
355

1,946
4,049
9,412
25,263
71,265
0.12

3,166
6,137
13,710
36,114
88,380
0.12

2,567
5,056
11,420
31,854
85,441
0.12

B. Trade/Services

N
Employment:
P10
P25
P50
P75
P90
Revenue (1000 €):
P10
P25
P50
P75
P90
Foreign ownership 0/1

Note: The ISS sample refers to the analysis sample used in the regressions (see Table A2).
Manufacturing refers to NACE Rev. 2, Section C, and business services refers to NACE Rev.
2, Sections G-N (without K).
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Appendix Table A2. Number of observations in the ISS Survey
All
OS

Non-OS

Manufacturing
OS
Non-OS

Trade/Services
OS
Non-OS

Analysis sample for employment regressions (Sections 5.1-5.3):
(1) All firms in the ISS

148

6971

96

2877

52

4094

(2) = (1) minus firms
which are not matched
with positive employment
in the statistical business
register 2011-2017, or
with missing control
variables

135

6435

90

2707

45

3728

Analysis sample for import classification analysis (Section 6):
(3) = (2) minus firms
which are not matched in
Prodcom and ITGS data in
2013 and 2017

-

-

81

2419

-

-

(4) = (3) minus firms with
non-classifiable import
shares of >20%

-

-

75

1568

-

-

=1 if firm performed
offshoring in 2014-16,
=0 else

Offshoring indicator

Growth rate of
employment, defined as
g = (y − y )/(0.5 ∗
(
))
+

Growth rate of revenue

Growth rate of labour
productivity
(revenue/employment)

Growth rate of domestic
production

Growth rate of labour
productivity (domestic
production/employment)

Employment growth rate
2013-2017

Revenue growth rate 20132017

Labour productivity growth
rate (version 1) 2013-2017

Domestic production growth
rate 2013-2017

Labour productivity growth
rate (version 2) 2013-2017

Dependent variables:

Description

Variable

Appendix Table A3. Main variables

Prodcom

Prodcom

BR

BR

BR

ISS

Data
source

Only Manufacturing

Only Manufacturing

All

All

All

Sample for
which the
variable is
available
All

44

2694

2694

6570

6570

6570

6570

N

0.002

0.103

0.004

0.129

0.127

0.018

Mean

0.028

0.315

0.348

0.391

0.312

n/a

Standard
deviation

Number of persons
employed
Revenue in TSD € per
number of persons
employed
=1 if firm belongs to a
group with a foreign
head, =0 else
Import value per
revenue (=0 for nonimporters)
Export value per
revenue (=0 for nonexporters)
Employment growth
rate 2011-13

Description

BR

ITGS, BR

ITGS, BR

BR

BR

BR

Data
source

All

All

All

All

All

All

Sample for
which the
variable is
available

6570

6570

6570

6570

6570

6570

N

0.092

0.125

0.078

0.116

265.531

207.697

Mean

0.261

0.218

0.154

n/a

1506.897

1118.096

Standard
deviation

Note: The sample includes firms with 50 or more persons employed in the ISS 2017. Revenue and domestic production are deflated using
price indices at the 2-digit industry level, with base year 2015. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

Lagged employment growth
2011-2013

Exports over revenue 2013

Imports over revenue 2013

Foreign ownership 2013

Labour productivity (v1)
2013

Employment 2013

Variables measured in 2013:

Variable

45
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Appendix Table A4. Propensity score estimation
Dependent variable: =1 if firm performed offshoring in 2014-16, =0 else
Probit model, Average Partial Effects (APEs)
(1)
Industry (Ref: Low-tech manufacturing)
High-tech manufacturing

0.011*
(0.006)

Low-tech services

-0.007*
(0.004)

High-tech services

0.004
(0.006)

Employment class (Ref: <100)
Employment 100-249

0.004
(0.003)

Employment 250+

0.030***
(0.006)

Log labour productivity

0.005***
(0.002)

Member of a foreign
enterprise group

0.020***
(0.004)

Imports per revenue

0.025***
(0.008)

Exports per revenue

0.007
(0.007)

Employment growth rate, 2011-13

-0.002
(0.009)
6570

N

Note: The sample includes firms with 50 or more persons employed in
the ISS 2017. Manufacturing refers to NACE Rev. 2, Section C, and
business services refers to NACE Rev. 2, Sections G-N (without K).
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Appendix Table A5. Distribution of estimated propensity scores

Average propensity score

Offshoring
firms
0.062

Number of firms by interval of propensity score:
<0.025
44
0.025-0.050
26
0.050-0.075
18
0.075-0.100
22
0.100-0.125
7
0.125-0.150
2
0.150-0.175
7
0.175-0.200
3
0.200-0.225
3
0.225-0.250
1
0.250-0.275
2
0.275+
0
N
135

Non-offshoring
firms
0.017
5151
615
144
329
71
25
33
25
27
6
6
3
6435

Note: The sample includes firms with 50 or more persons employed in
the ISS 2017. Manufacturing refers to NACE Rev. 2, Section C, and
business services refers to NACE Rev. 2, Sections G-N (without K).
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Appendix Table A6. Covariate balance after matching
Offshoring
Firms
Low-tech manufacturing
High-tech manufacturing
Low-tech services
High-tech services
Employment <100
Employment 100-249
Employment 250+
Log labour productivity
Member of a foreign
enterprise group
Imports per revenue
Exports per revenue
Delta log employment
2011-13
N

0.235
0.426
0.199
0.140
0.257
0.301
0.441
12.308
0.433

Matched
nonoffshoring
firms
0.225
0.450
0.160
0.164
0.240
0.302
0.457
12.249
0.411

Standardized
bias after
matching (in
%)
2.4
5.2
8.5
-7.0
3.8
-0.3
-3.7
5.2
5.2

p-value
t-test diff.
0.841
0.697
0.413
0.568
0.737
0.979
0.790
0.661
0.714

0.194
0.304
0.115

0.179
0.324
0.101

8.7
-8.2
3.2

0.551
0.555
0.810

135

582

Note: The standardized bias after matching for variable X is calculated as sb(X) = 100 ⋅ ( −
∗ )/( 0.5 ⋅ (Var(X ) + Var(X ∗ )), where T denotes the treated sample, C* the matched control
sample, and and
( ) denote the mean and variance. The sample includes firms with 50 or
more persons employed in the ISS 2017. Manufacturing refers to NACE Rev. 2, Section C, and
business services refers to NACE Rev. 2, Sections G-N (without K).
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Appendix Table A7. Robustness checks for manufacturing firms
Average Treatment Effect on the Treated (ATT) from Diff-in-diff propensity score matching
All manufacturing firms

A. Employment growth
rate 2013-2017
B. Real revenue growth
rate 2013-2017
C. Real labour
productivity growth rate
(revenue/employment)
2013-2017
D. Real domestic
production value growth
rate 2013-2017
E. Real labour
productivity growth rate
(domestic
production/employment)
2013-2017
N Treated
N Controls

Treatment:
Any
offshoring
-0.092***
(0.031)
-0.098*
(0.045)
-0.012
(0.040)

Treatment:
Production
offshoring
-0.101***
(0.038)
-0.065
(0.044)
0.032
(0.036)

Only manufacturing firms
with ITGS+Prodcom
matches in 2013 and 2017
Treatment:
Treatment:
Any
Production
offshoring
offshoring
-0.105***
-0.126***
(0.028)
(0.031)
-0.099**
-0.100**
(0.045)
(0.044)
0.002
0.023
(0.045)
(0.035)

-0.118***
(0.040)

-0.131***
(0.049)

-0.117**
(0.043)

-0.171***
(0.048)

-0.002
(0.003)

-0.006
(0.005)

-0.002
(0.004)

-0.005
(0.004)

90
2797

74
2797

75
1643

61
1643

Note: The Average Treatment Effect on the Treated (ATT) is estimated based on a
propensity score matching with 5 nearest neighbours. Revenue and domestic production
are deflated using price indices at the 2-digit industry level, with base year 2015. See
Appendix Table A4 for a full list of matching variables. Standard errors in parentheses. * p
< 0.1, ** p < 0.05, *** p < 0.01. The sample includes firms with 50 or more persons employed
in the ISS 2017.
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Appendix Table A8. The 10 most important HS6 import products by BEC category
(Measured by aggregate import value, sample of manufacturing firms in ITGS+Prodcom, pooled
sample 2012-16)
Intermediates Primary
Rank
1
2
3
4
5
6
7
8
9
10

HS6
270900
260300
260111
090111
260112
120510
240120
270112
010392
440320

Description
petroleum oils and oils from bituminous minerals, crude
copper ores and concentrates
iron ore concentrates (other than roasted iron pyrites) and non-agglomerated
iron ores
coffee, not roasted, not decaffeinated
agglomerated iron ores
low erucic acid rape or colza seeds, whether or not broken
tobacco, partly or wholly stemmed/stripped
bituminous coal, whether or not pulverized, but not agglomerated
swine, live, nesoi, weighing 50 kg (110.23 lb.) or more each
coniferous wood in the rough, whether or not stripped of bark or sapwood or
roughly squared, not treated

Intermediates Generic
Rank
1
2
3
4

HS6
760120
740311
710812
401110

5
760612
6
7
8
9
10

843149
711011
711299
390110
470329

Description
aluminum alloys, unwrought
refined copper cathodes and sections of cathodes
gold, nonmonetary, unwrought nesoi (other than powder)
Rubber; new pneumatic tyres, of a kind used on motor cars (including station
wagons and racing cars)
aluminum alloy rectangular (including square) plates, sheets and strip, over 0.2
mm thick
parts and attachments, nesoi, for derricks, cranes, self-propelled bulldozers,
graders etc. and other grading, scraping, etc. machinery
platinum, unwrought or in powder form
precious metal (other than of gold or platinum) waste and scrap, including metal
clad with precious metals, nesoi
polyethylene having a specific gravity of less than 0.94, in primary forms
chemical woodpulp, soda or sulfate, other than dissolving grades, semibleached
or bleached, nonconiferous

Intermediates Specific
Rank
1
2
3
4

HS6
300210
870829
880330
840820

5
300490

Description
antisera and other blood fractions, and modified immunological products
parts and accessories of bodies (including cabs) for motor vehicles, nesoi
parts of airplanes or helicopters, nesoi
compression-ignition internal combustion piston engines (diesel or semi-diesel),
for the propulsion of vehicles except railway or tramway stock
medicaments, in measured doses, etc. (excluding vaccines, etc., coated
bandages etc. and pharmaceutical goods), nesoi
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6
7
8
9
10

870899
870840
853710
940190
840734

parts and accessories for motor vehicles, nesoi
gear boxes and parts thereof, for motor vehicles
boards, panels, consoles, etc. with electrical apparatus, for electric control or
distribution of electricity, for a voltage not exceeding 1,000 v
parts of seats (except parts of medical, dentist', barbers' and similar seats), nesoi
spark-ignition reciprocating piston engines for propulsion of vehicles except
railway or tramway stock, over 1,000 cc cylinder capacity

Consumer Goods
Rank
1

HS6
271019

2
870332
3
4
5

870323
271012
870333

6
870322
7
870321
8
9
10

841480
040690
950300

Description
petroleum oils & oils (not light) from bituminous minerals or preps nesoi 70%+
by wt. from petroleum oils or bitum. min.
passenger motor vehicles with compression-ignition internal combustion piston
engine (diesel), cylinder capacity over 1,500 cc but not over 2,500 cc
passenger motor vehicles with spark-ignition internal combustion reciprocating
piston engine, cylinder capacity over 1,500 cc but not over 3,000 cc
light oils and preparations
passenger motor vehicles with compression-ignition internal combustion piston
engine (diesel), cylinder capacity over 2,500 cc
passenger motor vehicles with spark-ignition internal combustion reciprocating
piston engine, cylinder capacity over 1,000 cc but not over 1,500 cc
passenger motor vehicles with spark-ignition internal combustion reciprocating
piston engine, cylinder capacity not over 1,000 cc
air pumps and air or other gas compressors, nesoi; ventilating or recycling
hoods incorporating a fan, nesoi
cheese, nesoi, including cheddar and colby
toys, including riding toys o/than bicycles, puzzles, reduced scale models

Capital Goods
Rank
1
2
3
4

HS6
880240
842139
850300
903289

5
901890
6
7
8
9

870421
850440
903180
851762

10
841330

Description
airplanes and other aircraft nesoi, of an unladen weight exceeding 15,000 kg
filtering or purifying machinery and apparatus for gases, nesoi
parts of electric motors, generators, generating sets and rotaary converters
automatic regulating or controlling instruments and apparatus (excluding
thermostats, manostats and hydraulic types), nesoi
instruments and appliances for medical, surgical or veterinary sciences, nesoi,
and parts and accessories thereof
motor vehicles for goods transport nesoi, with compression-ignition internal
combustion piston engine (diesel), gvw not over 5 metric tons
electrical static converters; power supplies for adp machines or units of 8471
measuring or checking instruments, appliances and machines, nesoi
machines for the reception, conversion and transmission or regeneration of
voice, images or other data, including switching and routing apparatus
fuel, lubricating or cooling medium pumps for internal combustion piston
engines
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Appendix Table A9. Change in import shares 2013-2017: Offshoring vs. non-offshoring firms

Delta
Share
Primary
Average
difference
(unconditional)
ATT

BEC categories:
Delta Share
Delta Share
Intermed
Intermed
Processed
Processed
Generic
Specific

Delta
Share
Consumer

Delta
Share
Capital

Delta
Produced
goods
imports

-0.003

-0.055***

0.012

0.017

0.029

0.071**

(0.005)

(0.019)

(0.026)

(0.013)

(0.022)

(0.028)

-0.011**
(0.006)

-0.056***
(0.020)

0.015
(0.023)

0.017
(0.013)

0.035*
(0.019)

0.055**
(0.024)

Note: The Average Treatment Effect on the Treated (ATT) is estimated based on a propensity score
matching with 5 nearest neighbours. Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
A “produced good import” refers to imports of goods that the firm also produced domestically in the
base year 2013. BEC categories are merged based on the HS6 product level in the ITGS data. The
sample includes manufacturing firms with 50 or more persons employed in the ISS 2017 which are
matched with Prodcom and ITGS in both 2013 and 2017.
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