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Abstract

In developing and transition economies import can be the primary source of adopting
new technologies and modern production equipments. This paper explores the spread of
manufacturing machinery across regions and investigates the effects of peers on the firms’
decision to import foreign machines. Using a uniquely compiled Hungarian firm level
dataset from 1992-2003, I find that the probability of importing sector specific machinery
is positively affected by the presence of local prior importers of the same machine. The
spillover effect is heterogeneous with respect to city size, being positive for larger cities and
negative for small municipalities. It is also heterogeneous with respect to ownership with
domestic firms benefiting from foreign presence. The decision which country to import a
specific machine from depends positively on the similar choices of other local firms made
previously.
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1. Introduction

Technological innovations and new machinery have been key drivers of growth for last
centuries. Developing countries who do not generate these factors of productions on their
own are compelled to import the required machines. Unable to procure locally, the firms
deciding to invest require information about foreign machines in various dimensions. The
list of adoptable machines aside, they need information, amongst many other, on the skill
requirement of workers, operating difficulties, efficiency and maintenance costs. While
this information may be available via the manufacturer, a local industry experience with
a given machine may also prove beneficial and encourage adoption.

This paper looks at the extent to which locally accumulated knowledge of machine imports
helps new adoptions. Specifically, I as ask whether the previous machine imports by local
firms encourage other firms to invest in the same specific machinery also. I assume that
the more firms in the location have imported a machine, the easier it is for another firm to
be informed about the advantages and the specifics of certain innovations. It will be able
to learn more easily whether that a machine fits firms’ expectations about adaptability
and profitability. In addition, if the machine is available from many countries, firms learn
whether it is worth substituting machine from one country with one from another. If
these learning channels are at work, I hypothesize that in the absence of peers a firms
would be less inclined import a given machine or it would import it much later. Also, the
firms’ country choice for a machine would not differ across regions.

To answer these questions, I use a uniquely compiled dataset that matches machine level
import observations to Hungarian manufacturing firms for 1992-2003. The period provides
several advantages. The period starts with Hungary’s early transition years, prior to which
foreign machinery was not generally available to domestic firms. Possibly, every machine
imported in the early 1990’s can be regarded as technologically more modern and more
advanced then previously installed machinery. In addition, the transition invited waves
of foreign direct investments, which introduced new imported machines and technology
to many sectors. This is not only true for green-field investment, but also for a portion
of the privatized companies as well where firms have up-graded their production facilities
through imports.

I find that the presence of an additional previous importer of a specific machine in the
same location increases the probability of a firm importing the same machine between
three to eight percents. Furthermore, the results suggests that the firms’ import decision
is also positively affected by the presence of firms having previously imported the same
machine in the larger spatial neighborhood, other than firms in the same municipality.
The investigation uncovers that the effect of previous municipality peers is nonlinear.
While in the largest cities previous machine imports encourage further imports, in the
smallest municipalities previous peers discourage further imports. Interestingly, results
suggest that the negative effect is caused by the interactions between foreign-owned firms.
At the same time, the domestic firms always benefit from the presence of foreign firms. In
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addition to the decision on importing machinery, I investigate which country the machine
is chosen to be imported from. The results show that firms tend to import a particular
machine from the country which was chosen by the prior importers. The positive effect
from peers diminishes over distance.

The research draws on issues from several strands of empirical research on firm behavior
and firm heterogeneity in trade.

The first strand of literature focuses on the importance of access to leading technologies.
These studies emphasize the role of technologies in cross-country income and productivity
distribution and uncover that a capital import is often the major vehicle of technology
transfer (see Acharya and Keller, 2009; Augier et al., 2009; Caselli and Wilson, 2004). At
the same time, these studies also suggest that the rate and beneficial effects of technology
diffusion differs across location characteristics: regions distant from the innovation leader
adopt the technology much later, while the successful adoption depends on other location
characteristics as level of existing knowledge and technology, absorption capacity of the
location and the availability of skilled workforce.(see Comin et al., 2012; Keller, 2002;
Csillag and Koren, 2011).

The second strand discusses how firms in more agglomerated environments enjoy benefits
in technology adoption, exploring new machinery or are encouraged to generate innova-
tions. This latter research investigates how previous innovations generate new research
and development in closer proximity (see Jaffe et al., 1993; Geppert and Neumann, 2011).
The former strand looks at the adoption of an already invented machine or technology and
not require further extra innovation from the user firms. For example, Kelley and Helper
(1999) show positive effect of localized economies on the numerically controlled machine
adoption of U.S. firms. No (2008) takes a similar approach and investigates the adoption
of advanced manufacturing technologies (design, fabrication and inspection) across Cana-
dian firms. Holl et al. (2010, 2011) focus on the adoption of just-in-time manufacturing
technology in Spain and reveal considerable role of location and congestion in adoption.

The third investigates whether foreign direct investment (FDI) propagates growth, TFP
growth in domestic firms. This literature focuses on spillover effects via vertical linkages,
enforcing updates in technology, management and quality requirements or via horizontal
linkages like competition or demonstration. That is, direct import of machinery or tech-
nology adoption is mostly not observed, but are often assumed to take their part in the
efficiency gain. The effects of FDI are widely researched and has collected vast empirical
evidence in several countries (see Markusen and Venables, 1999; Harrison and Aitken,
1999; Javorcik, 2004; Barrios et al., 2011, 2004; Blalock and Gertler, 2008). Still, results
are heterogeneous. For Hungary, the positive effect of FDI on the domestic economy’s
productivity has been documented by Muraközy and Halpern (2005); Görg et al. (2009);
Békés et al. (2009).

The fourth explores, whether agglomerations generate trade-specific knowledge that help
new entrants on the foreign markets. The investigations focus primarily on exporting
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behavior and cover a wide range of countries. The majority of evidence so far suggest that
local presence of exporters or multinationals increase other firms’ propensity to enter trade
(see Aitken et al., 1997; Clerides et al., 1998; Greenaway and Kneller, 2008; Pupato, 2007).
For some countries, like the U.S. and Ireland, no such evidence is confirmed (see Bernard
and Jensen, 2004; Lawless, 2005). At the same, there is accumulating evidence that not
only general, but country specific information are at play, especially in relationships whith
countries that are not easy to trade with (see Lovely et al., 2005; Koenig et al., 2010, 2011;
Dumont et al., 2010).

This paper contributes to the above literature in several ways. I show that agglomeration
benefits and clustering can help not only the adoption of domestically available technol-
ogy, as previous most previous studies did, but also generally encourage firms to import
machinery available abroad. In addition, if the conjecture of the first literature strand
on the productivity enhancing effect of machines is right, we uncover a possible empir-
ical channel for FDI to boost local productivity. This study also broadens the scope of
spillovers in trade behavior by showing that they not only encourage exporting behavior
but can affect the importing of capital items.

The rest of the paper is structured as follows. Section 2 which discusses empirical strategy
is followed by section 3 introducing the dataset. It gives details on data compilation
and construction of main variables and portraits spatial distribution of machine imports.
Section 4 discusses the results and section 5 concludes.

2. Empirical Strategy

I model the probability that firm i at location l imports a new machine m from country c
at time t. A firm decides to invest in a new machinery if at time t the balance of perceived
cost of importing and installation and expected future benefit is positive.

yilmct =

{
1 if y∗ilmct > 0

0, otherwise
(1)

In equation 1 variable, y∗ilmct, captures the net benefit of the machine import. The benefits
of machine imports are not observable. I assume, however, that the benefit is correlated
with firm characteristics and the presence of previous adopters. Previous adopters can
reveal the benefits of importing to the firm via various channels e.g. demonstration,
outsourcing or demanding supply specifications. Hence, y∗ilmct is modeled as:

y∗ilmct = α0 + α1priors
N
lmct + β1Xit + τt + εilmct (2)

where priors is a vector of spillover variables representing the presence of machine im-
porters in the past N years before the firm’s import decision. Depending, on the specificity
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of the spillover effect under scrutiny we define different spillover variables. In this paper,
I propose two groups of question: (1) Is a firm more likely to import machine m if there
are more firms in the vicinity already have done so. (2) Given that the firm is going to
import machine m, is it more likely to choose a country from which other locals have
previously chosen when importing m.

First, when estimating the total effect of previous local machine importers on the proba-
bility that a firm will import machine m in year t vector of priorsMlmt is defined as:[ ∑t−1

t−N−1

∑
i′ 6=i,i′∈l dilmt∑t−1

t−N−1

∑
i′ 6=i,i′ /∈l dilmt

]

where the upper index M is an abbreviation for machine choice, d is a dummy variable
indicating the incident when a firm for the first time imports machine m at time t. That
is, the first variable in priors gives the sum of firms who, in the past N years, have
imported machine m in location l, while the second expression denotes the number of
importers outside the location.

Note, that this latter variable can be treated as a vector when space outside location l
is divided into subspaces based on their distance from l. Given that these subspaces are
close enough to original location, firms in these locations can still be considered peers.1

Second, when estimating the effect of previous importers’s country choice when importing
m priorsClmct is defined as: I[>0]

(∑t−1
t−N−1

∑
i′ 6=i,i′∈l dilmct

)
I[>0]

(∑t−1
t−N−1

∑
i′ 6=i,i′ /∈l dilmct

) 
where the upper index stands for country choice, dilmct is a dummy variable indicating
the incident when a firm for the first time imports machine m from country c. I is a
indicator function for positive values. In other words, the first element of priorslmct is a
dummy which takes on the value one if in the past N years there was a firm other than
i which imported machine m from country c in location l. The second element indicates
a prior importer from the same country outside location l. In this question we promote
dummy variable instead of using the number of firms as we are interested specifically
in the whether the information that a specific machine is available from country c exist
locally or not.2

Spillover variables priorsC can be supplemented with additional peers. These additional
peers may be those firms who have imported the same machine from another country.

1In the next section we will define these close proximity areas.
2Results using number of firms instead of indicator variables are available at request.
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These firms are expected to discourage a firm, once it has decided to import machine m,
from choosing country c as supplier. Including firms importing from another country as
peers has the underlying assumption that machines from country c and c′ are substitutes.3

Variable Xit is a vector of firm level characteristics that can influence technology adop-
tion and international trade activity as firm characteristics, location and trade behavior
are correlated. The strand of trade literature on the heterogeneity of trading firms sug-
gests that those engaged in international trade look different from non-traders along a
number of dimensions.4 In their footsteps, X includes size, ownership and productivity
as firm characteristics. Additionally, we include the number of firms and total of local
manufacturing employment in Xit.

In the case when the effect of peers firms country choice is investigated an indicator
variable is included about the firm’s previous trade connection. This variable is able to
control for the possibility of a missing link, should the country information arrive entirely
from first hand trade experience and not from the peer firms.

If equation 2 is correctly specified the coefficient we would like to estimate, α1, will show
the effect of previous machine adopters on the probability of firm i importing. In this
case, α1 would tell effect of an additional previous adopter of machine m the percentage
points increase in the probability of importing at time t.

2.1. Threats to identification

Equation 2 is not necessarily correctly specified yet. A possible positive correlation be-
tween y* and the number of previous adopters can be explained by a phenomenon other
than the presence of spillovers. In fact, there can be several other hypotheses which could
be consistent with such a result. In this section I investigate these explanations and offer
an estimation that controls for or excludes alternate explanations.

First, unobserved heterogeneity at the level of location may cause an identification prob-
lem. Unobserved time invariant characteristics may have affected imports both in the
past and in the present. This implies a positive correlation between the presence or the
number of past importers and current import decisions. While in X I control for the size
of agglomeration, there are several other factors that need to be taken into account. Such
factors could be, for example, local policies that facilitate investments, creation of special
clusters or introducing favorable municipal tax schemes.5 The availability of scientists
or abundant skilled labor who help adopting and operating new machinery can also be

3A similar assumption cannot be made in the priorsM case. One cannot form a similarly plausible

assumption on the relationship between any m and m′.
4See, e.g., Bernard et al. (2007) orMayer and Ottaviano (2008)
5The Hungarian corporate tax code ( Act LXXXI of 1996), encourages investment in backward and

developing regions by facilitating local tax credit schemes. The scheme was especially generous in the

pre-2002 era. See Békés and Harasztosi (2012).
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such an unobserved factor. Reliable infrastructure (electricity supply), sufficient local
input suppliers or local costumers can also make installing a new machinery worthwhile.
In addition, the spaciousness of the municipality influences how close are firms to each
other, and the probability of knowledge flow. Solving this issue would require adding µl,
a location specific fixed effect to equation 2.

Second, location specific unobserved heterogeneity may cause identification problems
jointly at the country or machine levels. For example, certain sectors are more eager
capital users than others, in which case it is more likely that local firms have already have
imported the necessary machines. In addition, the number of machines we investigate
varies per sector. This is especially worrisome, if the sector that depends on the specific
machine heavily is concentrated. Then the region hosting these firms will show correlation
between past and present import, without firms actually learning from each other. Sim-
ilarly, a missing country × location level unobserved heterogeneity can explain positive
correlation between import choice and presence of past imports. For example, factors
that can help local access to certain countries, such as geographical or cultural proximity,
e.g. presence of embassies, promoting activities. To control for the above issues location
cross-terms ψlm, γlc are introduced into equation 2.

Third, country and machine or sectoral unobserved heterogeneity can induce a correlation
between present and past import choices. For example, it is easier to import a machine
from Germany than from, e.g, China because of language barrier. Similarly, more firm
in a given sector will import a cheaper, more basic machine than a more expensive,
highly specialized one. These issues only cause identification problems when they are
systematically different across locations. If so, including their cross terms with location
is sufficient.

Fourth, the positive correlation between the number of past and present importers can
also be caused by local business cycles. If certain regions in a given period of time are
experiencing economic boom while others are in downturn then the positive correlation
between the presence of past and present importers can be purely driven by a series of
region-specific shocks. Series of persistent local productivity shocks will be a common
accelerator of machine imports for all local firms. However, these underlying shocks
need not to be necessarily persistent to cause a problem. If local shocks have effect for
over two calendar years, a positive correlation will occur that we would falsely identify
with spillovers. In addition, such shocks can be foreseen by managers and adjust labor,
capital and other firm characteristics accordingly. This implies that business cycle not
only introduces bias through a correlation between an unobserved shock and number of
e.g. last years importers, but also through the control variables. To solve this issue, we
include κlt or θit location-year or firm-year fixed effects in equation 2. If a firm does not
move (see data section) firm fixed effects will take care of location fixed effects too. An
alternative and less effective approach is first, to lag all firm level control by one year. In
addition, to choose N to be larger than one or two the short terms of good times and bad
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times can cancel out across regions.6 N is chosen to be 4, but alternatives are tested as
well.

Fifth, if firms that have already decided to import a certain machine move to locations
which is abundant of importers of m, a positive correlation between the number of past
and present importers appears. A similar argument can be made regarding any country-
machine dimension. Such a self-selection of firms may bias the estimation of spillover
effects. I attend to this issue by excluding firms that have been established later than our
sample period.

Sixth, as the spillover variables are the same for the firms in the same location, one can
underestimate the standard errors of the parameters of the estimation. Consequently this
can lead to a false rejection of a hypothesis that, e.g., α1 is zero. Following Moulton
(1990), in all estimations I use location clustered standard errors.

To understand which of the alternative hypotheses above, if any, can also explain a positive
correlation between the past and present machine importers I take a stepwise approach.
First, I will estimate Equation 2 with lagged control variables and specifying N to be 4.
Next, I test two groups of alternative hypotheses. The first alternative is that a positive
α1 can be explained by time invariant unobservables. In order to test this alternative I
add location level fixed effects and cross terms with countries and machines in equation
3.

y∗ilmct = α0 + α1priors
4
lmct + β1Xi,t−1 + µl + ψlm + γlc + τt + εilmct (3)

The second alternative is that results are driven by local business cycles. To control
for this alternative, location-year or alternatively firm-year are included in addition to
location fixed effects.

y∗ilmct = α0 + α1priors
4
lmct + β1Xi,t−1 + µl + κlt + τt + εilmct (4)

3. Data and descriptives

This section gives a detailed description about the compilation of the dataset used to esti-
mate equations 2 to 4. The section describes the main variables and provides a descriptive
portrait of the spatial distribution of machine imports.

3.1. Compiling the dataset

The empirical analysis is based primarily on the Customs Statistics (CS). It contains the
universe of exports and imports by Hungarian economic agents between 1992 and 2003. It

6These solution can be used when θit is not included.
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gives information on yearly trade aggregated to the 6-digit Harmonized System product
level and gives the country of origins and destinations as well.

This dataset is merged with firm level information from CeFiG7 database, a panel of
Hungarian manufacturing firms between 1992-2003 with very detailed firm-level informa-
tion on balance sheets. It allows to include the following firm level characteristics into
the empirical estimations: firm size defined by the average annual employment, foreign
ownership indicating majority foreign share in the subscribed capital of the firm and total
factor productivity (TFP).8 The dataset provides sectoral classification of NACE rev. 1.
and location information at the municipality level. For more details on this data see Békés
et al. (2011).

To identify events of machine import I rely on the Standard International Trade Clas-
sification (SITC) rev. 3. which we match to CS. No. 7 group of SITC classification
titled Machinery and transport equipment defines capital products used in sector specific
production. As in this study the focus is on manufacturing machines only, transport
equipments and vehicles are excluded. Anyway, vehicles are less production specific and
most widely available via wholesalers in Hungary and importing them is less likely than
procuring them locally. This leaves us with a range of machinery listed in SITC classi-
fication from Power generating machinery and equipments (71) to Electrical machinery,
apparatus and appliances (77).

As a next step, I allow the list of machinery imported by specific sectors to be borne out
of the data. I consider only a subset of the manufacturing sectors and omit industries
where the imported machinery can be in fact materials to firms’ final product, i.e Man-
ufacture of machinery and equipment. See Table 1 for the list of manufacturing sectors
considered. I match the set of machines from SITC 71-77 at the 5 digits to each sector by
looking at actual machine imports from 1992-2003. A machine is matched to the sector
if it is imported by at least 3 firms. Additionally, machines for general industry purposes
such as computers, air conditioning are excluded. I have also checked that the machine
is in line with industry activity. That is, matches like Manufacture of textiles (17) and
gas-operated metalworking machinery (73742) are not considered for the analysis. The
matching resulted in allocating 143 individual machines to industries, with Tobacco in-
dustry having only 3 and the Food and Beverages sector having the maximal number of
37 machines. In Table 1 the sum of machines is 210, which implies that I matched one
machine to more than one sector. For example industrial sewing machines can be used
by both textiles and wearing apparel industries.9 For details on the list of machines, see

7CEnter for FIrms in the Global economy: http://cefig.eu
8To calculate total factor productivity we rely on the control function approach proposed by Levinsohn

and Petrin (2003)
9When creating peers we will not concentrate only on within sector peers for two reasons. One is that a

machine in a related industry can equally inspire imports as within sectors import do. Second, Hungarian

sector classification only shows main activity and not second and third product line of a company. Hence,
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Table 20 (In the Appendix).

Table 1: Number of machines allocated to manufacturing sectors

NACE sector number of machines %

15 Manufacture of food products and beverages 37 17.62

16 Manufacture of tobacco products 3 1.43

17 Manufacture of textiles 15 7.14

18 Manufacture of wearing apparel 10 4.76

19 Tanning and dressing of leather 7 3.33

20 Manufacture of wood and wood products 8 3.81

21 Manufacture of pulp, paper and paper products 16 7.62

22 Publishing, printing 13 6.19

24 Manufacture of chemicals and chemical products 14 6.67

25 Manufacture of rubber and plastic products 4 1.9

26 Manufacture of other non-metallic mineral products 10 4.76

27 Manufacture of basic metals 16 7.62

28 Manufacture of fabricated metal products 40 19.05

36 Manufacture of furniture 17 8.1

Sum 210 100.00

Given the list of machines per sectors one can look at machine importing events at the
firm. Only the first import of a machine is considered, subsequent imports afterwards
are omitted. To improve reliability of the data and improve economic significance of the
research we omit firms with less than 10 employees on average.

I also make some restrictions on the country dimension. For each machine we consider
only the 15 most important trade partners ranked by volume share of imports for that
particular machine. The partner list consist of 35 countries with Germany, Italy and
Austria as chief suppliers of imported machinery. The list of countries are provided by
Table 14.

3.2. Descriptions of machine importers

Only a small fraction of manufacturers import machinery directly. Table 2 shows the
number of firms in the selected manufacturing sample of the CeFiG data. It shows that
only about half of the firms import any goods from abroad, intermediate goods included.
Capital importers are even more scarce. Only about fifth of the firms import capital
item. Note that these are only those firms who import from our list, which actually
underestimates their share.

An average capital importer firm imports 1.9 machines in a year a bit over 6 different
machines all-in-all. The number of countries the average firm imports from is 3.8. The
most machines imported by one firm is 31, the firm that imports machine from the highest
variety of sources imports from 16 countries all together.

firms in different but close sectors can actually be in the same sector.
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Table 2: Number of firms by import activity

firms importers capital

importers

1992 4293 2288 1065

1993 4798 2505 929

1994 5003 2690 890

1995 5227 2771 837

1996 5404 2858 833

1997 5709 3046 857

1998 5865 3215 969

1999 5930 3239 906

2000 5946 3397 950

2001 5841 3482 887

2002 5907 3549 883

2003 5875 3571 848

Machine importing firms are really good firms. From the firm level empirical trade lit-
erature10 and also from previous estimations on Hungarian firm level data (Békés et al.,
2011) we know that both importing and exporting firms are bigger, more productive and
more high wage paying firms than others in an economy. Table 3 describes how capital
importers relate to other firms. The first column compares importers to the rest of the
economy by regressing importer dummy on a set of firm characteristics. In the second
column, a capital importer dummy is regressed on various firm characteristics. Capital
importer dummy takes on the value one if the firm in a given year has imported any
of the machines defined by the choice-set in Table 20. The results show that importing
firms, capital importing firms included, are on average larger, more productive, pay higher
wages and are more capital intensive. These results confirm what we already know about
importing firms. The third column, however, considers only importing firms and thus
compares capital importer to all importing firms. All in all, one can conclude that firms
importing machines are in all explored dimensions outperform other importers.

In Hungary most internationalized firms are two-way traders, that is, most importing
firms do export as well. This allows for an additional comparison along the dimensions
of export activity. We learn that firms importing machines show higher average export
activity in terms of sold goods (defined at HS6 level) and serve a higher number of
destination countries on average.

3.3. Location and timing of imports

Investigating the effect of peers on importing activity requires heterogeneity across time. If
machine imports exhibit stickiness in space, that is, a new machine importer is influenced
by previous importers, new importers should be relatively close to previous ones. In
this section, first I show that mainly due to agglomerations and cities machine importers

10See, e.g., Castellani et al. (2010) or Mayer and Ottaviano (2008) amongst many.
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Table 3: Characteristics of machine importers

premia of importers capital importers capital importers

wrt. importers

Log of employment 0.774 0.906 0.756

Log of value added per worker 0.489 0.468 0.318

Log of TFP 0.452 0.430 0.299

Log of average wage 0.236 0.237 0.178

Log of capital per worker 0.717 0.826 0.689

Number of exported goods 6.744

Number of destinations 3.139

Each row shows coefficient estimates variables in the first column regressed on importer and capital

importer dummies. When independent variables are in logs the coefficient 0.756 with the log of

employment implies: exp(0.756)-1 = 112% higher employment on average in capital importers firms

compared to importing firms.

cluster in space. Then I use two approaches to describe and analyze the timing and peer
distribution of capital importers from 1992 to 2003.

The location of the firms provided by the CeFiG dataset is at the municipal level, which
corresponds to NUTS5 level EU classification.11 For the summary of Hungarian NUTS
structure, see Table 4. Machine importing activity is observed in 769 municipalities. This

Table 4: Summary of Hungarian administrative spatial zoning

EU level units Hungarian equivalent number avg. size km2

NUTS2 EU admin. region 7 13861

NUTS3 countries (megye) 20 4651

NUTS4 micro regions (kistérség) 150 620

NUTS5 municipalities 3125 30

is about 62 percent of all municipalities where any production activity in the selected
manufacturing sectors can be detected. This is illustrated in Figure 3 (in the Appendix)
which displays the map of Hungary at municipal level and shows the distribution the
total number of machines imported in each municipality over the sample period. In
about twenty percent of the municipalities more than 20 machines gets imported. These
are the 145 largest townships in Hungary. While in about the half of the municipalities
import only 6 machines or less.

To investigate the timing of machine imports first, let us plot how many years pass after
the first import of machine m until the same machine is first imported in location l. Figure
1 shows the average of years passed for any technology imported by the municipality. The
distribution of timing shows considerable variation. It shows that, on average, timing is
negatively correlated with city size. Foreign machinery is adopted in smaller municipalities

11We kept only firms in the sample that do not change location over the period: only 3 percent of all

firms have two or more location.
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later than in larger cities. In fact, in major cities the imported machine arrives first, in
1992 or 1993. New machines get imported in smaller settlements much later, in some
cases even in the 2000’s. Nevertheless, there are some pioneering small municipalities.

Figure 1: Time average machine being imported after the pioneer

The Figure show the average time elapsed for machines imported in a municipality after the specific machine is

imported first in the country at all. It is at NUTS5 level and the heatmap is constructed from red to green, as

time elapsed increases.

As the first approach, I look at machine import instances and categorize them according
to existence of previous activities. I use three NUTS levels to describe peer distributions:
I look at immediate peers in the municipality (NUTS5), peers outside the municipality
within the same micro-region (NUTS4) and at peers outside the micro-region but in the
same county (NUTS3). The results are collected in Table 5.

Even in the second year of our sample, in 1993, 51 percent of the importing events are
involving machines that have been imported in the previous year by other firms. For
about half of these events the machine has already been imported from the same country.
The other half have peers importing the same machine from a different country. The table
considers any previous importing since 1992, hence as time advances the chance of not
having any a peer diminishes. However, in all years in the sample I find that the share
of import events with same country peer is higher that those with other country peers.
At the same time this difference in increasing over time. This would be consistent with
firms more likely to choose to import a machine from a country, from which others have
imported before.
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Table 5: Share of imports with and without previous importers in selected years

share of machine imports with 1993 1997 2000

local peer of same machine 51% 70% 73%

no local, but micro region peer 8% 7% 9%

no micro-region, but county peer 20% 15% 15%

no peers within county 20% 8% 4%

local peer of same machine, same country 26% 38% 42%

no local, but micro region peer 5% 7% 9%

no micro-region, but county peer 17% 21% 22%

no peers within county 51% 34% 26%

The table categorizes country-machine firm level imports by the existence of prior imports according to

Hungarian administrative zoning. The sums of each block of each year adds up to 100.

Additionally, Table 5 reveals that machine import events without a local peer can still be
influenced by nearby firms. In 1993, eight percent of import events have same machine
peers in the same micro-region but not in the same municipality and about twice of them
have distant peers within the county. As the number of importers increase over time, the
share of imports without any peers diminishes.

As the second approach, I look at continuous space. I examine the possible spatial de-
pendence of imports by looking at average distances between importers in kilometers over
time. Figure 2 investigates how far technology as embodied by machines travels in time.
The distance is calculated in the following manner. Assume that at time zero (1992 in our
case) K firms import machine m. The next year new firms import machine m. Measure
their distance from the closest firm of the existing K. If the new importers is in the same
location as any of the previous K importers the distance can be assumed to be zero. An
average of the distances so calculated will tell us how much a machine travels a year. The
distance is calculated for each year after the first import of a given m, always with respect
to the original K firm. If the locations of the successive waves of imports are independent
of location of the pioneer importers distance should be uniform over time. Figure 2 shows
that in years immediately after the first import followers are located closer on average
than in later years. It shows that if new machine imports tend to be close to old ones
within 3-4 year of the first import.12 Additionally, it also shows that investigation should
cover only micro-region distance, but county distance at the most given the size of the
spatial units. The within 30 km radius can be considered for a large city or a micro-region,
while 40 km radius and above is consistent with a distance outside the micro-region but
within the county (See Table 4 for area figures). All-in-all, these results are consistent
with the idea that machine imports exhibit peer effects.

12This gives an extra motivation to use N=4 in the definition of priors.
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Figure 2: The average distance a machine travels a year after the first import
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The figure shows the average kilometer distance of a new machine

import from the first imports of that machine in Hungary. Standard

errors are gained from regressing distance from pioneer importer on

time dummies indicating time elapsed from pioneer importer of the

product at import observation level.

4. Results

This section presents the results of our empirical investigation. The first subsection will
discuss results regarding the effect of previous importers of the machine m on present
import decisions about m. The second subsection collects results from exploring the
effect of country choice firms previously imported on the country choice of new machine
importers.

4.1. Results on machine import spillovers

First, the equation 2 with the peers defined by vector priorsMlmt is estimated. The results
are collected in Table 6.

In column (1) only the spillover variables are included. The results imply a positive
correlation between importing a specific machine and the number of past importers. The
relationship is significant for municipality peers and also for those in the micro-region and
the county. The value of municipality spillovers suggest that an additional firm having
already imported machine m increases import probability for firm i by 0.08 percentage
points. Compared to the average propensity of importing machine is about 1 percent,13

our results mean an 8 percent increase in the probability of machine import in a given
year.

13The probability of import is this low because in this section we consider all firms in the examined

sectors to be a possible importers, not only those who actually are going to import.
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Table 6: Machine import spillover estimation

dep. Var: import dummy [1] [2] [3]

num. of prior importers of the same machine

same NUTS5 0.000798*** 0.000670*** 0.000858***

[22.97] [17.55] [14.93]

same NUTS4, other NUTS5 0.00297*** 0.00259*** 0.00291***

[7.380] [7.155] [8.720]

same NUTS3, other NUTS4 0.00218*** 0.00203*** 0.00195***

[11.76] [12.65] [17.01]

firm size (logs) 0.00355*** 0.00343***

[13.73] [15.39]

dummy: foreign own. 0.0139*** 0.0138***

[10.87] [11.16]

TFP (logs) 0.000925*** 0.000958***

[3.333] [4.718]

local employment (logs) 0.00257***

[5.721]

num. of firms in NUT5 (logs) 0.000314**

[2.024]

dummy: year yes yes yes

Observations 1713849 1278777 1278777

R-squared 0.003 0.01 0.01

*** p < 0.01, ** p < 0.05, * p < 0.1

Each columns contain results from three separate linear probability regressions as defined in

eq. 2 Moulton corrected t-statistics in parentheses.

In columns (2) and (3) we add additional control variables. First, firm level lagged controls
such as size, foreign ownership and productivity are added. All controls are significant
and are of expected signs. Foreign owned firms, larger firms and more productive firms are
more likely to adopt foreign machinery via imports. In column (3) controls for observable
characteristics of the firms’ immediate environment are added: number of firms and the
log of local employment. Results suggest that the firms in larger cities and in larger labor
markets are more likely to import. This finding is in line with descriptive statistics of
subsection 3.3.

To see, how our results depend on the number of past years taken into account when
defining the spillover variables, we replicate the last column of Table 6 with various
definitions of N. We find that as N increases, so do the coefficient estimates gets smaller.
The significance, sign and interpretation do not change significantly. See Table 15 in the
Appendix.

At first sight, the relationship between the elements of priorsMlmt vector seems unexpected.
The results in all three columns of Table 6 show that the local additional peers have a
smaller effect on the outcome variable than peers at a moderate distance have.

Our hypothesis is that there is heterogeneity in the peer effect by city size. The descriptive
section revealed that both the number of firms and the time elapsed since the first import
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of machine m varies considerably by city size. This implies that the probability of having
an additional peer or any peer at all can heavily depend on the size of the settlement. In
larger cities where there are plenty of firms and high probability of a local peer present
there is more likely to learn from the firms neighbor.14

Table 7: Machine spillover regressions by city size

same NUTS5 same NUTS4 same NUTS3

other NUTS5 other NUTS4

Budapest 0.000941

large cities 0.00222*** 0.00243*** 0.00257***

medium cities -0.000393 0.00359*** 0.00204***

small cities -0.00770*** 0.00270*** 0.00170***

*** p < 0.01, ** p < 0.05, * p < 0.1

Each row show results collected from 4 separate regressions as specified in

column 3 of Table 6 with Moulton corrected t-statistics in parentheses. It

includes the same controls. Regressions cover 4 city types categorized by

size: Large cities (20 locations) are over 50 thousand inhabitant, medium

cities (119) are below 50 thousand but over 10 thousand and small cities

are below 10 thousand inhabitants.

In Table 7 we replicate column 3 of Table 6 by municipality size. Four size categories are
distinguished. We single out Budapest, the capital city holding on fifth of the population.
For the rest, we use lower thresholds of 50 thousand of average inhabitants to include all
the principal cities of the counties and use the threshold of 10 thousand to separate the
middle sized from the small cities.15

The results show that the local peer effect has a nonlinear nature. We find no peer effect
in the largest city, Budapest.16 Positive coefficient on the local peers can be detected
in large cities and negative significant coefficient in small cities, while for medium sized
cities the coefficient is non significant. These findings suggest that while the local peers
encourage further investment in imported capital goods in the larger cities. In the small
municipalities the first adopter of imported machine is likely to crowd out further invest-
ment. At the same time, even for small sized municipalities, the presence of peers in the
closer vicinity, in the same micro-region or in the same country can have a positive effect
on machine imports.

14Given that larger firms are more likely to be situated in cities a likely alternative hypothesis is that

the heterogeneity is driven by firm size and not by settlement size. We found that the smaller than

micro-region municipality peer effect does not depend on size. Results are available on request.
15The nonlinearity of effect though city size can be also assessed by including cross-terms of priors and

log of city size and its square. Results, available on request, confirm results of Table 7.
16Budapest is a city, a micro-region and a county in itself.
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4.1.1. Testing the results on machine import spillovers against alternate hypotheses

The findings so far can be explained by alternative hypotheses. Table 8 offers regression
results testing if these hypotheses can also explain our findings. Columns (1) and (2)
look into the effects on local time-invariant unobservables, while rest of the columns of
the table look into the how including controls for local business cycles affect our findings.
In other words, Columns (1) and (2) look at equation 3 type regressions, while the rest
of the table looks into equation 4.

Table 8: Machine spillover regressions: testing alternate hypotheses

dep. Var: import dummy [1] [2] [3] [4] [5]

num. of prior importers of

the same machine in the

same NUTS5 0.000923*** -0.000174 0.000932*** 0.000978*** 0.000203*

[41.68] [-0.291] [46.88] [22.93] [1.675]

same NUTS4, o. NUTS5 0.00265*** 0.00108*** 0.00259*** 0.00284*** 0.00119***

[8.052] [3.001] [7.803] [8.964] [3.707]

same NUTS3, o. NUTS4 0.00215*** 0.000948*** 0.00222*** 0.00243*** 0.000870***

[19.15] [6.702] [19.13] [20.07] [7.468]

controls yes yes yes yes yes

dummy: year yes yes yes

dummy: nuts5 yes

dummy: nuts5 × machine yes

dummy: nuts5 × year yes

dummy: firm × year yes yes

dummy: machine yes

Observations 1278777 1278777 1278777 1278777 1278777

R-squared 0.008 0.046 0.021 0.002 0.005

*** p < 0.01, ** p < 0.05, * p < 0.1, Moulton corrected t-statistics in parentheses

Controls: size, foreign ownership, TFP, local agglomeration, number of firms in NUTS5. Each column shows

results from separate regressions. The first two regressions test for the effect of time invariant unobservables,

while the rest of the table test for the effects of local business cycles.

Column (1) shows that including location fixed effects do not change our basic inference.
In column (2) location × machines fixed effects are included to control for the effect of
unobserved local benefits that locally facilitate adoption of a specific machinery. We find
that the coefficient on past municipal peers is no longer significant, while the coefficients
on nearby peers is still significant but are halved in size. Considering that we know that
the correlation between spillover variables and adoption is heterogeneous we examine this
relation further.

Investigating the effect of location × machines fixed effects on the nonlinearity of the peer
effects (Table 16 in the Appendix) reveals that for medium size and small municipality
the negative effect of prior local peers prevails. 17

17Including other, non-location related fixed effects, e.g. sector, machine or firm do not affect our results.
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To control for local business cycle column (3) includes location × year fixed effects, while
columns (4) and (5) include firm × year fixed effects in addition to machine dummies.
Results do not change our previous findings.

Table 9: Machine spillover regressions: controls for location selection

dep. Var: import dummy

firms established before: any date 1992 1990 1988

num. of prev. importers of the same machine in

same NUTS5 0.000858*** 0.00117*** 0.00141*** 0.00119***

same NUTS4, other NUTS5 0.00291*** 0.00298*** 0.00214* 0.00378**

same NUTS3, other NUTS4 0.00195*** 0.00248*** 0.00235*** 0.00249***

*** p < 0.01, ** p < 0.05, * p < 0.1

Moulton corrected t-statistics in parentheses

Controls: size, foreign ownership, TFP, local agglomeration, number of firms in NUTS5. Each column show results

from separate regressions. The first regression is identical to last regression of Table 6, the others have the same

specification but exclude firms established later than indicated in the uppermost row.

In addition, to the two alternative hypotheses we also check for the possibility that a firm
moves into a location where it expects that adopting a specific machine will be easier. In
order to control for this possibility we re-run the last regression of Table 6 on subsample
of firms established before the year our sample starts. This avoids self-selection into a
location that, in the post-transition era, is abundant of future importers of m. Table 9
collects regressions on subsamples that contain firms started business before 1992, 1990
or 1988. We find positive significant correlation between firms’ capital import propensity
and the presence of past importers for pre-transition firms too.

All in all, investigating the peer effect of previous machine importers, we find that the
previous local peers in larger cities encourage new machine imports by increasing baseline
probability by about 8-9 percent. However this result cannot be separately identified from
local amenities that facilitate adoption of certain machines, e.g. the presence of industry
clusters or industry-specific natural resources. We also find that in small municipalities
the latecomer importers are discouraged by first ones who have already imported. This
may suggest that the previous imported machine might create a local monopoly for the
pioneer firm and crowd out others from the market. Alongside the heterogeneous local
results, we also find that in the absence of local peers, firm might enjoy positive effects
from non-local but nearby firms. This is true for firms in small settlements as well. For
example, and additional previous importer in the neighborhood within the micro-region
may increase baseline import probability by 20-25 percent, which is both a statistically
and an economically significant result.

4.1.2. Do domestic learn from foreign firms?

Foreign owned firms are overrepresented across machine importers. While 25 percent of
the firms are foreign owned, about they have an about 40 percent share in the capital
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importing group. Assuming that foreign firms have ex-ante advantage in the knowledge
about foreign technology, in this section we look into whether this knowledge spills over
to domestic firms.

Table 10: Regressions on machine imports by ownership and citysize

Domestic firms

city size: any large medium small

prior DOMESTIC importers of m

same NUTS5 0.00106*** 0.00368*** 0.00134 0.00103

other NUTS5, same NUTS4 0.00275*** 0.00323* 0.00347** 0.00206***

other NUTS4, same NUTS3 0.00181*** 0.00191*** 0.00229*** 0.00137***

prior FOREIGN importers of m

same NUTS5 0.000509*** 0.00314*** 0.00379*** 0.00557**

other NUTS5, same NUTS4 0.00228*** 0.000855 0.00158* 0.00236***

other NUTS4, same NUTS3 0.00121*** 0.00213*** 0.000671*** 0.000820***

dummy: year yes yes yes yes

controls: yes yes yes yes

Observations 968493 227382 276842 266857

R-squared 0.006 0.009 0.006 0.005

Foreign Firms

city size: any large medium small

prior DOMESTIC importers of m

same NUTS5 0.00108 0.00172 0.00345 0.00284

other NUTS5, same NUTS4 0.0021 0.00943** -0.00157 0.00254

other NUTS4, same NUTS3 0.00279*** 0.00579*** 0.00311*** 0.00282***

prior FOREIGN importers of m

same NUTS5 0.00061 -0.00362 -0.00750*** -0.0219***

other NUTS5, same NUTS4 0.00346** 0.000158 0.00631** 0.00451**

other NUTS4, same NUTS3 0.00396*** 0.00348*** 0.00423*** 0.00504***

dummy: year yes yes yes yes

controls: yes yes yes yes

Observations 310284 72626 85292 75959

R-squared 0.004 0.004 0.005 0.007

*** p < 0.01, ** p < 0.05, * p < 0.1

The table present result from eight separate equation. The upper block estimates machine spillover regressions

for domestic firms only including spillover variables for foreign and domestic previous importers separately.

The first column gives result for all firms, while others are estimated by city size as defined in Table 7.

The lower block is defined analogously for foreign firms only. Controls: size, foreign ownership, TFP, local

agglomeration, number of firms in NUTS5 and dummies for past export and import activities.

In Table 10 we collect regressions on the firms machine import choices where the spillover
variables are constructed separately by the ownership of the previous local importers. The
results are show separately for domestic and foreign owned firms to have a more precise
look at the direction of the correlations.

The results reveal that domestic firms tend to import the same machine as foreign firms,
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especially in smaller cities. Contrary to previous finding, this suggest that domestic firms
in the smaller cities are not crowded out from the production. At the same time, we
find that foreign firms do not mimic domestic firms at all, but they tend to create spatial
monopolies in smaller municipalities, discouraging other foreign firms to import the same
machinery.

4.2. Results effect of spillovers on country choices

Once the firm has decided to import machine m it has to make a choice which country
should it procure the machine from. This subsection investigates the effect of the choice
made by nearby previous importers on firm i’s decision about which supplier country it
chooses.

Table 11: Regressions for country choices

Dep. Var.: import dummy

[1] [2] [3] [4]

prior importers of the same machine in the

same NUTS5, same country 0.0691** 0.0601** 0.0567** 0.0560**

[2.254] [2.319] [2.422] [2.392]

same NUTS5, other country -0.0525** -0.0443* -0.0398** -0.0395**

[-1.999] [-1.927] [-1.977] [-1.965]

other NUTS5, same NUTS4, same country 0.0445*** 0.0418*** 0.0414***

[9.711] [9.230] [9.181]

other NUTS5, same NUTS4, other country 0.00382 0.00311 0.00321

[0.892] [0.788] [0.812]

other NUTS4, same NUTS3, same country 0.0226*** 0.0221*** 0.0211***

[16.04] [14.48] [13.91]

other NUTS4, same NUTS3, other country 0.000339 -0.000632 -0.0003

[0.203] [-0.358] [-0.172]

firm size (logs) 0.000977*** 0.000787***

[14.53] [10.92]

dummy: foreign own. 0.00227*** 0.00189***

[19.84] [18.18]

TFP (logs) 0.000425*** 0.000198**

[5.053] [2.046]

local employment (logs) 0.000561*** 0.000542***

[3.866] [3.852]

num. of firms in NUT5 (logs) -6.11E-05 -9.80E-05

[-0.714] [-1.119]

any export experience with c 0.000965***

[6.958]

any import experience with c 0.00372***

[22.14]

dummy: year yes yes yes yes

Constant yes yes yes yes

Observations 8398619 8398619 6680137 6680137

R-squared 0.009 0.019 0.021 0.022

*** p < 0.01, ** p < 0.05, * p < 0.1

Moulton corrected t-statistics in parentheses.
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Table 11 contains our basic specification. Column (1) includes only the spillover vari-
ables that indicate the whether previous municipality firms have chosen country c and or
country c′ when importing machine m. The data indicates that the baseline probability
of importing machine m from country c at time t is 0.3 percent. Our result suggest that,
if the model is correctly specified, this baseline probability is more than doubled when
there is a local peer who have made the import from country c. At the same time, results
show that previous importers of machine m who chose another source country c′ have a
repelling effect.

In column (2) we add information about the choices of prior machine importers in the
same micro-region and county. While the coefficient of municipality peers are unchanged,
the results reveal positive correlation between micro-region and country peers as well. We
find that the magnitude of the coefficients on the same country peers are decreasing as
the distance from the firm increases. These suggest that the country information is more
valuable to the firm when its observed closely.

Column (3) adds firm and location level control variables. Their signs and significances
are as they are expected and are analogous to those in Table 6. In column (5) we add two
dummy variables, they indicate whether the firm had any trade relation with country c
in the past N years. We add variables for export and import separately, both indicate
a positive correlation with import decision. The additional controls do not change our
basic findings.

In Table 11 we investigate firm decision on the timing on the machine import and the
country decision together. It is also possible to focus only on the country choice. Ex-
cluding time dimension yields spillover coefficient of same sign and significance our basic
specification, only the magnitude of the coefficient is increased. Given that the baseline
import probability increases without time dimension the results do not alter economic
meaning. Results are displayed in Table 17 in the Appendix.

4.2.1. Testing against alternative hypotheses

We test our results about the peer effect on the country choice of machine importing
firms. First, we look into the possibility that the findings are driven by time-invariant
unobserved heterogeneity as defined by equation 3. Second, we check for the possibility
that the positive correlation between the country choice of previous exporter and firm i’s
choice is driven by local country or machine specific business cycles as defined by equation
4.

In the column (1) of Table 12 we include location dummies to control for unobserved het-
erogeneity at the municipality level. Column (2) includes location × machine cross-terms,
while column (3) includes location × country cross-terms to control for local unobserved
heterogeneity specific to certain machines or facilitate trade relations with a specific coun-
try. Column (4) combines the two previous columns. None of the estimated equations
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Table 12: Regressions on countries choices with location cross-terms

Dep. Var.: import dummy

[1] [2] [3] [4]

prior importers of the same machine in the

same NUTS5, same country 0.0559** 0.0549** 0.0559** 0.0543**

[2.388] [2.396] [2.330] [2.385]

same NUTS5, other country -0.0393** -0.0379** -0.0388* -0.0362**

[-1.977] [-2.023] [-1.961] [-2.161]

other NUTS5, same NUTS4, same country 0.0414*** 0.0418*** 0.0408*** 0.0431***

[9.142] [9.243] [9.024] [9.511]

other NUTS5, same NUTS4, other country 0.00307 0.0029 0.00335 0.00468

[0.766] [0.731] [0.821] [1.153]

other NUTS4, same NUTS3, same country 0.0212*** 0.0212*** 0.0201*** 0.0207***

[13.99] [14.49] [13.60] [14.48]

other NUTS4, same NUTS3, other country -0.000247 -0.00037 0.000183 -0.000166

[-0.141] [-0.216] [0.102] [-0.0918]

controls yes yes yes yes

dummy: year yes yes yes yes

dummy: nuts5 yes

dummy: nuts5 × machine yes yes

dummy: nuts5 × country yes yes

Observations 6680137 6680137 6680137 6680137

R-squared 0.022 0.019 0.018 0.013

*** p < 0.01, ** p < 0.05, * p < 0.1

Moulton corrected t-statistics in parentheses.

Each column contains a results from a separate regression. Controls: size, foreign ownership, TFP, local

agglomeration, number of firms in NUTS5 and dummies for past export and import activities.

differ significantly from the primer findings which indicates that our results are not driven
by time-invariant unobservables.

In the column (1) of Table 13 we include location × year dummies to controls for munic-
ipality level business cycles. Column (2) includes year × machine cross-terms to control
for product life cycles and importing waves of certain machines. Column (3) includes
year × country cross-terms to control for fluctuations in trade relation with respect to
a certain trade partner. None of the estimated equations differ significantly from the
baseline findings which indicates that our results are not driven by unobservable machine
or country specific cycles.18

All-in-all, we find that when firm i having decided to import machine m will more likely
to choose country c to import the machine from if those neighboring firms which have
already imported m from that country. The local presence of such firm more than doubles
the baseline choice probability. This positive correlation can be regarded as peer effect
or can be considered a sign of learning or imitation because testing against alternative

18An alternate and stricter version of Table 13 is available in Table 19 in the Appendix. In this table

instead of cross-terms with location cross-terms with firm fixed effects are introduced. The results are

unchanged.
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Table 13: Regressions on countries choices with year cross-terms

Dep. Var.: import dummy

[1] [2] [3]

prior importers of the same machine

same NUTS5, same country 0.0557** 0.0540** 0.0551**

[2.389] [2.406] [2.319]

same NUTS5, other country -0.0391** -0.0370** -0.0379*

[-1.975] [-2.010] [-1.939]

other NUTS5, same NUTS4, same country 0.0413*** 0.0409*** 0.0404***

[9.146] [9.105] [9.018]

other NUTS5, same NUTS4, other country 0.00316 0.00363 0.00368

[0.792] [0.914] [0.921]

other NUTS4, same NUTS3, same country 0.0212*** 0.0209*** 0.0202***

[13.98] [13.99] [13.69]

other NUTS4, same NUTS3, other country -0.000235 4.00E-05 0.000152

[-0.134] [0.0238] [0.0849]

controls yes yes yes

dummy: nuts5 yes yes

dummy: nuts5 × year yes

dummy: machine × year yes

dummy: country × year yes

Observations 6680137 6680137 6680137

R-squared 0.021 0.018 0.018

*** p < 0.01, ** p < 0.05, * p < 0.1

Moulton corrected t-statistics in parentheses

Each column contains a results from a separate regression. Controls: size, foreign ownership,

TFP, local agglomeration, number of firms in NUTS5 and dummies for past export and import

activities.

hypotheses did not invalidate general findings.

5. Concluding remarks

This paper investigated whether the firms decision to import a sector-specific machine is
influenced by the local accumulation of the same machine. That is, do the example and
success of previous machine employers and thus easier access to knowledge about certain
production units facilitate further adoption of imported machinery. Using very detailed
product level import dataset the paper has identified the firms’ first investment into a
specific foreign machinery. The results suggested that an additional local importer in the
firms vicinity increases import probability significantly. Robustness checks and testing our
hypothesis against alternatives reveal that the effect of prior importers is heterogeneous
with respect to the size of the settlement and the ownership of the firms.

From a policy perspective the results of the paper suggest that policies aiming at regional
development and investment or cluster formation should be specific to the settlement size
and also take into account the presence of existing FDI. While, domestic firms may still
learn from foreign firms in terms of machine investment, existing foreign investments are
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likely to monopolize production in the smaller cities and drive away additional FDI.
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6. Appendix

Figure 3: Number of imported machines by location

Table 14: Countries investigated

Country num. of machines country num. of machines

Austria 137

Belgium 71 Croatia 2

Bulgaria 1 Luxembourg 1

Canada 4 Netherlands, the 74

Switzerland 113 Norway 1

China 17 New Zealand 1

Czech Republic 67 Poland 13

Germany 148 Portugal 2

Denmark 46 Romania 11

Spain 31 Russia 3

Finland 15 Sweden 58

France 123 Slovenia 5

Grat Britain 114 Slovakia 26

Ireland 1 Thailand 1

Israel 1 Turkey 3

India 1 Taiwan 23

Italy 143 Ukraine 1

Japan 76 United States 124
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Table 15: Regressions on machine spillover with various N definitions

dep. Var: import dummy

N is: 2 3 4 ∞

num. of prior importers

of the same machine in the...

same NUTS5 0.00153*** 0.00110*** 0.000858*** 0.000396***

[15.77] [15.74] [14.93] [15.00]

same NUTS4, other NUTS5 0.00501*** 0.00348*** 0.00291*** 0.00153***

[9.426] [8.637] [8.720] [6.831]

same NUTS3, other NUTS4 0.00306*** 0.00240*** 0.00195*** 0.000992***

[16.97] [17.41] [17.01] [14.39]

Observations 1278777 1278777 1278777 1278777

R-squared 0.01 0.01 0.01 0.009

Each column represents a separate regression as in last column of Table 6. The columns only show

the spillover coefficients.

Table 16: Test regression by city size

Dep: imp dummy city size

any large medium small

num. of priors in

same NUTS5 -0.000174 -0.00480*** -0.0218*** -0.0840***

[-0.291] [-4.300] [-11.90] [-14.97]

same NUTS4, o. NUTS5 0.00108*** 0.00157* 0.00343*** 0.00130**

[3.001] [1.968] [4.604] [2.307]

same NUTS3, o. NUTS4 0.000948*** 0.00204*** 0.00172*** 0.000732***

[6.702] [4.854] [6.751] [2.972]

dummy: year yes yes yes yes

dummy: nuts5 × machine yes yes yes yes

Observations 1278777 300008 362134 342816

R-squared 0.046 0.009 0.012 0.032

Each column represents a separate regression as in column (2) of Table 8 testing the effects of machine

× location unobserved heterogeneity. The columns only show the spillover coefficients for regression

on subsamples by city size indicated in the uppermost row.
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Table 17: Country regressions excluding timing choice

Dep. Var.: import dummy

[1] [2]

prior importers of the same machine

same NUTS5, same country 0.250*** 0.270***

[27.86] [25.93]

same NUTS5, other country -0.137*** -0.0857***

[-18.92] [-12.73]

other NUTS5, same NUTS4, same country 0.110*** 0.146***

[7.736] [9.582]

other NUTS5, same NUTS4, other country -0.0349*** -0.0240***

[-3.849] [-2.996]

other NUTS4, same NUTS3, same country 0.104*** 0.148***

[10.31] [14.80]

other NUTS4, same NUTS3, other country -0.0387*** -0.0119

[-4.409] [-1.448]

dummy: year yes yes

dummy: firm-country-machine yes

Observations 211660 211660

R-squared 0.056 0.077

*** p < 0.01, ** p < 0.05, * p < 0.1

Moulton corrected t-statistics in parentheses

Controls: size, foreign ownership, TFP, local agglomeration, number of firms in

NUTS5 and dummies indicating past export of import experience with the given

country.
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Table 18: Regressions with countries and various fixed effects

Dep. Var.: import dummy

[1] [2] [3] [4]

prior importers of the same machine

same NUTS5, same country 0.0559** 0.0560** 0.0554** 0.0557**

[2.388] [2.403] [2.345] [2.390]

same NUTS5, other country -0.0393** -0.0398** -0.0390* -0.0391**

[-1.977] [-2.011] [-1.948] [-1.979]

other NUTS5, same NUTS4, same country 0.0413*** 0.0415*** 0.0411*** 0.0415***

[9.139] [9.222] [9.106] [9.178]

other NUTS5, same NUTS4, other country 0.00307 0.00286 0.00322 0.00316

[0.767] [0.724] [0.800] [0.786]

other NUTS4, same NUTS3, same country 0.0212*** 0.0210*** 0.0202*** 0.0213***

[13.98] [13.93] [13.65] [14.05]

other NUTS4, same NUTS3, other country -0.00024 -0.000758 9.92E-05 -0.000341

[-0.137] [-0.437] [0.0560] [-0.193]

FIXED EFFECTS NUTS5 machine country firm

Controls yes yes yes yes

year dummies yes yes yes yes

Observations 6680137 6680137 6680137 6680137

R-squared 0.023 0.023 0.022 0.026

*** p < 0.01, ** p < 0.05, * p < 0.1

Moulton corrected t-statistics in parentheses

Controls: size, foreign ownership, TFP, local agglomeration, number of firms in NUTS5 and dummies indicating

past export of import experience with the given country.
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Table 19: Regressions on countries choices with firm fixed effects

Dep. Var.: import dummy

[1] [2] [3]

prior importers of the same machine

same NUTS5, same country 0.0555** 0.0540** 0.0539**

[2.391] [2.410] [2.311]

same NUTS5, other country -0.0389** -0.0370** -0.0369*

[-1.979] [-2.010] [-1.940]

other NUTS5, same NUTS4, same country 0.0413*** 0.0410*** 0.0407***

[9.171] [9.117] [9.154]

other NUTS5, same NUTS4, other country 0.00335 0.00361 0.00409

[0.838] [0.911] [1.023]

other NUTS4, same NUTS3, same country 0.0213*** 0.0210*** 0.0201***

[14.01] [14.13] [13.80]

other NUTS4, same NUTS3, other country -0.00029 2.23E-05 -4.08E-05

[-0.168] [0.0132] [-0.0228]

controls yes yes yes

dummy: firm yes yes

dummy: firm X year yes

dummy: machine X year yes

dummy: country X year yes

Observations 6680137 6680137 6680137

R-squared 0.02 0.019 0.016

*** p < 0.01, ** p < 0.05, * p < 0.1

Moulton corrected t-statistics in parentheses

Controls: size, foreign ownership, TFP, local agglomeration, number of firms in NUTS5 and dummies indicating

past export of import experience with the given country.
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Table 20: List of machines 1.

sector SITC

code

Description

15 72123 Harvesting and threshing machinery; mowers

72126 Machines for cleaning, sorting or grading eggs, fruit or other agricultural produce

72127 Machines for cleaning, sorting or grading seed, grain or dried leguminous vegetables

72129 Parts of the machines of headings 721.21 through 721.26

72138 Dairy machinery

72139 Parts for milking machines and dairy machinery

72191 Presses, crushers used in the manufacture of wine, cider, fruit juices or similar beverages

72196 Agricultural, horticultural, forestry or bee-keeping machinery

72721 Machinery for the extraction or preparation of animal or fixed vegetable fats and oils

72722 Machinery, n.e.s., for the industrial preparation or manufacture of food or drink

72729 Parts for the food-processing machinery

72849 Machinery having individual functions, n.e.s.

74137 Bakery ovens (including biscuit ovens), non-electric

74138 Other non-electric furnaces and ovens (including incinerators)

74139 Parts for the furnaces and ovens of headings

74143 Indsutrial use refrigerating or freezing chests , cabinets, display counters, showcases

74145 Other refrigerating or freezing equipment; heat pumps

74149 Parts of refrigerators, freezers and other refrigerating or freezing equipment (electric or other)

74186 Driers, n.e.s.

74187 Machinery for making hot drinks or for cooking or heating food

74271 Pumps for liquids, n.e.s.

74291 Parts for pumps

74311 Vacuum pumps

74359 Other centrifuges

74361 Machinery for filtering or purifying water

74362 Machinery for filtering or purifying beverages other than water

74367 Machinery for liquids, n.e.s.

74391 Parts of centrifuges (including centrifugal driers)

74471 Pneumatic elevators and conveyers

74473 Other continuous-action elevators and conveyors, bucket-type

74474 Other continuous-action elevators and conveyors, belt-type

74479 Continuous-action elevators and conveyers for goods or materials, n.e.s.

74527 Other packing or wrapping machinery

74529 Parts of Dishwashing machinery

74531 Weighing machinery, including weight-operated counting and checking machines

74565 Other appliances for projecting, dispersing or spraying liquids or powders

16 72843 Machinery for preparing or making up tobacco, n.e.s.

72853 Parts for the machinery for preparing or making up tobacco

74527 Other packing or wrapping machinery

17 72435 Other sewing-machines

72442 Machines for preparing textile fibres

72443 Textile-spinning, doubling or twisting machines; textile-winding (including weft-winding) or

reeling machines

72449 Machines for extruding, drawing, texturing (parts)

72451 Weaving machines (looms)

72452 Knitting-machines and stitch-bonding machines

72453 Machines for making gimped yarn, tulle, lace, embroidery, trimmings, braid or net and

machines for tufting

72454 Machines for preparing textile yarns for weaving machines, knitting-machines, stitch-bonding

72455 Machinery for the manufacture or finishing of felt or non-wovens

.....
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Table 21: List of machines 2.

sector SITC

code

Description

17 72461 Auxiliary machinery for machines of Machines for extruding, drawing, texturing and weaving

72467 Accessories of weaving machines (looms)

72468 Accessories of machines for gimped yarn, tulle, lace

72474 Indsutrial machinery for washing , cleaning, wringing, pressing etc.

18 72435 Other sewing-machines

72439 Sewing-machine needles; furniture, bases and covers specially designed for sewing-machines

72452 Knitting-machines and stitch-bonding machines

72453 Machines for making gimped yarn, tulle, lace, embroidery, trimmings, braid or net and

machines for tufting

72468 Accessories of machines for gimped yarn, tulle, lace

72473 Drying machines, each of dry linen capacity exceeding 10 kg

72474 Indsutrial machinery for washing , cleaning, wringing, pressing, bleaching, dyeing etc.

72485 Machinery for making or repairing articles of hides, skins or leather, other than footwear

19 72435 Other sewing-machines

72481 Machinery for preparing, tanning or working hides, skins or leather

72483 Machinery for making or repairing footwear

72485 Machinery for making or repairing articles of hides, skins or leather, other than footwear

72488 Machinery for preparing, tanning, or working hides, skins or leather

20 72812 Machine tools for working wood, cork, bone, hard rubber, hard plastics

72819 Accessories suitable for machines of working stone, ceramics, bone, rubber and plastics

72844 Presses for the manufacture of particle board or fibre building board of wood

72849 Machinery having individual functions, n.e.s.

72852 Parts for the machinery for working rubber or plastics

73166 Other sharpening (tool- or cutter-grinding) machines

73177 Sawing or cutting-off machines

21 72512 Machinery for making or finishing paper or paperboard

72521 Cutting machines

72523 Machines for making bags, sacks or envelopes

72525 Machines for making cartons, boxes, cases, tubes, drums or similar containers

72527 Machines for moulding articles in paper pulp, paper or paperboard

72591 Machinery for making pulp of fibrous cellulosic material

72599 Machinery for making up paper pulp, paper or paperboard

72631 Machinery, apparatus and equipment for typesetting, for making printing blocks

72635 Printing type, blocks, plates, cylinders and other printing components, etc.

72659 Offset printing machinery (other than reel or sheet)

72668 Machines for uses ancillary to printing

72681 Bookbinding machinery (including book-sewing machines)

72699 Parts for offset typing

74527 Other packing or wrapping machinery

74529 Parts of Dishwashing machinery

22 72529 Paper mill and pulp mill machinery

72599 Machinery for making up paper pulp, paper or paperboard

72631 Machinery, apparatus and equipment for typesetting, for making printing blocks

72635 Printing type, blocks, plates, cylinders and other printing components, etc.

72651 Reel-fed offset printing machinery

72655 Sheet-fed, office-type (sheet size not exceeding 22 x 36 cm) offset printing machinery

72659 Offset printing machinery (other than reel or sheet)

72667 Other printing machinery

72668 Machines for uses ancillary to printing

.....
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Table 22: List of machines 3.

sector SITC

code

Description

22 72681 Bookbinding machinery (including book-sewing machines)

72689 Parts for bookbinding machinery

72691 Parts for type-founding or typesetting

72699 Parts for offset typing

24 72449 Machines for extruding, drawing, texturing (parts)

72832 Machinery for crushing or grinding earth, stone, ores etc.

72833 Machinery for mixing and kneading earth, stone, ores etc.

72839 Accessories for sorting, screening, separating, washing, crushing earth, stone etc.

72842 Machinery for working rubber or plastics or for products from these materials, n.e.s.

72846 Machinery for treating metal (including electric wire coil-winders), n.e.s.

72849 Machinery having individual functions, n.e.s.

72852 Parts for the machinery for working rubber or plastics

72855 Parts, n.e.s., for the machines of headings 72348, 72721, 72844, 72846 and 72849

74173 Distilling or rectifying plant

74174 Heat-exchange units

74183 Medical, surgical or laboratory sterilizers

74186 Driers, n.e.s.

74527 Other packing or wrapping machinery

25 72812 Machine tools for working wood, cork, bone, hard rubber, hard plastics

72819 Accessories suitable for machines of working stone, ceramics, bone, rubber and plastics

72832 Machinery for crushing or grinding earth, stone, ores, etc. substances in solid form

72842 Machinery for working rubber or plastics or for products from these materials, n.e.s.

26 72831 Machinery for sorting, screening, separating or washing earth, stone, ores or other mineral

72832 Machinery for crushing or grinding earth, stone, ores, etc. in solid form

72833 Machinery for mixing and kneading earth, stone, ores , etc. in solid form

72834 Machinery for agglomerating, shaping or moulding solid mineral fuels, ceramic paste etc.

72839 Accessories for sorting, screening, separating, washing, crushing, kneading earth, stone etc.

72841 Machines for assembling electric or electronic lamps, tubes or valves or flash bulbs, in glass

envelopes

72842 Machinery for working rubber or plastics or for products from these materials, n.e.s.

72849 Machinery having individual functions, n.e.s.

72851 Parts for the machines for assembling electric or electronic lamps

72855 Parts, n.e.s., for the machines of headings 72348, 72721, 72844, 72846 and 72849

27 72849 Machinery having individual functions, n.e.s.

73177 Sawing or cutting-off machines

73311 Forging or die-stamping machines (including presses) and hammers

73312 Bending, folding, straightening or flattening machines (inc. presses), numerically controlled

73313 Non-numerically controlled bending, folding, straightening or flattening machines (inc.

presses)

73391 Draw benches for bars, tubes, profiles, wire or the like

73399 Machine tools for working metal, sintered metal carbides or cermets, without removing ma-

terial, n.e.s.

73513 Work holders

73515 Dividing heads and other special attachments for machine tools

73595 Parts for machine for metal, sintered metal carbides or cermets

73712 Casting machines

73719 Parts for converters, ladles, ingot moulds

73729 Rolls and other parts for metal-rolling mills

73737 Other metalworking machines for electric , laser or other light or photon beam machine group

73739 Parts for metalworking machines (Electric, laser, photon, ultrasonic..)

.....
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Table 23: List of machines 4.

sector SITC

code

Description

28 72846 Machinery for treating metal (including electric wire coil-winders), n.e.s.

72849 Machinery having individual functions, n.e.s.

72852 Parts for the machinery for working rubber or plastics

73131 Horizontal lathes, numerically controlled

73135 Other lathes, numerically controlled

73137 Other horizontal lathes

73143 Drilling machines, n.e.s.

73145 Boring-milling machines, n.e.s.

73154 Milling machines, n.e.s.

73157 Other threading or tapping machines

73162 Non-numerically controlled flat-surface grinding machines, in which accuracy is of at least

0.01 mm (any axis)

73163 CNC grinding machines in which accuracy is of at least 0.01 mm (any axis)

73164 Grinding machines, n.e.s., in which accuracy is of at least 0.01 mm (any axis)

73177 Sawing or cutting-off machines

73311 Forging or die-stamping machines (inc. presses) and hammers

73312 Bending, folding, straightening or flattening machines (inc. presses), numerically controlled

73313 Non-numerically controlled bending, folding, straightening or flattening machines

(inc.presses)

73315 Non-numerically controlled shearing machines (inc. presses)

73316 Numerically controlled punching or notching machines (inc. presses)

73317 Punching or notching machines, n.e.s.

73318 Presses for working metal or metal carbides, n.e.s.

73393 Thread-rolling machines

73395 Machines for working wire

73399 Machine tools for working metal, sintered metal carbides or cermets, without removing ma-

terial, n.e.s.

73511 Tool holders and self-opening die-heads

73515 Dividing heads and other special attachments for machine tools

73591 Parts for machine tools working by removing metal

73595 Parts for machine for metal, sintered metal carbides or cermets

73721 Metal-rolling mills

73733 Machines and apparatus for resistance welding of metal, fully or partly automatic

73735 Machines and apparatus for arc (inc. plasma-arc) welding of metal, fully or partly automatic

73736 Other metalworking machines for arc welding of metal

73737 Other metalworking machines for electric , laser or other light or photon beam machine group

73742 Other gas-operated metalworking machinery and apparatus

73743 Other machinery for soldering, brazing or welding

73749 Parts for the machinery for soldering, brazing or welding

.....
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Table 24: List of machines 5.

sector SITC

code

Description

36 72435 Other sewing-machines

72439 Sewing-machine needles; furniture, bases and covers specially designed for sewing-machines

72812 Machine tools for working wood, cork, bone, hard rubber, hard plastics

72819 Accessories suitable for machines of working stone, ceramics, bone, rubber and plastics

72842 Machinery for working rubber or plastics or for the manufacture of products from these

materials, n.e.s.

72844 Presses for the manufacture of particle board or fibre building board of wood or other ligneous

material

72849 Machinery having individual functions, n.e.s.

72852 Parts for the machinery for working rubber or plastics

73162 Non-numerically controlled flat-surface grinding machines, in which an accuracy of at least

0.01 mm (any axis)

73167 Honing or lapping machines

73177 Sawing or cutting-off machines

73178 Planing machines, metalworking

73311 Forging or die-stamping machines (including presses) and hammers

73312 Bending, folding, straightening or flattening machines (including presses), numerically con-

trolled

73595 Parts for machine for metal, sintered metal carbides or cermets

73749 Parts for the machinery for soldering, brazing or welding

74527 Other packing or wrapping machinery
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