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Abstract
We assess the effects of non-repayable subsidies on financially constrained and un-
constrained Hungarian SMEs. Using rejected subsidy applicants as control group
and bank queries to the credit-registry to identify firms that applied for but did not
receive a loan, we show that subsidies generate a sizeable incremental impact on asset
growth of constrained firms relative to unconstrained businesses. This effect, however,
is transitory and does not translate into higher sales, profitability or productivity.
Financing, therefore, may not be the primary hurdle for these SMEs, and credit
constraints may reflect other shortcomings, such as lack of good management or viable
projects.

JEL codes: G38, G21, E58
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1 Introduction

Small and medium-sized enterprises (SMEs) play an important economic role – generating
between half and two-thirds of employment and value added in major advanced as well as
emerging market economies (e.g. Stein et al. [2013]). Yet globally they tend to have patchy
access to finance (e.g. Beck et al. [2008], Rajan and Zingales [1996], Demirgüç-Kunt and
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International Settlements and the Department of Finance at Corvinus University of Budapest. The views
expressed in the paper are of the authors’ and do not necessary reflect the official views of the Central
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Balogh: CBH; Banai: CBH; Stancsics: University of Zurich; Takáts: BIS; Telegdy: Corvinus University of
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Maksimovic [1999]). Governments, including the European Commission, spend substantial
resources to subsidise SMEs with the goal to improve both firm-specific as well as aggregate
outcomes. Our current understanding is that on average subsidies do accelerate SME
growth (e.g. Kersten et al. [2017]).1 However, there are two questions that are less well
understood in the literature.

First, it is not obvious whether subsidies work by improving availability of credit or by
reducing the cost of borrowing (by lowering the interest rate or by being non-repayable).2

We attempt to separate these channels with the help of a unique combination of detailed
micro-data that enables identifying credit constrained firms directly.3 The data have records
of bank queries regarding firms’ outstanding loans that allow us to identify enterprises
which applied for but did not receive a loan. By classifying firms as credit constrained (CC)
and not constrained (NC), we then disentangle the two channels through which subsidies
work.

We show that subsidies lead to a significant incremental impact on asset growth of CC
firms relative to NC firms. Since subsidies constitute a source of cheap capital for both
groups, the incremental impact points to an easing of the financial constraint for CC firms.
This impact, however, fades after a few years. Relatedly, we find that subsidised CC firms
are able to get more loans compared to the control group only temporarily. This seems
to follow from the fact that the subsidy program requires co-financing the project, which
means that firms may have pledged the subsidized project as collateral for a bank loan.

A second less well understood issue is whether subsidies improve CC firms’ outcomes
more broadly. A priori the answer is not obvious. If a firm has good investment ideas
but cannot obtain financing due to a short credit history (e.g. young firms) or the lack of
collateral (e.g. small firms), then a subsidy can accelerate growth by alleviating a relevant

1The literature has estimated the effect of subsidized investment on firm growth using the most up-to-
date econometric methods, such as instrumental variable techniques (Bach [2013]; Brown and Earle [2017];
Criscuolo et al. [2019]; Zia [2008]) and randomized trials (Banerjee et al. [2015]; De Mel et al. [2008]). More
specifically, Criscuolo et al. [2019] study EU-funded grants in the United Kingdom, Cerqua and Pellegrini
[2014] investigate a similar investment subsidy in Southern Italy. Bach [2013] and Brown and Earle [2017]
analyze subsidized loans in France and the United States, respectively. Rao [2016]; Agrawal et al. [2020]
look into the effects of targeted tax credits.

2We found only one study where only the access to credit changed and not the cost of capital: Banerjee
and Duflo [2014] study a program when banks expanded their lending with respect to a group of firms but
the interest rate did not change.

3Most studies typically rely on indirect measurement of credit constraints. For example, Bach [2013];
De Mel et al. [2008] estimate that the implied marginal rate of return of capital is much higher than its
marginal cost and conclude that this is possible only in the presence of credit constraints. Mateut [2018]
study the link between firm-level innovation and subsidies where credit constraints are measured with a
survey. Chiappini et al. [2020] assess whether winning subsidies help relax credit constraints, which are
measured with balance sheet information.
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constraint – as most papers that study the effectiveness of subsidy programs would predict.
By contrast, if the firm does not have good projects or is poorly managed, the credit
constraint may simply reflect these other shortcomings. In such cases, financing per se is
not the hurdle. Providing a subsidy may thus only lead to a transitory impact on a CC
firm’s outcomes, and perhaps no incremental impact relative to NC firms.

We find that the higher asset growth of CC firms on the back of subsidies does not
translate into improved outcomes in terms of sales, profitability or productivity. This
finding suggests that banks may be less willing to lend to these firms for valid concerns
around their future prospects and credit risks. In other words, a lack of funding does not
seem to be keeping these SMEs behind, at least in the case of Hungary.

That said, our findings do not imply that subsidies have no effect on firm outcomes.
The results accord with the literature that shows that EU subsidies improve a broad range
of treated firms’ outcomes (e.g. Dvouletý et al. [2021]).4 Complementing this literature,
we show that subsidies improve growth outcomes for both CC and NC firms that receive
a subsidy – i.e. the impact is not driven by any one of these firm subgroups. This is an
important finding in its own right, as it underscores that CC firms did not do worse than
NC firms in terms of making use of the subsidies.

A key factor that made our analysis possible is the access to three datasets relevant
for assessing the EU subsidy program in Hungary: (1) Hungarian Credit Registry with
information on the credit history of corporations; (2) the European Union’s Structural
and Cohesion Fund’s data which contains information on all subsidy applications, both
successful and rejected; and (3) the Tax Return Dataset from the National Tax and Customs
Administration that includes firm balance sheet and income statements. In contrast to
previous studies that have utilized one or more of these data (or comparable data in other
jurisdictions), to the best of our knowledge, ours is the first study to unify them all.

These data have two important features. First, they provide information on unsuccessful
subsidy applicants. These firms constitute a better control group for successful applicants as
compared to a control group that consists of Hungarian firms in general. Indeed, applicant
firms constitute a more homogeneous group as they reveal their genuine need for financing
by paying the fixed cost of a subsidy application.5

Second, the data allow for a direct indicator of CC firms: we consider a firm to be credit
constrained if it has been credit checked by a bank not having any contact with the firm –

4Also see Banai et al. [2020], Benkovskis et al. [2018], Dvouletý and Blažková [2019], Muraközy and
Telegdy [2020].

5Muraközy and Telegdy [2020] use similar data to show that using unsuccessful subsidy applicants as
controls (instead of all Hungarian SMEs) helps diminish any systematic pre-treatment differences between
control and treated firms.
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akin to a loan application – but has not received any loan subsequently.6 Typically, banks
check the credit worthiness of new, unrelated clients prior to a credit decision. Therefore,
firms that we consider credit constrained have applied for bank credit but failed to get one.
Our approach is related to Jiménez et al. [2012] who also use credit checks by unrelated firms
to identify loan applications (their goal is to study the bank-lending channel of monetary
policy transmission). Among the remaining firms, those that received bank credit in the
year prior to applying for a subsidy, are considered unconstrained. We categorize the rest
of the firms as uncertain in this respect and drop them from the analysis.

Methodology wise, we use a triple difference-in-differences approach in panel regression.
We compare firm outcomes (1) before and after the subsidy (2) across firms that received
a subsidy with those which had applied but were rejected and (3) across CC and NC
firms. We test the robustness of our findings by applying a combination of exact and
propensity score matching between control and treated firms, using alternative definitions
of the credit constraint indicator (i.e. using a different time horizon over which we define
the CC indicator), or focusing on firms that win a subsidy only once. These alternative
estimations reinforce our baseline findings.

The findings in this paper place fresh spotlight on the question of whether financial
assistance policies should be targeted towards CC firms. It suggests caution about excessive
optimism on the potential impact of subsidies on easing credit constraints. Funding CC
firms may not have a large multiplier effect if lack of managerial abilities or opportunities
instead of financing are the more relevant hurdles for these firms. Further research on why
some SMEs are unable to get the desired level of funding is thus warranted. This can help
policymakers design programs that are focused on solving the issues that underpin financing
constraints. This is even more important now given that the Covid-19 pandemic led several
economies globally to extend or adopt subsidy programs.

The rest of the paper proceeds as follows. In Section 2, we describe the institutional
framework of the EU-funded subsidy program. In Section 3 we describe the three datasets
used in the study. We then describe our approach to identifying financially constrained
firms in Section 4. We present the empirical methodology and detail the results in Section
5. In Section 6, we show results of the robustness analysis and finally, Section 7 concludes.

6The literature uses a number of methods to indirectly identify credit constrained firms, including
ex-post identification following financial assistance [Banerjee and Duflo, 2014], structural models separating
credit supply from demand (e.g. Kremp and Sevestre [2013]; Atanasova and Wilson [2004]), information
on listed firms (e.g. Fazzari et al. [1988]; Kaplan and Zingales [1997]), balance sheet information (Mulier
et al. [2016]), direct information on financial constraints of companies through survey data (Gómez [2019];
Gorodnichenko and Schnitzer [2013]; Ferrando et al. [2017]). Other researchers used information on bank
liquidity and firm-bank relations (Bentolila et al. [2018]; Chodorow-Reich [2014]; Huber [2018]; Paravisini
et al. [2015]).
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2 EU subsidy program in Hungary

The European Union’s Structural Funds and the Cohesion Fund programs operate with
the aim of reducing disparities in the region. During the 2007-2013 programming period,
almost EUR 25 billion (HUF 7000 billion, ie close to a quarter of the annual GDP in 2013)
was allocated to Hungary through these programs [Boldizsár et al., 2016].

The main objective of these funds for this period has been increasing employment and
fostering sustainable growth. While a majority of the available budget was allocated to
public projects that aimed to achieve this goal indirectly (such as through infrastructure
development, energy grid mobilization or improving education), a significant portion was
handed out directly to Hungarian companies in the form of non-refundable investment
grants in order to directly stimulate the growth of these firms. Most of these grants were
concentrated in the Economic Development Operational Program (EDOP) and the Regional
Development Operational Program (RDOP). This paper focuses on subsidies disbursed as
part of these two programs, totaling almost HUF 1800 billion, or EUR 6 billion. During
the 2007-2013 programming window, about 31 thousand firms applied for these subsidies
(some applied multiple times). More than two-thirds of the applicants received a subsidy.
For a year-wise distribution of applicant firms and wins, see Table 12 in Appendix A.

The calls for proposals for these subsidies generally covered specific, relatively small
investments, such as the purchase of machinery or IT equipment. Accordingly, the vast
majority of the subsidy requested amounts are well below HUF 160 million (EUR 0.45
million) – the 95th percentile – while the median is about HUF 10 million (EUR 0.03
million). The typical subsidy covers 50 percent of the total cost of the investment, but
in some cases this amount can be as low as 30 percent. In either case, these subsidies
represent a significant source of funding investment for many firms in our study (see Figure
7 in Appendix D).

The evaluation process of subsidy applications was rather streamlined. In many cases,
the decision-making was essentially automated, with each eligible proposal receiving funding
until the allocated sum of money was depleted. And while the assessing authority might
have looked at the financials of the applicant, or some details of the project, thorough
screening was not the norm. The operational modality of the program limits selection bias
and strengthens our identification because subsidies were not targeted towards CC firms per
se (see also Table 1 which shows that the fraction of CC firms among subsidy winners and
losers is similar). The average/median time for a subsidy decision following an application
was less than 4 months, while the time needed to sign the contract following a positive
decision was about a month.
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3 Data

We build a novel firm-level micro database by combining three administrative sources. First
is the Unified Monitoring Information System of the Prime Minister’s Office, giving us access
to all applications falling under the Economic Development Operational Programme and
the Regional Development Operational Programmes in the 2007–2013 programming period.
We observe the date of submission, requested amount, date of evaluation, payment date(s),
and outcome for each subsidy application. In addition, the data contain supplementary
information such as the sub-program under which the application was submitted and the
own contribution of the applicant.7

Second, we obtain loan histories of companies from the Central Credit Information
System (CCIS). This dataset contains information on all outstanding loans disbursed by
banks and non-bank financial institutions to businesses. Available variables include an
identifier for the lending institution, loan origination date, and the duration and size of the
loan.8

A special feature of this dataset is that since 2012 it also provides information on the
queries initiated by banks to the CCIS. While the purpose of a query is not available in
the dataset, the main goal of the CCIS is to provide a unified way for banks to vet their
clients’ credit histories before disbursing a loan.9 Yet, banks can also use the CCIS to
monitor their current clients. In either case, the fact that each query entails a (small, but
non-zero) cost for the financial institutions suggests that these queries are made with a
definitive purpose.10 As described in the next section, data on loan queries is at the core of
our approach to identifying credit constrained firms.

Finally, we obtain data on companies’ financials – ie balance sheet and income statements
– from their annual tax returns to the National Tax and Customs Authority. These data
include all enterprises subject to double-entry book-keeping, thereby covering a large
majority of Hungarian SMEs.

Each of the above datasets contain the tax number of the companies as a unique identifier
that we use to link the datasets. To summarise, two key features of the database are that
we observe both successful and failed subsidy applicants, and that we can directly identify
credit constrained firms instead of relying on indirect measures or estimates. These features

7For more information on the subsidy programs and the related dataset, see for instance Banai et al.
[2020].

8See appendix I for a detailed description of the dataset, and Banai et al. [2016] for some of the caveats
around its use.

9In fact it is mandatory in Hungary for banks to query the credit history of firms before issuing a loan.
10The cost of a query is usually around 2-3 euros.
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provide a solid basis to study the differential impact of subsidies across CC and NC firms.

3.1 Data preparation

The starting point of our analysis is the set of firms that applied for the subsidy program
at least once. We restrict attention to applicant firms (both winners and losers) rather
than the universe of SMEs in Hungary. This is because applicant firms – by revealing their
funding needs – constitute a more homogenous group than Hungarian SMEs in general.
Relatedly, applicant firms that lost constitute a better control group for applicant firms
that won as compared to non-applicant firms. This approach ensures that we eliminate
important unobserved heterogeneity that has to with with applying for a subsidy.

Among applicant firms, we restrict attention to for-profit non-financial firms for which
financial information is available. We also only consider micro, small, or medium-sized
(SME) firms with at least 5 employees. This is because in case of very small firms data
quality is less reliable.11

To keep our analysis focused, we focus on non-refundable subsidies that are classified
as having the purpose of economic development. We exclude from our analysis those
successful applications where the subsidy received by the firm was eventually paid back to
the authorities (say because the planned project was not undertaken eventually). And we
only look at applications between 2012 and 2015. This is due to the fact that while subsidy
applications were submitted throughout the period 2007–2015 (the official period of the
program we are assessing), credit query data is only available 2012 onward. Given that a
substantial number of applications happen after 2012 (recall Table 12 in Appendix A), we
do not expect this data limitation to introduce a systematic bias in our analysis. Finally,
we exclude applications where the subsidy amount is larger than HUF 500 million.12

The final sample consists of HUF 790 billion worth of investment subsidies. For a
detailed description of the number of applicant firms and observations at each step of the
data preparation process, we refer the reader to Appendix C.

11Firm-year observations with seemingly erroneous data, namely negative leverage or sales revenue,
pre-tax ROA of more than 200% in absolute value are also dropped. Moreover, to avoid selection biases, we
drop firms from sectors with very few firms, namely mining and quarrying; electricity and gas, steam and air
conditioning supply; water supply, sewerage, waste management and remediation activities; financial and
insurance activities; public administration and defence, compulsory social security; activities of households
as employers; activities of extraterritorial organisations and bodies.

12This is to avoid biases given that idiosyncratic factors may play a role in the success of applications
with very large subsidy requested amounts. Also, large firms usually have to present a business plan so
decision making is not automated and political considerations may also play a role.
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Table 1: Distribution of firms in our sample.

Never won a subsidy Won a subsidy at least once Total
CC 184 (9%) 433 (21%) 617 (30%)
NC 434 (22%) 974 (48%) 1,408 (70%)
Total 618 (31%) 1,407 (69%) 2,025

Notes: The table shows the distribution of firms in our sample by outcome of subsidy application and credit
constrained status. The percentages are expressed relative to the total number of applicant firms in our
analysis sample. Note that the analysis sample excludes firms whose credit constrained status is ‘unknown’
at the time of application. There are 847 such firms.

4 Identifying credit constrained firms

Directly identifying credit constrained firms is one of the key contributions of this paper.
We consider a firm to be credit constrained (CC) if it had applied for a loan but did not
receive one. While this definition of a CC firm is not directly implementable as we do not
observe loan applications, the data on loan queries allows us to get around this limitation
and construct a firm-level indicator of the credit constrained status based on the following
idea.

To determine whether a firm F is credit-constrained at the time of its subsidy application,
say date t, we assess its credit history in the one year prior to date t.13 We first identify
loan applications. To this end, we consider credit queries made by banks on firm F during
this period. Our identifying assumption is that a credit query on firm F by a bank B which
did not have an existing lending relationship with firm F must be because of a new loan
application by firm F at bank B. The non-existence of the lending relationship between
firm F and bank B is key here because a loan query does not necessarily imply a loan
application as banks may periodically check the credit history of their existing borrowers –
as also emphasized in Jiménez et al. [2012].14 Second, we argue that if firm F has a credit
query initiated by an unrelated bank (which is akin to a loan application) but no new loans
from any bank in the one year prior to date t, then firm F must be credit-constrained on
date t. On the contrary, if a firm has successfully taken out one or more loans in the one
year before date t, we consider it to be unconstrained (NC) on date t.15

13The choice of the 1-year window to determine the credit constrained status is guided by the average
number of new loans per year by firms in Hungary, which is about 0.82. This implies that the mean
duration between loans is about 15 months. See Figure 8 in Appendix E for the loan frequency distribution.

14In theory, the credit registry could also function as a channel for banks to find suitable firms for offering
new loans. This is, however, legally forbidden in Hungary.

15A potential issue with this classification is that despite getting a loan, a firm may still be somewhat
constrained if it did not have receive as much funding as it wanted. While this channel can introduce a
bias, we expect the bias to be conservative ie provide a lower bound on the incremental effect of subsidies

8



Table 2: Comparison of characteristics of CC and NC firms.

CC NC
Mean St. dev. Mean St. dev.

Total assets (HUF million) 373.44 702.24 544.04 1960.14
Firm age (years) 12.77 6.23 11.93 6.48
Employee number 24.16 36.84 24.23 33.35
Real tangible assets (HUF million) 138.72 299.60 198.42 696.01
Real sales revenue (HUF million) 633.77 1879.99 782.74 1768.78
Real pre-tax profit (EBITDA) (HUF million) 29.79 82.43 37.58 304.49
Return on Assets (ROA) 0.11 0.16 0.11 0.15
Requested subsidy amount per total assets 0.24 0.53 0.26 1.07
Average no. of new loans pre-treatment 0.92 2.04 2.83 7.33
Labor prod. based on sales revenue 30.29 66.93 36.62 127.70

Notes: Summary statistics of firm characteristics as of the pre-treatment year. ROA is calculated by dividing
pre-tax profit by the average value of total assets in the current and the previous year. Profits and net sales
revenue is deflated with the product price index, while tangible assets with the investment price index.

We note that this approach leaves firms with no query and no loans in the past year as
unclassified. Their status is indeed ambiguous. It may be that a firm had enough resources
and chose to not apply for a loan, in which case it is NC, or that a firm did apply for a loan
but was rejected without the bank querying its credit history in CCIS (say because the
bank already had past information about the firm), in which case it is CC. About one-third
of all firms remain ‘unclassified’ in our approach. While in our main analysis we exclude
these firms, we ensure the robustness of our findings by extending the definition of being
credit constrained to these firms via a logit model (see Section 6).

Among the ‘classified’ firms – ie whose credit constraint status is known – about 30%
are CC at the time of applying for a subsidy (see Table 1). Crucially for our analysis, this
proportion does not differ substantially between the group of firms that won a subsidy and
those that did not, thus ensuring that there is no selection bias into winning along the
credit constraint dimension.

While intuitive and more direct than estimates of credit constraints based on firm balance
sheet and profitability metrics, it is informative to assess how our CC categorization conforms
with common intuition regarding firm characteristics that underpin credit constraints. To
this end, we compare balance sheet and profitability metrics across CC and NC firms. We
show that CC firms are generally smaller in terms of total or tangible assets (see Table 2).
Notably, tangible assets typically require lumpy investment funding that CC firms may
be unable to procure. In addition, we find that while on average CC and NC firms are
of comparable age and employ similar number of employees, CC firms have lower sales

on CC firms.

9



revenue, and value added and profits pointing to lower labor productivity. A lower labor
productivity may reflect the potential scarcity of tangible assets in CC firms.

5 Empirical analysis

Our goal is to investigate the differential effect of subsidized investment on CC and NC firms.
We do this in a difference-in-differences (DD) framework. We first define the treatment and
control groups, and then present the regression results. As left-hand-side variables, we focus
on tangible assets – which is a key target of the subsidy program – and also assess broader
firm-level outcomes such as access to credit, growth (in terms of sales and employment) and
performance (measured by profitability and labor productivity). At the end of the section,
we augment our baseline analysis with matching techniques to show that the results are
robust to the use of a control group that is more similar to the treated companies.

5.1 Construction of treatment and control groups

We define a firm as ‘treated’ if it applied for and won a subsidy at least once during the
sample period, and consider year of the first successful application as the reference (ie
treatment) year. Firms that applied but never won a subsidy are considered as ‘controls’,
and their first application date is taken as the reference year.16 We consider four years of
firm history before and after the reference year to assess pre-treatment trends and impact
in the post-treatment period.

Unlike other studies that tend to use non-applicant firms as controls, our approach
ensures that treated and control groups are ex-ante more similar to each other. This is
because firms that apply for a subsidy reveal their need for funding by paying both the fixed
cost of subsidy application and, in case they win, the own contribution in the investment
(which is around 50 percent). Table 3 shows that during the pre-treatment period, while
control firms are larger (and relatedly requested larger subsidies), they are comparable to
treated firms in terms of age, productivity, and number of loans obtained.

Our main outcome variable is the value of tangible assets.17 The evolution of its
16Despite the possibility that a firm can apply for a subsidy multiple times, our approach clearly organizes

firms into treated and controls and each firm’s history is used only once (See Table 13 in Appendix B for
the number of successful and rejected applications). Additional successful applications may appear in the
post-treatment period of a treated firm and reinforce the treatment effect. We test whether this matters for
our results by dropping firms with multiple wins from the sample in Section 6.2. [Muraközy and Telegdy,
2020] use longer time series of the same data on subsidies and compute the effect of single and multiple
subsidies on a large set of firm outcomes.

17Even though subsidies are designed to have a direct impact on a firm’s tangible asset growth, it is not
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Table 3: Comparison of characteristics of treated and control firms.

Treated Control T-test (C - T)
Mean St. dev. Mean St. dev.

Total assets (HUF mln.) 367.21 781.20 610.75 2508.61 243.54∗

Firm age (days) 4119.72 2217.40 4063.93 2501.65 -55.78
Employee number 22.47 30.66 24.93 35.92 2.46
Real tangible assets (HUF mln.) 145.84 341.25 238.90 1023.69 93.06∗

Real sales revenue (HUF mln.) 629.16 1508.73 792.18 1839.03 163.01∗

Real pre-tax profit (HUF mln.) 23.80 71.64 23.58 78.33 -0.22
Operational ROA 0.11 0.13 0.10 0.13 -0.01
Requested subsidy/total assets 0.23 0.79 0.47 1.99 0.24∗∗

Yearly average no. of new loans 2.22 6.56 2.24 5.46 0.03
Labor productivity 31.51 66.91 35.64 77.13 4.13

Notes: Summary statistics of firm characteristics as of the pre-treatment year. Operational ROA is calculated
by dividing operational profit by the average value of total assets in the current and the previous year. Net
sales revenue is deflated with the product price index, while tangible assets with the investment price index.
* indicates significance at the 10% level, ** at the 5% level, and *** at the 1% level.

unconditional mean is presented in Figure 1. On the left panel, we show the evolution of
assets of treated and control firms separately, while on the right panel we further divide
the sample by CC and NC. The unconditional means clearly show that assets of firms
with rejected and successful applications align firms well – ie evolve similarly – in the
pre-treatment period. The lack of pre-trends is also maintained when zooming into the
CC and NC subgroup of firms. In the post-treatment period, the effect of the subsidy,
in both CC and NC groups, can be inferred from the fact that treated firms increase the
value of their assets much faster than control firms. We investigate these (unconditional)
observations formally via regressions below.

5.2 Empirical specification: Assessing the impact on assets

To assess the effect of subsidies on the value of tangible assets, we run the following
difference-in-differences (DD) regression:

yi,s,T,t = β [postT × treati] + τT + αi + δs,t + εi,T (1)

Here i indexes firms, s denotes the two-digit industry NACE code, T indexes years
relative to the reference year (which is set to 0) and goes from -4 to 4, and t indexes

obvious that there will be an incremental impact on CC firms. As discussed earlier, a potential incremental
impact can help distinguish between the two channels through which subsidies can work – ease credit access
versus lower cost of borrowing.
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Figure 1: Evolution of log tangible assets of firms in the sample.
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Notes: Unconditional mean of log tangible assets of firms in the analysis sample by treatment (left-hand
panel) and by credit constrained status (right-hand panel). The dotted red vertical line indicates the year
immediately before treatment.

calendar years.18 treati is an indicator dummy variable which equals 1 during the entire
sample period if firm i received a subsidy, and postT is set to 1 for the post-treatment years.
The effect of the subsidy is measured by β. To attenuate the potential bias of selection
into winning, we control for τT , a set of year dummies relative to the reference year, for αi

firm-fixed effects, and δs,t sector–calendar year fixed effects to control for macroeconomic
changes, such as various industry-level price changes. Standard errors are clustered at the
firm level.

To assess the overall treatment effect, we start by estimating Equation 1 on the whole
sample. Next, in order to assess treatment effects on CC and on NC firms separately,
we run Equation 1 individually on the two sub-samples.19 Finally, in order to assess the
statistical significance of the treatment effect on CC firms “relative” to NC businesses – ie
the incremental impact on CC firms – we adopt a regression where we include interactions
between treat, post and CC (see Equation 2). The coefficient of interest from this regression
– which we run on the entire sample – is γ i.e. the treatment effect.

yi,s,T,t = γ [postT × treati × CCi] + postT × treati + postT ×CCi + τT +αi + δs,t + εi,T (2)

The estimation result from the various regressions are shown in Table 4. In the first
18Recall that reference year is the year of first win in case of treated firms and the year of first application

in case of control firms.
19An advantage of this approach is full flexibility: ie all the effects of the control variables are estimated

exclusively for CC or NC firms.
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Table 4: Regression results: log tangible assets

Log tangible assets
DD

Log tangible assets
DD if CC

Log tangible assets
DD if NC

Log tangible assets
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.471∗∗∗ 0.639∗∗∗ 0.396∗∗∗ 0.402∗∗∗

(8.56) (6.27) (6.09) (6.21)
treat=1 × post=1 × CC=1 0.227∗

(1.90)
N 17643 5396 12234 17643
R2 0.824 0.822 0.827 0.824
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Notes: As assessment of the impact of subsidies on log tangible assets of treated firms. Columns 1, 2 and 3
present results from a DD analysis on all, CC, and NC firms respectively. Column 4 presents results from
the triple interaction analysis. In all the specifications, a firm, sector × calendar-year, and relative-year
fixed effects (FE) are included. Standard errors are always clustered at the firm level. * indicates significance
at the 10% level, ** at the 5% level, and *** at the 1% level.

column the results refer to DD based on the whole sample. We find that subsidies have an
economically large and significant impact on the growth of tangible assets of all treated
firms, to the tune of 0.50 log points.20

Zooming into the CC and NC subgroups of firms in the second and third columns of the
table, we uncover a significant impact in each case. This confirms that the overall finding in
column (1) is not driven in particular by one of these subgroups. Moreover, the impact of
the subsidy on CC firms is larger than on NC firms (0.64 and 0.40 log points, respectively),
despite comparable subsidy amounts received by winning CC and NC firms.21

To gauge whether the seemingly greater impact of subsidies on CC firms is significant
in a statistical sense, we move away from sub-sample DD regressions and focus on the
triple-difference regression (see column four of the table). The triple-interaction coefficient –
which shows the incremental impact of subsidy on CC firms – is, expectedly, roughly equal
to the difference between the coefficients of interest in the subsample DDs for CC and NC
firms. Moreover, it is significant at the 10-percent level. This finding suggests that subsidies
drive up the tangible assets of CC firms by 0.23 log point more than of NC firms during
the post-treatment period.

The results so far shed light on the average impact of the subsidy program on treated
20Our finding is broadly consistent with that in [Banai et al., 2020] and [Muraközy and Telegdy, 2020],

who run similar regressions for Hungary, although the focus, samples, and methodology used are different
compared to those in this paper.

21Recall Table 2: the mean subsidy amount received by CC and NC firms is 24 and 26 percent respectively.
These amounts are not statistically different at 1% confidence level.
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firms in the post-treatment period, but they are silent about how that impact evolves over
time. To quantify this, we replace the post dummy with a relative-year dummy in the
DD regressions. The profile over time of the coefficient on the interaction term shows how
the two groups evolve in the pre- and post-treatment years after controlling for firm and
sector-time fixed effects as well as common trends.

We do not find significant differences in the evolution of the treated and control firms
before treatment in all three regressions of interest, namely sub-sample DD on CC firms (first
panel of Figure 2), sub-sample DD on NC firms (second panel), and the triple-interaction
regression (third panel).22 The post-treatment impact on CC firms follows an inverted
U-shaped profile, i.e. increasing initially and declining afterwards (first panel). By contrast,
the impact on treated NC firms stabilises by the third year. Relatedly, the last panel shows
that the incremental impact on CC firms relative to NC firms in significant initially but
fades away over time, becoming insignificant by the third year post treatment. Yet, recall
from Table 4 that the average incremental impact on CC firms during the post-treatment
period is significant at the 10 percent level.

A significant impact on NC firms underscores that subsidies reduce the cost of borrowing
and makes viable those projects of NC firms that were not viable at the bank loan rate. A
significant incremental impact on CC firms (relative to NC firms) suggests that in addition
to reducing the cost funding, subsidies also ease credit access for CC firms.

5.3 Digging deeper: do subsidies help CC firms get credit?

We now turn to investigating whether subsidies help CC firms get loans more easily? One
reason for why subsidies can induce borrowing is the collateral channel: assets bought
with subsidies may be used as collateral for bank loans. Subsidies might also relax credit
constraints in the longer run if they help CC firms improve their earnings outcomes, gain
more assets, and improve creditworthiness.

To test this hypothesis, we assess whether the value of loans taken out by CC firms
differs significantly from that by NC firms post-treatment. To this end, we replace the
dependent variable in our regressions with the log of the total amount of loans taken by
the firm each year. Table 5 shows that both CC and NC firms take out significantly more
loans after receiving a subsidy (the increase in the loan amounts is 2.3 and 1.2 log points
respectively). However, the incremental impact of subsidies on CC firms is not significant
at any conventional level.

22While this confirms the parallel trend assumption, we discuss in Section 5.5 a matching strategy aimed
at making the pre-treatment period evolution of treated and control firms even more similar.
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Figure 2: Evolution of the impact of subsidy over time: log tangible assets
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Notes: As assessment of the relative-year wise impact of subsidies on log tangible assets of treated firms.
Left and centre panels plot the coefficients on the main interaction term in the DD analysis on CC and NC
firms respectively. Right panel plots the triple interaction coefficients. In all the regressions, firm, sector ×
calendar-year, and relative-year fixed effects (FE) are included. Standard errors are always clustered at the
firm level. For the full set of coefficients, see Table 17 in Appendix G.

Table 5: Regression results: log new loans

Log new loan am.
DD

Log new loan am.
DD if CC

Log new loan am.
DD if NC

Log new loan am.
DDD

(1) (2) (3) (4)
treat=1 × post=1 1.572∗∗∗ 2.307∗∗∗ 1.164∗∗∗ 1.306∗∗∗

(5.00) (3.92) (3.11) (3.51)
treat=1 × post=1 × CC=1 0.877

(1.27)
N 17905 5473 12418 17905
R2 0.400 0.338 0.376 0.400
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Notes: As assessment of the impact of subsidies on log new loan amount of treated firms. Columns 1,
2 and 3 present results from a DD analysis on all, CC, and NC firms respectively. Column 4 presents
results from the triple interaction analysis. In all the specifications, a firm, sector × calendar-year, and
relative-year fixed effects (FE) are included. Standard errors are always clustered at the firm level. *
indicates significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Figure 3: Evolution of the impact of subsidy over time: log new loans
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Notes: As assessment of the relative-year wise impact of subsidies on log of the value of new loans taken
out by treated firms. Left and centre panels plot the coefficients on the main interaction term in the DD
analysis on CC and NC firms respectively. Right panel plots the triple interaction coefficients. In all the
regressions, firm, sector × calendar-year, and relative-year fixed effects (FE) are included. Standard errors
are always clustered at the firm level. * indicates significance at the 10% level, ** at the 5% level, and ***
at the 1% level. For the full set of coefficients, see Table 19 in Appendix G.

Moreover, the event-time regressions presented in Figure 3 reveal that the impact on
the loans taken by CC firms is rather temporary – there is a major increase in loan amount
in year 0, followed by a sharp decline. This observations suggests that CC firms may be
obtaining more loans in the first years after winning a subsidy to co-finance the subsidised
investment. Indeed, subsidy may have served as loan collateral to temporarily ease the
credit constraint of a CC firm. Yet, if the collateral value of newly purchased tangible
assets declines quickly, or if these assets are not used efficiently so as to generate higher
profits in the next few years, the lack of collateral or poor creditworthiness problem of a
CC firm would remain unresolved. This would then manifest in the form non-difference in
loan pattern of subsidized CC firms relative to non-subsidized ones. For NC firms, the loan
value increases somewhat after the subsidy is received and remains stable thereafter.

5.4 Impact on other growth and efficiency characteristics

A somewhat significant incremental impact of subsidies on tangible assets of CC firms,
and no such impact on loans of CC firms raises the natural question of whether subsidies
improve other aspects of CC firms’ growth or efficiency. To this end, we consider the
following outcome variables: size of the firm (in terms of employment and sales) financial
efficiency (return on assets) and operative efficiency (value of sales over employment).
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Table 6: Impact of subsidies on broader measures of firm growth and efficiency

Category Outcome
Impact on

All CC NC CC vs NC
(1) (2) (3) (4)

Growth Log Employees 0.130*** 0.157*** 0.110*** 0.065
Log Sales 0.137** 0.189*** 0.115** 0.059

Efficiency Profitability 0.006 0.014 0.004 0.007
Log labor productivity 0.004 0.028 -0.001 -0.002

Notes: Impact of subsidy on firms’ growth and efficiency outcomes. Columns 1, 2 and 3 present results from
a DD analysis on all, CC, and NC firms respectively. Column 4 presents results from the triple interaction
analysis. In all the specifications, a firm, sector × calendar-year, and relative-year fixed effects (FE) are
included. Standard errors are always clustered at the firm level. * indicates significance at the 10% level, **
at the 5% level, and *** at the 1% level. The corresponding the full set of coefficients are documented in
Tables 21, 22, 23 and 24 in the Appendix. *,**,*** indicate significance at the 10,5 and 1 percent levels
respectively.

We summarise our findings in Table 6. Subsidies have a significant impact on growth
outcomes for all firms as well as separately for CC and NC firms (see first three columns).
And while the impact is of a higher magnitude in case of CC firms, the difference between
CC and NC firms is not statistically significant (see fourth column). Moreover, we find no
effect of subsidies on either financial or operative efficiency. These results underscore that
despite the subsidy led larger increase in assets of CC firms relative to NC businesses, there
is no attendant impact on sales or efficiency of CC firms.

5.5 Matching

We noted visually in Figure 1, and formally in Figure 2 that average log tangible assets
of treated and control groups evolved in parallel during the pre-treatment period – that
is, the coefficients on pre-treatment years were not different from zero at any conventional
level of significance. These observations support the Parallel Trends Assumption (PTA) –
that is the control group offers a valid approximation of the counterfactual post-treatment
dynamics of the treated group – and supports a causal interpretation of our main finding.
To further test this interpretation, we match the treated and control groups on the basis of
their pre-treatment characteristics to further reduce any systematic differences between
them.

We begin by estimating a logistic regression to produce propensity scores for each firm
in the period before application. As explanatory variables, we use the pre-treatment mean
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Figure 4: Evolution of log tangible assets of firms in the sample after matching
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Notes: Unconditional mean of log tangible assets of firms in the analysis sample by treatment (left-hand
panel) and by credit constrained status (right-hand panel) after matching. The dotted red vertical line
indicates the year immediately before treatment.

of a variety of firm characteristics23 as well as the ratio of the requested amount of subsidy
and value of tangible assets, the treatment year, and whether the firm is credit-constrained.
We then use the propensity score to match treated and control firms (using kernel matching
with a caliper of 0.05 and imposing common support) while restricting to exact matches
within CC and NC categories, 2-digit NACE sectors, three firm-size categories, and tertiles
of tangible asset growth. Regarding exact matching, we use the mode of each categorical
variable over the four pre-treatment years. For more details about the matching weights
and its effectiveness, see Table 15 and Table 16 in Appendix F, respectively.

Figure 4 depicts the mean evolution of log tangible assets for treated and control groups
by the CC indicator in the matched samples. Compared to Figure 1, which shows the same
statistics for the unmatched sample, visual inspection suggests that matching improves the
comparability of evolution of the four groups of firms in the pre-treatment period. More
formally (ie using the DD and DDD time-dummy regressions based on Equations 1 and
2), Figure 5 shows that after we control for firm and sector-time fixed effects, there are no
significant differences nor pre-trends in the evolution of the treated and control firms before
treatment in any of the three cases of interest, namely sub-sample DD on CC firms (first
panel), sub-sample DD on NC firms (second panel) and the triple-interaction regression
(third panel). At the same time, the significance of post-treatment patterns is further
reinforced.

23The variables are firm age, employment, real tangible assets, real value added, real sales revenue, real
profit before tax, operational return on assets, real personnel cost, export share and a dummy variable
indicating whether foreign ownership exceeds 50 percent.

18



Figure 5: Evolution of the impact of subsidy over time after matching: log tangible assets
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Notes: As assessment of the relative-year wise impact of subsidies on log tangible assets of treated firms
after matching. Left and centre panels plot the coefficients on the main interaction term in the DD analysis
on CC and NC firms respectively. Right panel plots the triple interaction coefficients. In all the regressions,
firm, sector × calendar-year, and relative-year fixed effects (FE) are included. Standard errors are always
clustered at the firm level. For the full set of coefficients, see Table 18 in Appendix G.

Re-estimating the post-dummy regressions (see Table 7) on the matched sample un-
derscores the robustness of our baseline results (recall Table 4). That is, the economic
magnitude and significance of the various coefficients of interest are broadly stable across
the matched and unmatched regressions. In particular, matching reinforces the conclusion
that there is an incremental impact on CC firms’ tangible assets that becomes insignificant
only in the fourth year after treatment.

Looking at the impact of subsidies on loans, we again note that the results are not
sensitive to the use of matched or unmatched samples. As before, loans increase for both
CC and NC firms, but this increase is not significantly different across the two group
and is driven by the year when the firm received the subsidy (see Table 8 and Figure 6).
These results reinforce the view that CC firms do not secure materially more loans in the
post-treatment period.

Even in terms of the incremental impact of subsidies on other growth and efficiency
outcomes of CC firms, we find that the regression results based on the matched and
unmatched samples are generally consistent with each other (see Table 9).
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Table 7: Regression results after matching: log tangible assets

Log tangible assets
DD

Log tangible assets
DD if CC

Log tangible assets
DD if NC

Log tangible assets
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.476∗∗∗ 0.809∗∗∗ 0.371∗∗∗ 0.374∗∗∗

(4.89) (5.53) (3.21) (3.22)
treat=1 × post=1 × CC=1 0.434∗∗

(2.32)
N 11269 2724 8540 11269
R2 0.813 0.806 0.820 0.815
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Notes: As assessment of the impact of subsidies on log tangible assets of treated firms after matching.
Columns 1, 2 and 3 present results from a DD analysis on all, CC, and NC firms respectively. Column 4
presents results from the triple interaction analysis. In all the specifications, a firm, sector × calendar-year,
and relative-year fixed effects (FE) are included. Standard errors are always clustered at the firm level. *
indicates significance at the 10% level, ** at the 5% level, and *** at the 1% level.

Table 8: Regression results after matching: log new loans

Log new loan am.
DD

Log new loan am.
DD if CC

Log new loan am.
DD if NC

Log new loan am.
DDD

(1) (2) (3) (4)
treat=1 × post=1 1.473∗∗∗ 2.488∗∗∗ 1.117∗∗ 1.106∗∗

(3.26) (3.18) (2.11) (2.07)
treat=1 × post=1 × CC=1 1.546

(1.61)
N 11424 2761 8659 11424
R2 0.385 0.332 0.359 0.385
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Notes: As assessment of the impact of subsidies on log new loan amount of treated firms after matching.
Columns 1, 2 and 3 present results from a DD analysis on all, CC, and NC firms respectively. Column 4
presents results from the triple interaction analysis. In all the specifications, a firm, sector × calendar-year,
and relative-year fixed effects (FE) are included. Standard errors are always clustered at the firm level. *
indicates significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Figure 6: Evolution of the impact of subsidy over time after matching: log new loans
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Notes: As assessment of the relative-year wise impact of subsidies on log of the value of new loans taken out
by treated firms after matching. Left and centre panels plot the coefficients on the main interaction term in
the DD analysis on CC and NC firms respectively. Right panel plots the triple interaction coefficients. In
all the regressions, firm, sector × calendar-year, and relative-year fixed effects (FE) are included. Standard
errors are always clustered at the firm level. * indicates significance at the 10% level, ** at the 5% level,
and *** at the 1% level. For the full set of coefficients, see Table 20 in Appendix G.

Table 9: Impact of subsidies on broader measures of firm growth and efficiency: Matched
sample

Category Outcome
Impact on

All CC NC CC vs NC
(1) (2) (3) (4)

Growth Log Employees 0.164*** 0.188*** 0.154*** 0.038
Log Sales 0.154** 0.294*** 0.112 0.177

Efficiency Profitability 0.018** 0.027 0.016* 0.010
Log labor productivity -0.003 0.103 -0.033 0.128

Notes: Impact of subsidy on firms’ growth and efficiency outcomes in the matched sample. Columns 1,
2 and 3 present results from a DD analysis on all, CC, and NC firms respectively. Column 4 presents
results from the triple interaction analysis. In all the specifications, a firm, sector × calendar-year, and
relative-year fixed effects (FE) are included. Standard errors are always clustered at the firm level. *
indicates significance at the 10% level, ** at the 5% level, and *** at the 1% level. The corresponding
the full set of coefficients are documented in Tables 25, 26, 27 and 28 in the Appendix. *,**,*** indicate
significance at the 10, 5 and 1 percent levels respectively.
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6 Robustness

In this section, we test the robustness of our results by examining alternative approaches
to defining the credit constrained status and data sampling.

6.1 Alternative CC identification

To assess how our baseline definition of credit-constraints compares to alternative definitions,
we check the correlation of our CC indicator – i.e. CC where the time horizon over which
a firm does not get a loan is one year – with two alternative indicators where the time
horizon is 6 months (CC6m) or 2 years (CC2y). We find a high and significant correlation
of 0.736 and 0.730 between the baseline and these alternative indicators, respectively.

Next, we test whether our main results hold when we use these alternative CC indicators.
Our findings – based on the unmatched sample – are reported in the first two columns of
Table 10. Broadly, the incremental impact of the subsidy program on log tangible assets
of CC firms in case of using CC6m or CC2y is comparable (both in terms of economic and
statistical significance) to that of using CC.

Finally, recall that the baseline CC indicator does not provide each firm a credit-
constraint status. To expand our analysis to the set of ‘unclassified’ firms, we use a logistic
model of credit constraints based on observable firm characteristics to then classfiy these
firms as either CC or NC.24 We denote the resulting indicator as CClogit. The use of this
extended definition in our baseline regression supports our main conclusion (see column
three in Table 10).

6.2 Firms with one successful application

Some firms win a subsidy multiple times. This may bias upwards the treatment impact we
find in our analysis. This is because by design the impact is attributed to the first successful
application, whereas it may actually be the cumulative impact of several subsidies during
the sample period.25 We test if our results hold once we drop firms with more than one
win in our sample. As shown in Table 11, we find that all the coefficients of interest are
essentially stable and comparable to our baseline findings.

24Guided by firm level characteristics that are likely to have a bearing on credit constraints, the logistic
regression model is based on the following factors: age, employment, tangible assets, value added, sales,
profits and costs to assets, leverage, cost-to-income ratio, export sales to total sales, and foreign ownership.
The model has an AUROC of 61.03%.

25Muraközy and Telegdy [2020] show that a successful application increases the probability of a second
successful application.
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Table 10: The effect of subsidies on log tangible assets with alternative CC indicators

Log tangible assets
DDD without matching

(1) (2) (3)
CC (6m) CC (2y) CC (logit)

treat=1 × post=1 0.382∗∗∗ 0.423∗∗∗ 0.402∗∗∗

(4.69) (7.01) (6.21)
treat=1 × post=1 × CC=1 0.296∗∗ 0.250∗ 0.227∗

(2.31) (1.74) (1.90)
N 13733 17643 17643
R2 0.821 0.824 0.824
Firm FE Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes
Relative Year FE Yes Yes Yes

Notes: As a robustness check of the estimated impact of subsidies on log tangible assets of treated firms.
Columns present results from the triple interaction analysis using CC definitions CC6m, CC2y1 and CClogit,
respectively. In all the specifications, a firm, sector × calendar-year, and relative-year fixed effects (FE) are
included. Standard errors are always clustered at the firm level. * indicates significance at the 10% level, **
at the 5% level, and *** at the 1% level.

Table 11: Regression results on treated firms winning only once: log tangible assets

Log tangible assets
DD

Log tangible assets
DD if CC

Log tangible assets
DD if NC

Log tangible assets
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.429∗∗∗ 0.625∗∗∗ 0.342∗∗∗ 0.348∗∗∗

(7.63) (6.00) (5.15) (5.23)
treat=1 × post=1 × CC=1 0.268∗∗

(2.20)
N 15578 4869 10695 15578
R2 0.824 0.823 0.827 0.825
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Notes: As a robustness check of the estimated impact of subsidies on log tangible assets of treated firms.
Only those firms are included in the treatment group which won only once. Columns 1, 2 and 3 present
results from a DD analysis on all, CC, and NC firms respectively. Column 4 presents results from the triple
interaction analysis. In all the specifications, a firm, sector × calendar-year, and relative-year fixed effects
(FE) are included. Standard errors are always clustered at the firm level. * indicates significance at the
10% level, ** at the 5% level, and *** at the 1% level.
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7 Conclusion

Do non-repayable subsidies help credit constrained firms by more relative to the uncon-
strained ones? We show that while on average subsidies improve treated firms’ outcomes –
in line with the literature – the impact on constrained versus unconstrained firms is not
uniform. There is an incremental impact of subsidies on constrained firms’ asset growth
relative to that of unconstrained firms. However, there is no such impact on broader
measures of growth and efficiency. Moreover, there is only a transient improvement in the
financing situation of constrained firms that receive a subsidy.

Our analysis underscores the need to better understand why some SMEs are unable
to get the credit they seek – for example, whether this is due to a short credit history
combined with credit rationing by banks, or is it due to a poor credit history. The answer
is crucial for several reasons. For one, it can underpin whether there is a market failure
that governments want to solve. If so, should financial assistance be targeted towards CC
firms. Moreover, should such transfers be made directly by governments, or via banks who
may have a comparative advantage in assessing firms’ prospects. Answering these questions
can help policy makers design more efficient assistance programs. This is crucial especially
because governments across the world continue to spend huge resources to subsidize SMEs,
including during the Covid-19 crisis.

The paper also highlights that even if banks are unwilling to fund some SMEs for
valid concerns around their credit-risk profile, it is not obvious that subsidies should not
be targeted at such firms. The answer depends on the objective of the subsidy program.
For instance, if the goal is simply to channel funding to lagging SMEs to propel their
development and improve their well being – without the expectation that they would use
the funding more productively and contribute to a positive multiplier affect on aggregate
outcomes – then whether the recipient firm is CC or not may be less relevant. This may
apply in particular when CC firms’ outcomes following a subsidy are “no worse” as compared
to that of NC firms, as we show in the case of Hungary.

Appendices

A Year-wise count of applicants
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Table 12: Distribution of applicants, winners, and losers by year

Year Never won Won once or more Total applicants
2007 627 1932 2559
2008 889 1630 2519
2009 1096 3050 4146
2010 1277 2172 3449
2011 1031 3889 4920
2012 2378 6661 9039
2013 1380 2651 4031
2014 148 99 247
2015 17 60 77
Total 8843 22144 30987

B Number of applications and wins per firm

Table 13: Distribution of firms by number of applications, and by number of wins

Number of Number of firms with Number of firms with
applications/wins that many wins that many applications
0 8843 NA
1 16255 20274
2 3198 5661
3 1263 2252
4 646 1098
5 or more 782 1702
Total 30987 30987
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C Data waterfall

Table 14: Number of firms / observations at the various data creation steps

Stage Observations Firms
Universe of applicants: Total number of applying firms and
applications in the application database (recall that a firm can
apply multiple times)

64387 35488

Basic cleaning: Drop observations where the recipient is an
intermediary and not the final beneficiary, subsidy contract
terminated without a payment, applications with missing char-
acteristics, or both positive and negative decisions)

54405 30987

Restrict to applications between 2012 and 2015 (recall that this
step is needed as loan query data – which is key for the definition
of credit constrained status – are unavailable before 2012)

24442 14858

Keep first application of applicants that never win during our
sample period, and first successful application of applicants that
win at least once (this step results in a cross-sectional firm-level
dataset)

13306 13306

Obtain firm financial characteristics for 4 years before and after
the treatment year, for total of 9 years (not all firms may have
data for all years), delete very large (based on SME code) and
very small firms (less than 5 employees) and those operating
in select NACE sectors, and delete observations with suspected
erroneous firm data

25253 2873

Define the CC indicator and drop firms for which the CC indi-
cator is not defined

17901 2025
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D Subsidy requested amount

Figure 7: Distribution of subsidy requested to assets ratio for all applicants
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E Frequency of new loans

Figure 8: Average number of loans per year during the sample period
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F Matching

Given the kernel matching approach, weights assigned to control firms can be non-integers.
Table 15 gives an overview of the weights (rounded to 1) assigned to the controls. Not
all treated firms could be matched for three reasons. First is the imposing of a common
support (dropping treatment observations with propensity score higher than the maximum
or less than the minimum of that of the controls). Second is the imposing of a caliper (ie
maximum distance in terms of the score). Third is the lack of a propensity score due to
missing firm-level data.
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Table 15: Weights of the matched sample and change of the sample due to matching
Matching weight, rounded to integers Controls Treated Total

1 183 842 1 025
2 131 0 131
3 55 0 55
4 13 0 13
5 8 0 8
6 5 0 5
7 2 0 2
8 3 0 3
9 2 0 2
10 4 0 4
Not matched 224 579 803
Without estimated propensity score 17 25 42
Total 647 1 446 2 093

Table 16: Effectiveness of the matching

Explanatory variable Original sample Matched sample
Mean of
treated

Mean of
control

T-test of
diff

Mean of
treated

Mean of
control

T-test of
diff

Firm age (days) 4119.7 4063.9 0.51 4216.8 4147.8 0.64
Log of employee number 2.616 2.646 -0.71 2.575 2.599 -0.63
Log of real tangible assets 10.572 10.616 -0.51 10.606 10.586 0.23
Log of real value added 10.896 10.916 -0.36 10.873 10.841 0.59
Log of real sales revenue 12.37 12.447 -1.24 12.506 12.429 1.3
Log of real pre-tax profit 8.905 8.958 -0.71 8.916 8.884 0.44
Operational ROA 0.110 0.099 1.9* 0.103 0.103 -0.04
Log of real personnel cost 10.323 10.349 -0.48 10.281 10.251 0.6
Ratio of exports to sales revenue 0.083 0.107 -2.39** 0.088 0.079 0.96
Foreign ownership dummy 0.046 0.078 -3.1*** 0.046 0.033 1.43
Req. subsidy amount/total assets 0.230 0.468 -3.92*** 0.187 0.251 -3.76***

Yearly gr. rate of real tangible assets 0.103 0.139 -1.76* 0.111 0.080 1.53
Credit-constrained dummy 0.309 0.296 0.57 0.236 0.236 0

Note: Each observation pertains to the mean of the respective variable for the pre-treatment years (but
at most four years prior to the treatment). Variable definitions are detailed under table 2. For brevity,
categorical variables of the propensity score model (i.e. modes of two-digit NACE categories, modes of
region categories of the firm’s headquarters, modes of size categories, and treatment year dummies) are
omitted from the table. ***, ** and * represent significance at 99, 95 and 90%, respectively.
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G Time dummy regressions

In all regressions in this appendix, columns 1, 2 and 3 present results from a DD analysis
on all, CC, and NC firms respectively. Column 4 presents results from the triple interaction
analysis. In all the specifications, a firm, sector × calendar-year, and relative-year fixed
effects (FE) are included. Standard errors are always clustered at the firm level. * indicates
significance at the 10% level, ** at the 5% level, and *** at the 1% level.

Table 17: Coefficients from unmatched time dummy regressions for log tangible Assets

Log tangible assets
DD

Log tangible assets
DD if CC

Log tangible assets
DD if NC

Log tangible assets
DDD

(1) (2) (3) (4)
treat=1 × -4 -0.00919 -0.0911 0.0253 0.0155

(-0.16) (-0.84) (0.37) (0.23)
treat=1 × -3 0.0696 -0.0655 0.127∗∗ 0.125∗∗

(1.36) (-0.73) (2.07) (2.03)
treat=1 × -2 -0.0136 -0.0390 -0.00281 -0.00812

(-0.41) (-0.66) (-0.07) (-0.20)
treat=1 × 0 0.271∗∗∗ 0.434∗∗∗ 0.197∗∗∗ 0.201∗∗∗

(7.13) (6.12) (4.32) (4.43)
treat=1 × 1 0.522∗∗∗ 0.675∗∗∗ 0.456∗∗∗ 0.461∗∗∗

(10.28) (6.78) (7.68) (7.76)
treat=1 × 2 0.579∗∗∗ 0.724∗∗∗ 0.511∗∗∗ 0.518∗∗∗

(9.40) (6.03) (7.05) (7.23)
treat=1 × 3 0.547∗∗∗ 0.615∗∗∗ 0.509∗∗∗ 0.509∗∗∗

(8.19) (4.86) (6.43) (6.49)
treat=1 × 4 0.518∗∗∗ 0.501∗∗∗ 0.522∗∗∗ 0.515∗∗∗

(6.96) (3.45) (6.03) (6.00)
treat=1 × -4 × CC=1 -0.0787

(-0.62)
treat=1 × -3 × CC=1 -0.183∗

(-1.74)
treat=1 × -2 × CC=1 -0.0219

(-0.31)
treat=1 × 0 × CC=1 0.229∗∗∗

(2.77)
treat=1 × 1 × CC=1 0.200∗

(1.74)
treat=1 × 2 × CC=1 0.202

(1.45)
treat=1 × 3 × CC=1 0.124

(0.84)
treat=1 × 4 × CC=1 0.00653

(0.04)
N 17643 5396 12234 17643
R2 0.825 0.822 0.828 0.825
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
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Table 18: Coefficients from matched time dummy regressions for log tangible Assets

Log tangible assets
DD

Log tangible assets
DD if CC

Log tangible assets
DD if NC

Log tangible assets
DDD

(1) (2) (3) (4)
treat=1 × -4 -0.0338 -0.0462 -0.0288 -0.0329

(-0.40) (-0.29) (-0.30) (-0.34)
treat=1 × -3 0.0213 -0.0390 0.0378 0.0376

(0.28) (-0.31) (0.42) (0.41)
treat=1 × -2 -0.0171 -0.0610 -0.00718 -0.00810

(-0.31) (-0.87) (-0.11) (-0.12)
treat=1 × 0 0.274∗∗∗ 0.697∗∗∗ 0.141∗ 0.142∗

(3.69) (4.72) (1.71) (1.72)
treat=1 × 1 0.485∗∗∗ 0.804∗∗∗ 0.381∗∗∗ 0.382∗∗∗

(5.20) (5.81) (3.36) (3.37)
treat=1 × 2 0.542∗∗∗ 0.923∗∗∗ 0.418∗∗∗ 0.420∗∗∗

(4.83) (5.04) (3.12) (3.13)
treat=1 × 3 0.511∗∗∗ 0.751∗∗∗ 0.429∗∗∗ 0.432∗∗∗

(4.21) (4.66) (2.89) (2.92)
treat=1 × 4 0.549∗∗∗ 0.676∗∗∗ 0.508∗∗∗ 0.511∗∗∗

(4.25) (3.43) (3.23) (3.27)
treat=1 × -4 × CC=1 -0.00199

(-0.01)
treat=1 × -3 × CC=1 -0.0623

(-0.39)
treat=1 × -2 × CC=1 -0.0350

(-0.33)
treat=1 × 0 × CC=1 0.554∗∗∗

(3.29)
treat=1 × 1 × CC=1 0.432∗∗

(2.42)
treat=1 × 2 × CC=1 0.524∗∗

(2.33)
treat=1 × 3 × CC=1 0.339

(1.55)
treat=1 × 4 × CC=1 0.165

(0.67)
N 11269 2724 8540 11269
R2 0.814 0.807 0.821 0.816
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
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Table 19: Coefficients from unmatched time dummy regressions for log total loans

Log new loan am.
DD

Log new loan am.
DD if CC

Log new loan am.
DD if NC

Log new loan am.
DDD

(1) (2) (3) (4)
treat=1 × -4 0.143 0.292 -0.00195 0.0472

(0.28) (0.34) (-0.00) (0.09)
treat=1 × -3 -0.403 -0.647 -0.358 -0.283

(-0.85) (-0.78) (-0.70) (-0.55)
treat=1 × -2 -0.597 -0.820 -0.608 -0.572

(-1.37) (-0.99) (-1.29) (-1.22)
treat=1 × 0 1.275∗∗∗ 4.344∗∗∗ -0.221 0.0820

(2.83) (4.97) (-0.43) (0.16)
treat=1 × 1 1.502∗∗∗ 2.501∗∗ 1.005∗ 1.190∗∗

(3.03) (2.53) (1.89) (2.23)
treat=1 × 2 1.399∗∗∗ 1.173 1.295∗∗ 1.493∗∗∗

(2.75) (1.26) (2.29) (2.65)
treat=1 × 3 1.253∗∗ 0.966 1.242∗∗ 1.350∗∗

(2.44) (1.08) (2.13) (2.33)
treat=1 × 4 1.323∗∗ 0.560 1.432∗∗ 1.668∗∗∗

(2.52) (0.62) (2.40) (2.82)
treat=1 × -4 × CC=1 0.0315

(0.03)
treat=1 × -3 × CC=1 -0.655

(-0.68)
treat=1 × -2 × CC=1 -0.360

(-0.39)
treat=1 × 0 × CC=1 3.776∗∗∗

(3.71)
treat=1 × 1 × CC=1 0.835

(0.76)
treat=1 × 2 × CC=1 -0.507

(-0.48)
treat=1 × 3 × CC=1 -0.505

(-0.48)
treat=1 × 4 × CC=1 -1.332

(-1.26)
N 17905 5473 12418 17905
R2 0.400 0.341 0.377 0.424
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
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Table 20: Coefficients from matched time dummy regressions for log total loans

Log new loan am.
DD

Log new loan am.
DD if CC

Log new loan am.
DD if NC

Log new loan am.
DDD

(1) (2) (3) (4)
treat=1 × -4 0.399 2.346 -0.354 -0.333

(0.53) (1.45) (-0.47) (-0.44)
treat=1 × -3 -0.776 -0.658 -0.965 -0.935

(-1.14) (-0.53) (-1.31) (-1.26)
treat=1 × -2 -0.475 -0.944 -0.426 -0.408

(-0.72) (-0.75) (-0.60) (-0.57)
treat=1 × 0 1.463∗∗ 6.307∗∗∗ -0.146 -0.117

(2.20) (4.19) (-0.20) (-0.16)
treat=1 × 1 1.602∗∗ 1.970 1.341∗ 1.359∗

(2.31) (1.44) (1.76) (1.79)
treat=1 × 2 1.107∗ 0.757 1.079 1.100

(1.65) (0.64) (1.42) (1.44)
treat=1 × 3 0.747 1.950 0.218 0.244

(1.10) (1.23) (0.30) (0.33)
treat=1 × 4 1.317∗ 2.130 0.934 0.957

(1.84) (1.54) (1.14) (1.17)
treat=1 × -4 × CC=1 2.754

(1.53)
treat=1 × -3 × CC=1 0.475

(0.33)
treat=1 × -2 × CC=1 -0.409

(-0.28)
treat=1 × 0 × CC=1 6.443∗∗∗

(3.80)
treat=1 × 1 × CC=1 0.868

(0.56)
treat=1 × 2 × CC=1 -0.160

(-0.11)
treat=1 × 3 × CC=1 1.971

(1.14)
treat=1 × 4 × CC=1 1.360

(0.85)
N 11424 2761 8659 11424
R2 0.385 0.342 0.360 0.408
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
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H Impact on firms’ growth and efficiency

In all regressions in this appendix, columns 1, 2 and 3 present results from a DD analysis
on all, CC, and NC firms respectively. Column 4 presents results from the triple interaction
analysis. In all the specifications, a firm, sector × calendar-year, and relative-year fixed
effects (FE) are included. Standard errors are always clustered at the firm level. * indicates
significance at the 10% level, ** at the 5% level, and *** at the 1% level.

Table 21: Log employee number

Log employee number
DD

Log employee number
DD if CC

Log employee number
DD if NC

Log employee number
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.130∗∗∗ 0.157∗∗∗ 0.110∗∗∗ 0.110∗∗∗

(4.59) (3.22) (3.22) (3.24)
treat=1 × post=1 × CC=1 0.0654

(1.12)
N 17746 5420 12312 17746
R2 0.816 0.825 0.817 0.817
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Table 22: Log real sales revenue

Log sales revenue
DD

Log sales revenue
DD if CC

Log sales revenue
DD if NC

Log sales revenue
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.137∗∗∗ 0.189∗∗∗ 0.115∗∗ 0.120∗∗∗

(3.59) (2.77) (2.50) (2.63)
treat=1 × post=1 × CC=1 0.0595

(0.75)
N 17770 5428 12328 17770
R2 0.848 0.870 0.840 0.848
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes
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Table 23: Return on assets

Operational ROA
DD

Operational ROA
DD if CC

Operational ROA
DD if NC

Operational ROA
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.00625 0.0142 0.00397 0.00398

(0.94) (1.08) (0.53) (0.54)
treat=1 × post=1 × CC=1 0.00748

(0.51)
N 17618 5419 12186 17618
R2 0.353 0.396 0.342 0.353
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Table 24: Log labor productivity (log (sales / employees))

Log labor prod.
DD

Log labor prod.
DD if CC

Log labor prod.
DD if NC

Log labor prod.
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.00360 0.0287 -0.000177 0.00461

(0.13) (0.53) (-0.01) (0.15)
treat=1 × post=1 × CC=1 -0.00284

(-0.05)
N 17707 5405 12288 17707
R2 0.812 0.810 0.815 0.812
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Table 25: Log employee number in the matched sample

Log employee number
DD

Log employee number
DD if CC

Log employee number
DD if NC

Log employee number
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.164∗∗∗ 0.188∗∗∗ 0.154∗∗∗ 0.155∗∗∗

(4.75) (2.87) (3.90) (3.93)
treat=1 × post=1 × CC=1 0.0381

(0.49)
N 11324 2733 8585 11324
R2 0.805 0.782 0.815 0.806
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes
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Table 26: Log real sales revenue in the matched sample

Log sales revenue
DD

Log sales revenue
DD if CC

Log sales revenue
DD if NC

Log sales revenue
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.154∗∗ 0.294∗∗∗ 0.112 0.113

(2.20) (3.07) (1.32) (1.33)
treat=1 × post=1 × CC=1 0.177

(1.41)
N 11344 2734 8603 11344
R2 0.788 0.856 0.770 0.789
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Table 27: Return on assets in the matched sample

Operational ROA
DD

Operational ROA
DD if CC

Operational ROA
DD if NC

Operational ROA
DDD

(1) (2) (3) (4)
treat=1 × post=1 0.0180∗∗ 0.0277 0.0160∗ 0.0156

(2.13) (1.57) (1.66) (1.62)
treat=1 × post=1 × CC=1 0.0101

(0.50)
N 11247 2738 8504 11247
R2 0.344 0.396 0.340 0.344
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

Table 28: Log labor productivity (log (sales / employees)) in the matched sample

Log labor prod.
DD

Log labor prod.
DD if CC

Log labor prod.
DD if NC

Log labor prod.
DDD

(1) (2) (3) (4)
treat=1 × post=1 -0.00353 0.103 -0.0331 -0.0332

(-0.07) (1.36) (-0.58) (-0.59)
treat=1 × post=1 × CC=1 0.128

(1.35)
N 11304 2722 8575 11304
R2 0.785 0.816 0.778 0.786
Firm FE Yes Yes Yes Yes
Sector × Calendar Year FE Yes Yes Yes Yes
Relative Year FE Yes Yes Yes Yes

36



I The Central Credit Information System

Each bank and financial institution is required by law to enter their loans and loan-like
contracts towards corporations and sole proprietors into the Central Credit Information
System (CCIS). The aim is to have a central repository of data from which banks can query
the indebtedness and payment delinquencies of their potential clients. Information entered
into the CCIS is retained for a period of 5 years after the end of the contract.

The database, and, in particular, the way it is reported to the Central Bank of Hungary
has gone through a number of changes over the years. From 2010–2012, a snapshot of the
database has been provided containing various aspects of the loan contract, as well as the
identity of the borrower. From 2012–2015, the set of variables being reported was expanded
and the quality of the data improved significantly, but at the same time, the identity of
the borrower became anonymized. That is, it was possible to link their various contracts
within this database, but not to our other data sources. In 2015, there was a change in law
that allowed the central bank to discover the tax numbers of the borrowers in the database,
therefore allowing it to be joined to the NTCA tax reports and the subsidy data.
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Boldizsár, A., Kékesi, Z., Koroknai, P. and Sisak, B. [2016], ‘Review of Hungarian EU
transfers – at the border of two fiscal periods’, Financial and Economic Review 15(2), 59–
87.
URL: https://ideas.repec.org/a/mnb/finrev/v15y2016i2p59-87.html

Brown, J. D. and Earle, J. S. [2017], ‘Finance and growth at the firm level: evidence from
SBA loans’, The Journal of Finance 72(3), 1039–1080.

Cerqua, A. and Pellegrini, G. [2014], ‘Do subsidies to private capital boost firms’ growth? a
multiple regression discontinuity design approach’, Journal of Public Economics 109, 114–
126.

Chiappini, R., Demaria, S., Montmartin, B., Pommet, S. et al. [2020], Can direct innovation
subsidies relax smes’ credit constraints?, Technical report, Groupe de REcherche en Droit,
Economie, Gestion (GREDEG CNRS), Université . . . .
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Muraközy, B. and Telegdy, [2020], ‘The effects of EU-funded enterprise grants on firms
and workers’, IZA Working Paper (13410).

Paravisini, D., Rappoport, V., Schnabl, P. and Wolfenzon, D. [2015], ‘Dissecting the effect
of credit supply on trade: Evidence from matched credit-export data’, The Review of
Economic Studies 82(1), 333–359.

Rajan, R. and Zingales, L. [1996], ‘Financial dependence and growth’.

Rao, N. [2016], ‘Do tax credits stimulate R&D spending? the effect of the R&D tax credit
in its first decade’, Journal of Public Economics 140, 1–12.

Stein, P., Ardic, O. P. and Hommes, M. [2013], ‘Closing the credit gap for formal and
informal micro, small, and medium enterprises’, World Bank (IFC) .

Zia, B. H. [2008], ‘Export incentives, financial constraints, and the (mis)allocation of credit:
Micro-level evidence from subsidized export loans’, Journal of Financial Economics
87(2), 498–527.

40



 
 

All volumes are available on our website www.bis.org. 

Previous volumes in this series 

983 
November 2021 

Losing traction? The real effects of monetary 
policy when interest rates are low 

Rashad Ahmed, Claudio Borio, Piti 
Disyatat and Boris Hofmann 

982 
November 2021 

Navigating by r*: safe or hazardous? Claudio Borio 

981 
November 2021 

Back to the future: intellectual challenges for 
monetary policy 

Claudio Borio 

980 
November 2021 

What does machine learning say about the 
drivers of inflation? 

Emanuel Kohlscheen 

979 
November 2021 

Dampening the financial accelerator? Direct 
lenders and monetary policy 

Ryan Banerjee and Jose-Maria 
Serena 

978 
November 2021 

Financial crises and political radicalization: 
How failing banks paved Hitler’s path to 
power 

Sebastian Doerr, Stefan Gissler, 
José-Luis Peydró and Hans-Joachim 
Voth 

977 
November 2021 

Does gender diversity in the workplace 
mitigate climate change? 

Yener Altunbas, Leonardo 
Gambacorta, Alessio Reghezza and 
Giulio Velliscig 

976 
November 2021 

Central bank digital currencies: motives, 
economic implications and the research 
frontier 

Raphael Auer, Jon Frost, Leonardo 
Gambacorta, Cyril Monnet,  
Tara Rice and Hyun Song Shin 

975 
November 2021 

ETFs, illiquid assets, and fire sales John J Shim and Karamfil Todorov 

974 
November 2021 

The natural rate of interest through a hall of 
mirrors 

Phurichai Rungcharoenkitkul and 
Fabian Winkler 

973 
October 2021 

What does digital money mean for emerging 
market and developing economies? 

Erik Feyen, Jon Frost, Harish 
Natarajan and Tara Rice 

972 
October 2021 

Non-bank financial intermediaries and 
financial stability 

Sirio Aramonte, Andreas Schrimpf 
and Hyun Song Shin 

971 
October 2021 

Do term premiums matter? Transmission via 
exchange rate dynamics 

Mitsuru Katagiri and Koji Takahashi 

970 
October 2021 

Big techs in finance: on the new nexus 
between data privacy and competition 

Frederic Boissay, Torsten Ehlers, 
Leonardo Gambacorta and  
Hyun Song Shin 


	BIS Working Papers No 984
	Credit constrained firms and government subsidies: evidence from a European Union program
	1 Introduction
	2 EU subsidy program in Hungary
	3 Data
	3.1 Data preparation

	4 Identifying credit constrained firms 
	5 Empirical analysis
	5.1 Construction of treatment and control groups
	5.2 Empirical specification: Assessing the impact on assets
	5.3 Digging deeper: do subsidies help CC firms get credit?
	5.4 Impact on other growth and efficiency characteristics
	5.5 Matching

	6 Robustness
	6.1 Alternative CC identification
	6.2 Firms with one successful application

	7 Conclusion
	A year-wise count of applicants
	B Number of applications and wins per firm
	C Data waterfall
	D Subsidy requested amount
	E Frequency of new loans
	F Matching
	G Time dummy regressions
	H Impact on firms' growth and efficiency
	I The Central Credit Information System
	References

	Previous volumes in this series


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /SymbolMT
    /Wingdings-Regular
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /SymbolMT
    /Wingdings-Regular
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


