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contribution. Finally, we present a simple benchmark 
model to show that these patterns arise naturally 
under realistic correlation structures.
 
Plain English Summary Firms that increase their 
sales quickly are responsible for a large part of indus-
try-level productivity growth, but only during their 
high-growth phase. In contrast, firms that increase their 
employment quickly often experience falling productiv-
ity. This paper quantifies the contribution of high-growth 
firms (HGFs) to industry-level productivity growth, 
using Hungarian data. We find that i) the contribution 
depends strongly on the way growth is measured: firms 
growing in terms of revenue tend to contribute more 
than firms growing in terms of employment, ii) HGFs 
contribute to productivity growth mainly through their 
high-growth period, but not afterwards, iii) these contri-
butions are not strongly associated with industry charac-
teristics, though they tend to be larger in industries with 
more young firms. Our results are relevant for policy-
makers who are interested in the productivity effects of 
HGFs not only job creation, and suggest that expected 
productivity effects i) depend on the type of high 
growth, ii) are concentrated to the high-growth period, 
and iii) might not be enhanced by industry targeting.

Keywords High-growth firms · Productivity 
growth · Reallocation · Industry dynamic · 
Productivity decomposition

JEL classification: L25 · O40

Abstract This paper investigates the contribu-
tion of high-growth firms (HGFs) to aggregate pro-
ductivity growth, using Hungarian firm-level data. 
Three stylized facts emerge. First, output-based HGFs 
substantially outperform employment-based ones 
in terms of their productivity contribution: on aver-
age, sales-based HGFs contribute 5 times as much as 
employment-based ones. Further, the contribution of 
employment-based HGFs is negative in 48-50% of 
industry-years, compared to 25-31% for sales-based 
HGFs. Second, HGFs tend to contribute to produc-
tivity growth only during their high-growth phase 
but not afterwards. Third, HGFs’ contribution to pro-
ductivity growth is higher in industries with more 
effective reallocation and with more young firms, 
but none of these are strong predictors of the HGFs’ 
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1 Introduction

The benefits, costs, and rationale of policies promot-
ing high-growth firms (HGFs) have been strongly 
debated (see e.g., (Acs et  al., 2009; Bos and Stam, 
2014; Autio and Rannikko, 2016; Brown et  al., 
2017; Grover  Goswami et  al., 2019)). This debate 
has emphasized that the main benefit of having high-
growth firms is their ability to create jobs (e.g., (Hen-
rekson and Johansson, 2010)). At the same time, 
additional effects of having more HGFs, including 
their productivity effects, are less clear, even though 
productivity growth, if not the sole aim of a policy, 
is likely to be at least one of the policymakers’ objec-
tives, and as such, should appear in well-designed 
cost-benefit analyses of entrepreneurship policies. 
As Brown et  al. (2017) put it: “This myopic focus 
on HGF growth rates has also largely overlooked 
crucially important aspects of firm growth, notably 
firm profitability and sustainability and wider pro-
ductivity.” While some influential papers mention 
increased productivity growth as an established effect 
of HGFs,1 others are very skeptical.2

This paper sheds light on these wider productiv-
ity effects by quantifying the contributions of HGFs to 
industry-level TFP and labor productivity growth based 
on detailed microdata from Hungary. The concept of 
productivity contribution we use, which follows Fos-
ter et al. (2008), captures both within-firm productivity 
growth and Schumpeterian reallocation effect, and, as 
a result, it is closer to the “wider productivity effects” 
than focusing only on the productivity growth of high-
growth firms. While a number of studies have investi-
gated either the productivity growth of HGFs or their 
initial productivity level, the main novelty of our paper 

is using a concept which captures both these channels 
with a focus on key questions from the HGF litera-
ture.34 Importantly, it is not automatic that correlations 
between firm size and productivity growth will general-
ize to this level: as we show, the industry-level contribu-
tion combines a number of correlations, and the within 
and reallocation effects often have opposite signs. Stud-
ying which firm-level results persist at this aggregation 
level is an important contribution of our paper.

Besides deciding on whether to implement HGF 
promotion, policymakers also have a choice between 
promoting firms growing along different dimensions. 
We analyze the contribution of HGFs defined in dif-
ferent ways to identify any potential trade-off between 
productivity and employment contribution.5 Indeed 
a large literature has demonstrated that different defi-
nitions capture different sets of firms with different 
average characteristics (Delmar, 2006; Shepherd and 
Wiklund, 2009). Our results contribute to this debate by 
demonstrating the presence of a trade-off between our 
measure of “wider productivity effects” and job crea-
tion. Furthermore, we show that definitions differ in the 
relative importance of the within-firm and Schumpet-
erian contribution. These results are mainly driven by 
the negative or weak relationship between employment 
growth and productivity growth during the high-growth 
period, also documented by Coad and Broekel (2012) 
and Guillamón et al. (2017). In particular we find, the 
contribution during the high-growth phase depends on 
the definition used, varies widely across industries and 
years and it is often negative. Negative contribution 
mainly comes from negative productivity growth dur-
ing the high-growth phase, which is more frequent in 

1 As, for example Decker et  al. (2016) writes, “the evidence 
shows that these high-growth young firms were relatively 
more innovative and productive, so their rapid growth con-
tributed positively to productivity growth as more resources 
were shifted to these growing firms” or, as Brown and Mawson 
(2016) write “this work has overwhelmingly found HGFs to be 
a critically important Schumpeterian stimulus which drives up 
competition, increases firm entry and exits, generate exports, 
increases productivity and enhances overall economic competi-
tiveness”.
2 Grover  Goswami et  al. (2019) write that “The evidence in 
this book shows that policies that seek out potential HGFs 
based on outward characteristics or target some desired share 
of HGFs are likely to be misguided. This is because the link 
between productivity and high growth is often weak”.

3 Closest to our work, Daunfeldt et  al. (2014) calculates the 
contribution from the within term, but not from the between 
term. Haltiwanger et al. (2016) uses a similar methodology to 
us, but does not consider the timing, definition and industry 
characteristics we focus on in this paper.
4 Even though, admittedly, our approach captures only the 
direct contribution of HGFs and not the externalities generated 
by them (see (de Nicola et al. , 2019; Du and Vanino , 2020), 
for such results).
5 This idea is a key motivation for other studies on the hetero-
geneity of the definition. For example, Daunfeldt et al. (2014) 
write that “one question of importance is whether policymak-
ers should target firms that experience high growth in terms of 
employment, sales, value added or productivity. There may for 
example be large societal costs to targeting HGFs in terms of 
employment by economic policy if the policy at the same time 
disfavors HGFs in terms of productivity”.
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the case of employment-based HGFs. As a result, the 
average contribution of sales-based HGFs is substan-
tially higher than that of employment-based HGFs for 
the high-growth period of three years

HGF policies are also often motivated by longer-
term effects of high-growth firms, therefore, it is cru-
cial to understand the longer-term effects of HGFs. A 
number of results confirm that HGF status itself is not 
persistent (Coad, 2007; Daunfeldt et  al., 2015; Hölzl, 
2014; Erhardt, 2021), which “seriously challenges the 
notion that policymakers can target high-growth firms 
in order to promote future firm growth” (Daunfeldt 
et al., 2014). Still, it is theoretically possible that large 
size growth is preceded or followed by longer-term pro-
ductivity growth if growth was enabled by innovation 
or if size growth is followed by organizational inno-
vations (Greiner, 1989).6 We follow cohorts of high 
growth firms to identify their contribution in the long 
run and show that HGFs mainly contribute positively to 
productivity growth during their high growth period.

Our third line of investigation focuses on the role 
of industry features in HGF productivity contribu-
tion. We find that specific characteristics of industry 
dynamics, captured by two key moments, substan-
tially influence the contribution of HGFs to industry-
level productivity growth. Stronger reallocation and 
a stronger correlation between productivity and size 
growth imply higher reallocation. Policies promoting 
industry dynamics in these respects may increase the 
benefits of entrepreneurship policy. These correla-
tions, however, change quickly and may not be suit-
able for targeting. We show that more fundamental 
industry features—concentration, productivity dis-
persion, the share of young firms, and the technology 
level of the sector—cannot strongly predict the HGF 
contribution. We only find evidence for a positive 
relationship between the share of young firms and 
HGF contribution. These results are in line both with 
the low predictability of HGFs (see e.g., (Coad, 2007; 
Coad et  al., 2014; Coad and Srhoj, 2019)) and the 
role of young firms in the HGF phenomenon (Nav-
aretti et al., 2014; Coad et al., 2016; Coad, 2018).

This article contributes to four strands of the litera-
ture. First, the literature has documented a complex 
relationship between high growth and productivity at 

the firm level (Acs et al., 2009; Bianchini et al., 2017; 
Moschella et al., 2019; Arrighetti and Lasagni, 2013; 
Du and Temouri, 2015; Daunfeldt et  al., 2014). As 
Grover  Goswami et  al. (2019) concludes, in general, 
there seems to be no strong connection between pro-
ductivity and high-growth status. Our results reinforce 
the conclusion that high growth and productivity are 
interlinked in complex ways and sheds more light on 
this relationship by systematically reviewing how dif-
ferent HGF definitions are related to initial productivity 
level and productivity growth during the HGF phase.

Second, a large literature has documented how 
HGF definition matters (Delmar, 2006; Shepherd and 
Wiklund, 2009), as well as suggesting novel definitions 
(Acs et al., 2009; Moschella et al., 2019; Daunfeldt et al., 
2014). In the current paper, we also emphasize the differ-
ences between the various HGF measures in the context 
of their contribution to aggregate productivity growth.

Third, while many papers have shown that HGFs 
create a large share of new jobs (see the meta-analysis 
of (Henrekson and Johansson, 2010)), there are only 
a few papers investigating the contribution of HGFs 
to aggregate productivity growth. Daunfeldt et  al. 
(2014) shows that the within contribution of HGFs 
to aggregate economic growth, employment growth, 
sales growth, and productivity growth varies across 
the different HGF measures and can be even negative 
in some cases. Considering a 7-year period they find 
that the total productivity growth of employment-
based HGFs is negative, while that of sales-based 
HGFs is positive but relatively low, about 7-8% of the 
aggregate productivity growth. In the current paper, 
we go deeper, and by extending the Foster et  al. 
(2008) framework we also consider the reallocation 
contribution and show that it is a substantial part of 
HGFs’ contribution. Additionally, we also consider 
cross-industry heterogeneity in HGFs contribution 
to aggregate productivity and investigate the industry 
characteristics which influence the magnitude of this 
contribution. The paper of Haltiwanger et  al. (2016) 
is the closest to ours, as beyond looking at HGFs con-
tribution to employment and real output growth they 
decompose the contribution of HGFs to industry-level 
productivity growth, focusing on the role of realloca-
tion. They find that both HGFs and rapidly declining 
firms have a considerable contribution to aggregate 
productivity growth through reallocation. In addition 
to these results, we also look at the factors leading to 
cross-industry differences in the between and within 

6 For example Du and Temouri (2015) shows that sales-based 
HGFs tend to have a higher productivity growth after their 
high-growth period.
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terms of HGFs’ contribution to industry-level produc-
tivity. Moreover, we explicitly focus on differences 
by HGF definition comparing OECD- and Birch-type 
measures as well. Lastly, we also provide a simple 
model to show that the observed differences can be 
explained by a few moments of industry dynamics.

Finally, we contribute to the literature on reallocation 
(Foster et al., 2008; Hsieh and Klenow, 2009; Bartels-
man et al., 2013; Restuccia and Rogerson, 2017; Baqaee 
and Farhi, 2020). Some papers already looked at how 
specific firm groups, like foreign-owned (Balsvik and 
Haller, 2006; Harris and Moffat, 2013) or exporters 
(Gleeson and Ruane, 2009; Fuss and Theodorakopoulos, 
2018) contribute to aggregate productivity via within-
firm growth and reallocation. We focus on the role of 
HGFs in aggregate reallocation and link that contribu-
tion to parameters characterizing the overall strength of 
reallocation, which has already been found important 
for aggregate productivity growth via different channels 
(e.g., (Andrews et al., 2015; Andrews et al., 2016)).

In what follows we first introduce our data and the 
decomposition methodology in Section  2. Section  3 
introduces the different HGF definitions we use and 
presents descriptive statistics to show the differences 
between them. Section  4 presents our findings on the 
contribution of HGFs to aggregate productivity growth 
and the impact of industry characteristics. Section  5 
presents a simple model, and Section 6 concludes.

2  Data and methods

2.1  Hungarian firm-level data

Our main source of information is the database of the 
firm-level corporate income tax statements during the 
period 2001-2016 from the Hungarian National Tax 
Authority (NAV). The dataset has almost universal 
coverage as it includes all firms using double-entry 
bookkeeping. The sample covers more than 95% of 
employment and value added of the business sec-
tor and about 55% of the full economy in terms of 
GDP. The dataset includes the most important bal-
ance sheet items and information on a wide range of 
matters such as ownership, employment, industry at 
the NACE 2-digit code level, and the location of the 
headquarters. The Centre for Economic and Regional 
Studies (KRTK) has extensively cleaned and harmo-
nized the data (see Appendix  1). Nominal variables 

are deflated by the appropriate 2-digit industry-level 
deflators from OECD STAN.7

Given the scope of our analysis, we restrict the data 
in several ways. First, we exclude non-profit organi-
zations. Second, we drop firms that operate either in 
agriculture or in the non-market service sectors of 
the economy. Third, we drop all firms that never had 
more than 10 employees, because standard HGF defi-
nitions require firms to have at least 10 employees.

When quantifying productivity, we mainly rely on 
TFP, estimated with the method proposed by Ack-
erberg et  al. (2015). We present robustness checks 
by using labor productivity, calculated as log value 
added per employee. Given our focus on productivity, 
we drop firm-year observations where TFP (and labor 
productivity) is missing because the firm did not 
report material cost, or its employees or capital stock 
was reported to be zero. We use the same productiv-
ity measures as in Muraközy et  al. (2018), and we 
describe the procedure in more detail in Appendix 2.

The number of observations is reported in Table 1. 
Column (1) shows the number of firms in our main 
sample, falling between 26,000-33,600 per year, and 
including firms that ever had at least 10 employees 
in our sample period, i.e., which have the (theoretic) 
potential to be defined as a HGF.8 Column (2) shows 
that around 60-70% of these firms have at least 10 
employees in the specific year. According to Column 
(3), 75-85% of the firms in Column (2) is observed 
3 years prior to the focal year, showing that 15-25% 
of the firms in our sample has entered the sample in 
the preceding 3 years.9 Similarly, Columns (4) and (5) 
include the number of firms that can be still observed 
3 and 6 years after the focal year, respectively, 
showing that 60-66% of the firms having at least 10 
employees in the specific year are observable even 6 
years later.

7 The same data and definitions have been used in previous 
papers on Hungarian HGFs, including the cross country study 
coordinated by the World Bank (Grover Goswami et al. , 2019) 
and de Nicola et al. (2019).
8 We include all the observations of these firms in our sample 
because we would like to follow HGFs even if their number 
of employees falls below the threshold, rather than categorize 
them spuriously as entering or exiting firms in such cases.
9 As we discussed, we also drop observations from the sample 
for which productivity cannot be measured. Therefore, the time 
of entry to the sample can differ from the firm’s actual entry, 
e.g., if the firm operates with zero employees for an extended 
period.
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Table  2 provides some basic descriptive statistics 
by year from our main sample. The average number 
of employees is between 40-45, suggesting that the 
overwhelming majority of the firms in the sample are 
SMEs. 13-17% of the firms are foreign-owned and 
30-40% of them export. In line with the lower entry 
rate after 2000 compared to the 1990s, which was the 
decade after the transition, the share of young firms 
(at most 5 years old) decreases gradually over time, 
from 42% in 2000 to only 11% in 2016. The share of 
OECD employment HGFs is around 3-6%, with low 
values around the Great Recession in 2008/2009. The 
share of OECD sales HGFs is about twice as large as 
that of employment HGFs, also having lower values 
around the Great Recession. Table 7 in the Appendix 
shows similar statistics by 2-digit industry.

2.2  Decomposition

Our decomposition is based on Foster et  al. (2008), 
who split aggregate productivity growth into within, 
between, cross and net entry terms.

The original decomposition starts with the change 
between t0 and t (in our empirical exercise t = t0 + 3 ) 
in aggregate productivity ( ΔPRODt):

where �i,t is the employment share of firm i in year 
t, prodi,t and PRODt are productivity measures at 
the firm and aggregate level, respectively. Δ always 
denotes the change between t0 and t. C stands for con-
tinuing firms, N for new entrants and X for exiting 
firms.

The within term captures the sum of firm-level 
productivity changes for continuing firms, weighted 
by their initial employment share. This term is 
large if firms, especially large ones, increased their 

ΔPRODt =

∑

i∈C

�i,t0Δprodi,t

⏟⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏟
within

+

∑

i∈C

(prodi,t0 − PRODt0
)Δ�i,t

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
between

+

∑

i∈C

Δprodi,tΔ�i,t

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟
cross

+

∑

i∈N

�i,t(prodi,t − PRODt0
) −

∑

i∈X

�i,t0 (prodi,t0 − PRODt0
)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
net entry

Table 1  Number of firms 
by year

This table shows the number of firms in different years. Column (1) includes the number of firms 
in our main sample, i.e., firms that had at least 10 employees any time in our sample period and 
which are present in year t. Column (2) shows how many of these firms had at least 10 employees 
in year t. Columns (3)-(5) include the subset of these firms that could also be observed in t − 3 , 
t + 3 and t + 6 , respectively

Year (1) (2) (3) (4) (5)
Firms which have more than 10 employees in year t,

Year Firms observed in t observed in t-3 observed in t+3 observed in t+6

2001 26,599 18,175 - 14,326 12,118
2002 28,402 18,906 - 14,836 12,043
2003 29,708 19,632 14,779 15,467 12,113
2004 31,838 20,437 15,185 16,304 12,826
2005 32,433 20,846 15,893 15,897 13,154
2006 33,134 21,364 16,584 15,916 13,118
2007 33,603 21,690 17,578 16,429 13,556
2008 33,506 21,850 17,128 17,093 14,344
2009 32,323 19,880 16,121 15,400 13,664
2010 32,585 20,324 16,496 15,943 13,498
2011 32,483 20,358 17,014 16,231 -
2012 31,381 19,672 16,120 16,391 -
2013 31,727 19,994 16,489 16,096 -
2014 31,990 21,099 17,228 - -
2015 31,647 22,086 17,993 - -
2016 29,421 21,603 18,107 - -
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productivity quickly. The between term captures the 
main channel of reallocation by quantifying the extent 
to which initially more productive firms grew faster 
in terms of employment. The cross term captures 
whether firms increasing their employment share 
were also able to improve their productivity. The net 
entry term is positive if new entrants were more pro-
ductive relative to exiting firms.

Importantly, the reallocation is additive, and all 
these terms are sums of firm-level moments. There-
fore, we can further distinguish between the contribu-
tion of HGFs and other continuing firms (similarly 
to (Haltiwanger et  al., 2016)).10 The decomposition 
becomes:

The total contribution of HGFs will be 
the sum of the three HGF terms, i.e., 
∑

i∈HGF �i,t0Δprodi,t +
∑

i∈HGF(prodi,t0 − PRODt0
)Δ�i,t +

∑

i∈HGF Δprodi,tΔ�i,t
.

The terms in this formula suggest that HGF contri-
bution is likely to be large in two cases. First, if high-
growth firms increase their productivity during their 
high-growth phase, both the within and cross terms 
tend to be positive. The HGF within term captures 
whether HGFs increase their productivity. In the HGF 
cross term Δ�i,t is positive by definition for all HGFs, 
hence the sign of the cross term is primarily deter-
mined by the sign of productivity changes. Therefore, 

ΔPRODt =

∑

i∈HGF

�i,t0Δprodi,t +
∑

i∈otherC

�i,t0Δprodi,t

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
within

+

∑

i∈HGF

(prodi,t0 − PRODt0
)Δ�i,t +

∑

i∈otherC

(prodi,t0 − PRODt0
)Δ�i,t

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
between

+

∑

i∈HGF

Δprodi,tΔ�i,t +
∑

i∈otherC

Δprodi,tΔ�i,t

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
cross

+

∑

i∈N

�i,t(prodi,t − PRODt0
) −

∑

i∈X

�i,t0 (prodi,t0 − PRODt0
)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
net entry

Table 2  Descriptives by 
year

This table shows the key descriptive statistics in our main sample. Column (1) shows the average 
number of employees, column (2) the share of foreign-owned firms, column (3) the share of 
exporters, column (4) the share of young firms (at most 5 years old), while columns (5) and (6) 
show the share of employment- and sales-based HGFs (OECD definition), respectively

(1) (2) (3) (4) (5) (6)
year av. emp sh. foreign sh. exporter sh. young sh. OECD sh. OECD

(emp) (sales)

2001 48.3 16.3% 32.4% 36.0% 5.3% 10.8%
2002 45.2 15.5% 31.4% 31.5% 5.3% 9.1%
2003 44.0 14.9% 30.4% 28.9% 6.0% 10.3%
2004 41.6 14.0% 29.8% 27.3% 5.7% 9.8%
2005 40.7 13.7% 30.4% 25.0% 5.6% 9.2%
2006 40.6 13.6% 30.6% 23.6% 3.9% 5.5%
2007 40.5 13.8% 32.5% 22.3% 3.3% 5.3%
2008 40.5 14.0% 33.1% 21.6% 3.2% 5.4%
2009 39.0 14.0% 33.6% 20.6% 4.2% 8.1%
2010 39.2 14.0% 35.0% 20.0% 4.2% 8.1%
2011 40.0 14.1% 36.2% 19.8% 4.4% 9.0%
2012 40.5 14.1% 37.1% 19.3% 4.5% 10.9%
2013 40.5 13.8% 37.9% 18.2% 4.9% 11.3%
2014 41.4 13.9% 38.0% 16.6%
2015 43.4 13.5% 38.7% 14.1%
2016 45.6 13.1% 40.0% 11.1%

10 In the decomposition we consider firms as HGFs if they are 
a HGF between t0 and t0 + 3 , i.e., they grow fast in the three 
years following t0 independently of what happens with them 
after t0 + 3 , i.e., grow fast, slow or exit. Note that, as the defini-
tion of HGFs requires these firms to be present before the HGF 
phase and by definition HGFs should still operate in t, there is 
no entry and exit of HGFs between t0 and t.
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both terms are mainly driven by productivity growth 
during the high-growth phase, but the within term 
weights firm-level productivity changes with their ini-
tial size while the cross term weights them by their 
size growth. The second way HGFs can contribute 
positively is via reallocation. If high-growth firms are 
more productive initially, reallocation of resources to 
them will improve aggregate productivity. This chan-
nel is captured by the between term.

In our main exercise, we decompose productiv-
ity growth for 3-year periods starting in each year 
between 2001 and 2016 for each 2-digit industry.11 
Productivity decomposition is usually less noisy in 
such ‘medium-term’ periods, which may better reflect 
the timeline of economic processes like reallocation. 
3-year periods also correspond to the time span of 
the standard OECD HGF definition. We present these 
decompositions separately for different cohorts of 
HGFs. We define the cohort of year t as the group of 
firms that were in their high-growth phase between t 
and t + 3.12

3  Definitions

This section introduces the different HGF definitions 
we use and presents a few patterns. This helps us (i) 
to understand how the different types of HGFs con-
tribute to aggregate productivity growth and (ii) to 

investigate the relevant differences between the firms 
captured by the different definitions. To present the 
patterns in a transparent way, the figures and tables 
in this section mainly focus on firms that were HGFs 
between 2013 and 2016 (the 2013 cohort), which 
is our last cohort. The patterns are similar for other 
cohorts with few exceptions which we always note.

3.1  HGF definitions

The literature provides multiple definitions for HGFs 
(OECD, 2010), differing across two key dimensions. 
First, any type of size change can be measured in 
absolute or relative terms. One class of definitions 
relies solely on relative growth, while definitions in a 
second class use a combination of relative and abso-
lute growth. For simplicity, we refer to the former as 
the OECD (based on (OECD, 2010)), and the latter 
as the Birch (Birch, 1981) method. Second, firms’ 
performance can be assessed based on employment 
(more generally, input) or sales (output) dynamics.

Table  3 presents the typical definitions used in 
the literature. Within the relative definitions, one can 
distinguish between employment- (input) and sales- 
(output) based OECD definitions. The OECD defini-
tion requires a firm to grow by 20% on average per 
annum for three years. The Birch definition captures 
firms that are in the top 5 percentile based on an aver-
age of absolute and relative growth. Again, we will 
distinguish between labor and sales growth-based 
definitions. To make the results comparable, we will 
use the 3-year time frame in all cases.

Appendix 3 compares HGFs defined in differ-
ent ways in several dimensions and documents many 
results which are consistent with the literature. Dif-
ferent definitions cover a partly overlapping but dif-
ferent set of firms, with significant differences in ini-
tial size and growth along the different dimensions ( 

Table 3  HGF definitions

Input-based Output-based

Relative (OECD) definition Average annualized employment growth greater 
than 20% per annum, over a three-year period

Average annualized turnover or sales growth 
greater than 20% per annum, over a three-year 
period

Absolute + Relative (Birch) 
definition

Top 5 percentiles of the three-year average 
growth distribution, where growth in each 
period is measured by: (empt − empt−3)

empt

empt−3

Top 5 percentiles of the three-year average growth 
distribution, where growth in each period is 
measured by (salest − salest−3)

salest

salest−3

11 Consequently, these periods are overlapping: 2001-2004, 
2002-2005 etc., resulting in 13 such periods, 2013 being the 
last year when we can observe 3 years of subsequent growth.
12 For example, if a firm was growing fast (i.e., its employ-
ment increased yearly by more than 20% on average) between 
2001-2004 and 2002-2005, but not afterward, it will be consid-
ered as a HGF in the 3-year periods between 2001–2004 and 
2002–2005, but not in 2003-2006 or in any of the subsequent 
three-year periods.
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e.g., (Delmar et  al., 2003; Delmar, 2006; Shepherd 
and Wiklund, 2009; Acs et  al., 2009; Arrighetti and 
Lasagni, 2013; Coad et  al., 2014; Daunfeldt et  al., 
2014; Moreno and Coad, 2015; Du and Bonner, 2017; 
Grover Goswami et al., 2019)). Also consistent with 
earlier results, we find that HGF status is often a tran-
sitory phase in the firm’s history, even though there 
is some persistence. (see (Delmar et al., 2003; Coad, 
2007; Acs et al., 2009; Daunfeldt et al., 2015; Lopez-
Garcia and Puente, 2012; Hölzl, 2014; Daunfeldt and 
Halvarsson, 2015; Coad and Srhoj, 2019)). Finally, 
we find that firms are less likely to exit following a 
HGF phase compared to other firms (e.g., (Acs et al., 
2009; Choi et al., 2017; Mohr et al., 2014)), suggest-
ing that exits following the HGF phase are unlikely to 
affect our results about longer-term dynamics.

3.2  Size growth and productivity growth at the firm 
level

Table  4 provides an initial view of size and TFP 
of differently defined HGFs at the firm level, and 
Table 8 repeats the same exercise with labor produc-
tivity. The tables show HGF performance four years 
before ( t − 7 ), one year before ( t − 1 ), four years after 
( t + 4 ), and seven years after ( t + 7 ) the beginning of 
the high-growth phase. The premia are expressed as 
the (unweighted) average number of employees and 
total factor productivity level of HGFs relative to that 
of the average firm (scaled to be 100%).13

Starting with the relative/absolute dichotomy, we 
find that the two OECD definitions identify firms that 
are initially ( t − 1 ) considerably smaller than the aver-
age firm. On average, these HGFs employ 25-27% 
fewer employees before their high-growth phase 
than the average firm, and 55-156% more right after 
that (in t + 4 ). In contrast, using the Birch definition, 
HGFs are 122-160 percent larger than the average 
firm even before the high-growth phase, increasing 

their premium to 372-472 percent right after the high-
growth phase.

Irrespective of the definition used, HGFs create 
a substantial number of jobs. As expected, average 
employment growth during the HGF period is some-
what higher under the employment-based than under 
the sales-based definition. Using employment-based 
definitions, relative to the average firm, the average 
HGF’s employment grows from t − 1 to t + 4 by 184 
percentage points based on the OECD definition, and 
by 350 percentage points based on the Birch defini-
tion. Using sales-based definitions yields smaller 
results, but the magnitudes are still noteworthy: 80 
and 212 percentage points according to the OECD 
and the Birch definition, respectively. The large 
growth of initially larger Birch HGFs hints at a larger 
potential contribution of these firms.

Regarding productivity, apart from the OECD 
sales definition, HGFs are initially (i.e., in t − 1 ) 
21-35% more productive than the average firm.14 This 
suggests a potentially positive reallocation effect for 
these three groups of HGFs.

Importantly, during the high-growth phase 
(approximated by the change between t − 1 and t + 4 ), 
sales-based HGFs experience a productivity increase 
(by 13-18 pp), while the productivity of input-based 
HGFs falls (by 20-23 pp). This suggests that the 
within contribution of output-based HGFs is likely to 
be positive, while that of input-based HGFs may be 
negative.

A key message of this table is that there seems to 
be some trade-off between job creation and produc-
tivity growth, but this is not very strong: employ-
ment-based HGFs create more jobs while sales-based 
HGFs increase their productivity more. However, the 
difference between the two groups in terms of produc-
tivity growth is much more characteristic than their 
difference in job creation. Sales-based HGFs increase 
their productivity substantially and create many jobs 
at the same time, while employment-based HGFs face 
declining productivity.

Table  4 also allows us to follow the firms before 
and after their high-growth phase. Compared to the 
developments during the high-growth period, the 

13 For brevity, here we only provide these statistics for 
selected years, rather than for all of them. For example, the row 
2000 represents firms that grew fast between 2000 and 2003. 
We focus on t − 1 and t + 4 rather than t and t + 3 to clean the 
results from potential regression to the mean bias. The results 
are very similar when considering t and t + 3 . Note that the 
table includes employment and TFP levels, rather than growth 
rates.

14 This is in line with Moschella et  al. (2019), who find for 
Chinese firms that firms with higher productivity are more 
likely to become HGFs.
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Table 4  Employment and 
TFP before and after the 
high-growth phase by HGF 
definition

This table shows HGF performance one year before (t-1) and four years after (t+4) the beginning 
of the high-growth phase, as well as an additional 3 years before (t-4) and after that (t+7). 
The premia are expressed as the (unweighted) average number of employees and total factor 
productivity of HGFs relative to that of the average firm (scaled to be 100%)

Panel A: OECD3 (emp)

employment TFP

year t-4 t-1 t+4 t+7 t-4 t-1 t+4 t+7

2000 68.2% 238.1% 256.7% 116.4% 96.7% 96.7%
2003 74.1% 77.3% 260.2% 251.5% 123.6% 123.6% 97.4% 106.1%
2006 67.0% 72.4% 268.2% 235.0% 99.2% 118.6% 103.3% 102.0%
2009 64.7% 76.5% 258.8% 112.8% 125.0% 101.1%
2011 66.9% 69.3% 128.9% 131.7%
average 68.1% 72.7% 256.3% 247.8% 116.1% 123.0% 99.6% 101.6%
Panel B: OECD3 (sales)

employment TFP
year t-4 t-1 t+4 t+7 t-4 t-1 t+4 t+7
2000 74.7% 152.0% 161.6% 91.7% 114.5% 109.3%
2003 73.7% 75.1% 156.5% 158.1% 95.5% 101.6% 113.2% 120.7%
2006 67.7% 73.6% 161.9% 167.9% 89.5% 96.8% 114.7% 107.0%
2009 69.3% 76.5% 148.7% 91.5% 98.4% 120.1%
2011 69.3% 73.4% 103.2% 100.8%
average 70.0% 74.7% 154.8% 162.6% 94.9% 97.8% 115.6% 112.3%
Panel C: Birch3 (emp)

employment TFP
year t-4 t-1 t+4 t+7 t-4 t-1 t+4 t+7
2000 194.1% 559.9% 617.6% 113.6% 97.5% 94.5%
2003 221.2% 212.7% 609.7% 619.4% 117.2% 129.7% 96.8% 106.3%
2006 185.2% 189.7% 525.9% 505.6% 111.7% 121.1% 106.9% 105.4%
2009 233.5% 246.9% 592.9% 112.4% 116.5% 104.1%
2011 303.9% 268.6% 110.2% 123.0%
average 235.9% 222.4% 572.1% 580.9% 112.9% 120.8% 101.3% 102.1%
Panel D: Birch3 (sales)

employment TFP
year t-4 t-1 t+4 t+7 t-4 t-1 t+4 t+7
2000 242.4% 488.3% 575.4% 135.6% 157.0% 133.7%
2003 236.9% 233.4% 499.6% 540.7% 134.6% 142.7% 139.6% 141.4%
2006 169.3% 188.8% 396.1% 450.9% 119.7% 131.7% 139.9% 131.8%
2009 271.2% 293.0% 502.2% 135.8% 124.3% 153.6%
2011 400.4% 342.7% 129.5% 140.1%
average 269.5% 260.1% 471.6% 522.4% 129.9% 134.9% 147.5% 135.6%
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productivity and employment changes before and 
after that are relatively small. Still, the high-growth 
phase seems to be typically preceded by productivity 
growth (growing TFP between t − 4 and t − 1 ) for all 
the four definitions, although to a different extent. On 
the contrary, the average productivity levels are very 
similar right after the end of the growth period ( t + 4 ) 
and three years afterward ( t + 7 ) and in some cases 
they become even lower. There is no further produc-
tivity increase after the end of the high-growth phase.

The fact that these pre- and post-trends in terms 
of both employment and productivity are relatively 
modest compared to changes during the high-growth 
period suggests that high growth tends to be a tran-
sitory phase in most firms’ life.15 From an empirical 
point of view, this finding suggests that by focusing 
on the high-growth period one is likely to capture the 
bulk of HGFs’ productivity contribution. We use a 
more formal event study methodology in Section 4.2 
to quantify HGFs’ contribution before, during, and 
after the high-growth period.

4  HGFs’ contribution to total productivity growth

While the previous section has provided descriptive 
evidence for HGFs’ productivity and employment 
growth patterns, here we go deeper, focusing explic-
itly on HGFs’ contribution to productivity growth, 
which is the main interest of this paper.

In the following, we rely on the decomposition 
methodology presented in Section  2.2. Our unit of 
observation is a cohort (c) in industry (j). We denote 
the base year of cohort c by tc

0
 and firms are consid-

ered as part of the cohort if their annual growth rate 
between tc

0
 and tc

0
+ 3 was above the threshold pre-

scribed by the relevant definition. The productivity 

contribution of cohort c in industry j between tc
0
 and 

tc
0
+ 3 will be denoted by contjc . These objects, which 

are defined at the industry-cohort (year) level, will be 
our units of observation.

4.1  How much do HGFs contribute during their 
high-growth phase?

Let us start with the overall average of HGF con-
tributions across industries and cohorts, contjc dur-
ing their high-growth phase. Table 5 shows that the 
total HGF contribution differs strongly across defini-
tions. The table shows the contribution in percentage 
points of the total industry-level productivity growth, 
i.e., OECD (emp) HGFs contributed 0.58 pp on aver-
age. In general, it is larger for sales-based than for 

Table 5  Decomposing the HGF contribution to TFP growth

This table presents the employment weighted average (across 
year-cohorts) of the different components of the total HGF 
contribution for the four definitions. All numbers are measured 
in percentage points of the total industry productivity growth. 
Panel A considers all the firms and Panel B includes only 
young (i.e., less than 5 years old) HGFs. Therefore, OECD 
(emp) HGFs contribute on average 0.58 pp. to industry-level 
productivity growth, from which 0.18 pp. is contributed by 
young HGFs

Panel A: All firms

HGF 
within

HGF 
between

HGF cross HGF total

OECD 
(emp)

-0.09% 2.56% -1.90% 0.58%

OECD 
(sales)

2.32% 2.15% -1.53% 2.94%

Birch 
(emp)

0.01% 3.24% -2.19% 1.05%

Birch 
(sales)

3.06% 2.78% -1.91% 3.93%

Panel B: Young firms
HGF 

within
HGF 

between
HGF cross HGF total

OECD 
(emp)

-0.23% 1.70% -1.29% 0.18%

OECD 
(sales)

1.41% 1.35% -0.88% 1.88%

Birch 
(emp)

-0.19% 2.33% -1.58% 0.57%

Birch 
(sales)

2.34% 1.96% -1.34% 2.96%

15 Previous research already provides evidence for the tem-
porary nature of the high-growth phase (see e.g., Acs et  al. 
(2009) using US data, Daunfeldt and Halvarsson (2015) using 
Swedish data or Hölzl (2014) using Austrian data). Del-
mar et al. (2003) show that high employment or sales growth 
comes from a single year in 22% and 27% of all Swedish 
HGFs respectively. On the other hand, Coad and Srhoj (2019) 
find that Croatian and Slovenian firms with higher previous 
employment growth become HGFs with a higher probability. 
Additionally, Lopez-Garcia and Puente (2012) demonstrate 
that more than half of Spanish HGFs were already HGFs in the 
previous period.
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employment-based definitions and it is also larger 
for Birch definitions than for OECD ones. Birch-
sales HGFs contribute the most on average (3.93 
percentage points), followed by OECD sales HGFs 
(2.94 pp.). The contribution of employment HGFs 
is substantially lower, with 0.58 pp. for the OECD 
and 1.05 pp. for the Birch definition. The difference 
between the Birch and OECD definitions is likely to 
result from the larger size of Birch firms as well as 
from the fact that it is a stricter HGF definition than 
the OECD one.

The productivity decomposition exercise 
reveals the source of these differences. First, the 
within contribution of the sales-based definitions 
is strongly positive while that of the employment-
based definitions is small and rather negative. This 
comes from the fact that productivity typically 
increases (or is stable) for sales-based definitions 
while it falls for the employment-based definitions 
(see Table  4). The average between effect is posi-
tive for all the definitions, showing that HGFs are 
typically more productive than their peers. There 
is some variation, mainly resulting from the differ-
ences in initial productivity advantage and in the 
employment growth rate during the high-growth 
period. Finally, the cross contribution is negative 
for all definitions. This reflects that overall, there is 
a negative correlation between size and productiv-
ity growth, as we will discuss in the next section.

A policy-relevant insight from these patterns is 
that output HGFs, which contribute more than input 
HGFs, typically contribute via their within term, 
while their initial productivity level is not especially 
high (see Table  4). Therefore, HGF policies that 
only target firms with high initial productivity levels 
– in the implicit hope of a strong within contribution 
– will capture potential input HGFs and miss poten-
tial output HGFs. Similarly, HGF policies centered 
on promoting employment growth rather than output 
growth may capture firms that contribute less to pro-
ductivity growth.

While these absolute numbers are of some interest, it 
is probably more relevant to ask whether HGFs contrib-
ute more than the average firm. In other words, whether 
the share of HGFs’ contribution is larger than their (ini-
tial) share in terms of inputs or outputs. Figure 1 illus-
trates this relationship at the industry level, with the 
average initial employment share of HGF cohorts on 
the horizontal axis and the average ratio of total HGF 

contribution to industry-level TFP growth on the vertical 
axis.16

Again, there is a quite obvious dichotomy between 
employment- and sales-based HGF definitions. Sales-
based HGFs tend to contribute substantially com-
pared to their initial share. The initial employment 
share of OECD (Birch) sales HGFs is 7.1% (18.3%) 
on average while their share in TFP growth is 24.7% 
(28.3%). In contrast, employment-based HGFs 
often contribute negatively and tend to be below 
the 45-degree line. The initial employment share of 
OECD (Birch) employment HGFs is 3.1% (14.7%) 
on average while their share in TFP growth is 0.2% 
(3.1%).17

The average effects in Table 5 hide a large degree 
of heterogeneity. Figures 2 and 9 (the latter for labor 
productivity) focus on the heterogeneity of contjc . 
Clearly, the HGF contribution is not necessarily pos-
itive for either of the definitions. The  10th percen-
tile is negative for all four definitions. On the other 
extreme, in some industries a very substantial part 
of productivity growth results from the activities of 
HGFs. For example, in 20% of the industries with 
positive productivity growth, more than half of total 
productivity growth is contributed by sales-Birch 
HGFs.

The distributions provide a more complex picture than 
the means in Table 5. Within the OECD/Birch dimen-
sions, the difference in means clearly transforms into 
stochastic dominance. The distribution of OECD (sales) 
firms’ contribution dominates that of OECD (emp) firms 
and the same is true for the Birch definitions. The vari-
ance of the Birch definitions is substantially higher than 
that of the OECD definitions, with both having thicker 
tails than the two OECD definitions. Therefore, while 
the mean and median of the OECD (sales) distribution 
are larger than that of the Birch (emp) distribution, the 
top percentiles of the Birch (emp) distribution are larger. 
Clearly, idiosyncratic characteristics of some of the larger 
firms captured by the Birch definitions can have very 
substantial effects on industry productivity, with a strong 
upside, as shown by the very thick upper tail of the Birch 

16 Here we omit observations where industry-level productiv-
ity growth was negative, because in such cases the ratio is hard 
to interpret.
17 We find similar patterns when we replace the initial 
employment share with the initial sales share.
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(sales) distribution. In contrast, the OECD (sales) dis-
tribution is less dispersed, with few negative and some 
decent-sized contributions.

This section has documented several patterns about 
HGFs’ contribution during their high-growth phase. 
However, they may also contribute in other periods. 
The next section investigates this topic with an event 
study approach.

4.2  The contribution of HGF cohorts over time

While the lack of average pre- and post-trends pre-
sented in Table 4 is suggestive of HGFs’ productiv-
ity and size growth being concentrated in the HGF 
phase, we use an event study methodology to investi-
gate whether these findings can be generalized to the 
productivity contribution itself.18

For the event study, we extend our previous notation 
as we need to follow each cohort (c) for a number of peri-
ods (p).19 Here we denote contributions by contcjp . To 
present the results, we run event study-type regressions at 
the industry-cohort-period level of the form:

where c indexes cohorts, j industries and p periods. ��
cp

 
are event time dummies taking the value of 1 when the 
tp − tc

0
= � , where tp is the beginning of period p and tc

0
 is 

the initial year for cohort c. The coefficients of these event 
time dummies show the difference between the actual 
contribution of the cohort relative to its contribution in 
the base period, tc

0
− 6 (which is the omitted period).20 

�j and �p are 2-digit industry and period fixed effects, 

(1)contcjp =
∑

�

��
cp
+ �j + �p + �cjp

18 The results in Table 4 do not guarantee this, because the con-
tribution depends on firm-level correlations which are not equiv-
alent to aggregate averages. Additionally, our analysis here con-
trols for industry heterogeneity, filtering out composition effects, 
and it also allows us to quantify statistical uncertainty.

19 In the event study, we use periods [tc
0
− 6;tc

0
− 3] , [tc

0
− 3;tc

0
] , 

[tc
0
;tc
0
+ 3] , [tc

0
+ 3;tc

0
+ 6] , [tc

0
+ 6;tc

0
+ 9].

20 We choose t0 − 6 for the omitted period because this is the 
earliest period which we can use, this ensures that any pre-
trends before the high-growth phase are clearly visible.

Fig. 1  The initial employ-
ment share of HGFs and 
their TFP growth contri-
bution as a share of indus-
try-level TFP growth. 
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respectively. We weigh the regressions by the number of 
employees of the industry at the beginning of the period.

Figure 3 shows the results for TFP and Fig. 8 for labor 
productivity. The horizontal axis represents the event 
time, and the vertical axis shows the point estimates and 
the standard errors of the event time dummies. Zero is 
the contribution in the base period, starting at t0 − 6.21 
We can draw two main conclusions. First, relative to the 
omitted period, we find positive contributions during the 
high-growth period [t0;t0 + 3] ) for the sales-based defi-
nitions and negative contributions for the employment-
based definitions. The additional positive contributions 
of the sales-based HGFs during the high-growth period 
are substantial: OECD (sales) HGFs contribute by 2.3 
percentage points while Birch (sales) HGFs by 2.8 per-
centage points.22 This pattern contrasts strongly with 
that of the employment HGFs, which report a negative 
contribution during their high-growth phase compared to 
their contribution in the base period.

Second, regarding timing, HGFs tend to con-
tribute unusually during their high-growth period, 
between t0 and t0 + 3 . We find evidence for a positive 
contribution before the high-growth phase for the 
Birch (sales) HGF, which is about half as large as the 
one observed during their high-growth phase.23 This 
suggests that high sales growth of larger firms often 
takes place after a period when both productivity and 
size are growing. Importantly, in line with our earlier 
observations in Section 3.2, we do not find evidence 
for extraordinary contributions after the high-growth 
phase for any of the HGF definitions. This latter 
observation implies that the long-run productivity 
contribution of HGFs is likely to be similar to their 
short-term contribution.24

4.3  Industry characteristics and HGF contribution

Motivated by the substantial heterogeneity across 
industries and periods, as documented by Fig.  2, 
this section investigates some of the industry char-
acteristics which may influence the role HGFs play 

Fig. 2  Productivity contri-
bution of HGFs by indus-
try-cohort. 

22 The main difference between these numbers and those pre-
sented in Table 5 is that in the table we show the “raw” con-
tribution, while the event study shows the extra contribution 
in the high-growth period of the cohort relative to the base 
period. Considering that the OECD (Birch) HGFs base contri-
bution is 0.95 (1.4) pp., the two numbers become quite simi-
lar. The remaining differences are explained by the presence of 
other controls in the event study regressions.

21 The event study shows whether the contribution is higher 
relative to this base period. We can only estimate the relative 
contribution due to the set of fixed effects. 23 We also find evidence for a negative pre-high growth contri-

bution for OECD (emp) HGFs.
24 The main patterns are similar for labor productivity (see 
Fig. 8 in the Appendix), but we can also observe a small posi-
tive contribution during the high-growth phase for the employ-
ment-based definitions, and also a significant positive contri-
bution of employment-based OECD HGFs between t0 + 6 and 
t0 + 9 , suggesting that taking into account changes in the capi-
tal stock matters to some extent.
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in productivity growth.25 We use two approaches. 
First, based on our decomposition, we focus on the 
dynamic parameters which show up directly in the 
decomposition: the strength of reallocation and the 
correlation between size and productivity growth. 
The second approach, instead, focuses on more fun-
damental structural parameters, such as the technol-
ogy of the industry, concentration and the share of 
young firms within the industry.

Dynamic correlations Our first approach starts 
from the decomposition in Section  2.2. The first 
relevant correlation is the strength or efficiency of 
reallocation, �real . This captures the extent to which 
more productive firms expand in terms of their 
employment or market share faster, represented by 
corr(prodit0 ,Δ�it) . Clearly, this determines how 
likely do HGFs come from more productive firms. 
This ‘selection effect’ has an impact on the between 

term, 
∑

i∈HGF(prodi,t0 − PRODt0
)Δ�i,t , by show-

ing the extent to which HGFs are initially more (or 
less) productive than the average firm. We expect a 
stronger reallocation to be positively associated with 
the between components and, in turn, with productiv-
ity growth.

A second key measure is the extent to which size 
growth is accompanied by productivity growth 
corr(Δprodit,Δ�it) , which we call the cross-correla-
tion, �cross . This correlation captures a key property of 
industry dynamics: whether firms improving their 
productivity can acquire sufficient resources rapidly 
enough to also expand on the market in the same 
period typically considered in HGF definitions. The 
cross-correlation is the fundamental behind both the 
HGF within and cross terms. While the cross-correla-
tion shows up directly in the cross term, it also affects 
the within term positively, since with a stronger 

Fig. 3  Total TFP contri-
bution: event study. 

25 2-digit industry fixed effects explain 10-11% of the variance 
in HGF contributions for the OECD definitions and 18% for 
the Birch definitions.



High-growth firms’ contribution to aggregate productivity growth  

1 3
Vol.: (0123456789)

cross-correlation HGFs are more likely to improve 
their productivity. Empirically, we define these corre-
lations for industry j in year t based on levels in year t 
and changes between t and t + 3 . Therefore, the effi-
ciency of reallocation for firms i in industry j is 
�real
jt

= corr(prodit, �i,t+3 − �i,t) . Similarly, the cross-
correlation is 
�cross
jt

= corr(prodit+3 − prodit, �i,t+3 − �i,t) . In our 
data, the reallocation correlation is positive, with an 
average value of 0.14. The cross-correlation is typi-
cally negative, with an average of -0.1, i.e., 3-year 
size growth is negatively correlated with productivity 
growth during the same period.

We run regressions to investigate how these cor-
relation parameters are related to the industry-level 
HGF contribution. The dependent variable is the 
HGF contribution of cohort c in industry j during its 
high-growth period, between tc

0
 and tc

0
+ 3 . The main 

independent variables are dummies showing the quar-
tile (q) of the industry in the overall �real and �cross 
distributions while controlling for year fixed effects 
( �t).26 Therefore, we estimate the following equation:

We weight the regression by industry employment 
and calculate standard errors clustered at the industry 
level.27

Regression results are presented in Fig.  4 and 
Panel A of Table  9. We find that HGF contribution 
increases in these industry dynamics parameters for 
all four definitions. Clearly, stronger industry dynam-
ics both in terms of reallocation and cross-correla-
tion are associated with higher TFP contributions. 
The difference in terms of contribution between the 
industries with the weakest and the strongest real-
location is between 1.7 and 3.4 percentage points, 
depending on the definition. This is quite large given 
that the average contribution is between 0.6-3.9 pp. 

(2)

contjc =
∑

q

�real
q

(�real)
q

jtc
0

+

∑

q

�cross
q

(�cross)
q

jtc
0

+ �t + �jc

for the various definitions (Table  5). The strength 
of reallocation matters more for the Birch defini-
tions. The relationship between the cross-correlation 
and the HGF contribution is similar, with 2.8-7.1 
pp. difference between industries with high vs. low 
cross-correlations.

Panel B of Table  9 presents estimation results of 
Regression  2 using labor productivity to define the 
dependent variable. We find patterns similar to TFP, 
suggesting that these patterns are not sensitive to the 
definition of productivity.

Figure  10 decomposes the relationship found in 
Fig. 4 by re-running Regression 2 with HGF within, 
between and cross contributions as dependent vari-
ables. In line with the arguments stated at the begin-
ning of this section, we find that �real mainly affects 
the between component by making more productive 
firms more likely to become HGFs. In contrast, �cross 
is related to the within and cross components.

Fundamental industry characteristics While 
the previous results confirm that the reallocation 
and cross-correlations are significantly related to 
HGF contribution, these correlations are not easy to 
observe or interpret. Therefore, our second approach 
investigates the extent to which one is able to predict 
HGFs’ contribution to productivity growth based on 
more fundamental industry parameters.

We modify the basic specification in Eq. (2) 
including several basic industry features measured in 
t0 instead of reallocation and cross-correlation quar-
tiles as explanatory variables. We capture market 
structure by concentration (C5) and by the standard 
deviation of TFP. We also include the share of young 
firms (with age of at most 5 years) which, as Panel 
B of Table 5 shows, tend to contribute substantially 
to productivity growth, accounting for 31-75% of the 
total HGF contribution.28 Finally, we add the technol-
ogy/knowledge intensity classification of the industry 
based on Eurostat’s categorization. The base category 

26 We calculate �real and �cross quartiles based on the full dis-
tribution of the industry-year level observations to capture the 
“absolute” value of the correlations rather than their ranking in 
the given year.
27 These results are robust to several changes such as (i) 
including the productivity growth of non-HGFs as an explana-
tory variable and (ii) adding the means, standard deviations, 
and correlations of productivity, productivity growth, size and 
size growth.

28 Both Panel A and Panel B are measured in percentage 
points of industry-level productivity growth, therefore the two 
are directly comparable. For example, all OECD (emp) HGFs 
contribute 0.58 pp on average, from which 0.18 pp is contrib-
uted by young OECD (emp) HGFs.
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Fig. 4  The relationship 
between industry dynamics 
parameters and HGF con-
tribution 
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is primary industries, and we distinguish between 
high-tech manufacturing, low-tech manufacturing, 
knowledge-intensive services (KIS), and less knowl-
edge-intensive services (LKIS).29

The results of this exercise are reported in Table 6. 
Column (1) reports the baseline specification. We find 
that the HGF contribution is larger in industries with 
more young firms: a 10 pp. increase in the share of 
young firms is associated with a 1.5 pp. higher HGF 
contribution. Services and manufacturing industries 
also seem to differ to some extent, with knowledge-
intensive services featuring a lower HGF contribu-
tion than other industries. Concentration does not 
seem to matter. Importantly, the explanatory power 
of the regression is quite moderate, at 15%, showing 
that these industry features have limited explanatory 
power in terms of HGF contribution to productivity 
growth.30

In column (2) we also include the TFP growth 
contribution of non-HGFs which is likely to capture 
industry-year level shocks to productivity, a potential 
omitted variable. The patterns remain similar, though 
the significance levels are somewhat smaller.

To sum up, we have found that stronger reallo-
cation, measured by industry-level correlations, is 
positively related to the contribution of high-growth 
firms. These correlations, however, may be hard to 
observe for policymakers and may change frequently. 
Basic industry characteristics predict the HGF contri-
bution only to a limited extent, but we have found evi-
dence for the share of young firms being correlated 
with the HGF contribution.

5  A benchmark model for HGF contributions

After we have examined the patterns of HGF contri-
butions to aggregate productivity, in this section we 

ask whether the patterns we find are “surprising” or 
can be predicted by a simple benchmark model. If the 
benchmark model of firm dynamics reproduces most 
findings, the simple framework can help economists 
or policymakers think about HGF contributions.31

Our simple simulation starts from a normal joint 
distribution of productivity, size (input), productiv-
ity growth, and size (input) growth. This distribution 
is easy to be characterized by the correlations between 
these four variables, including the strength of realloca-
tion and cross-correlations. HGFs are defined as firms 
growing strongly either in terms of their input use or in 
terms of output.

We find this approach useful for several reasons. 
First, we show that our observations, at least qualita-
tively, are indeed easily predicted by this benchmark. 
As an important consequence, the average HGF con-
tribution is determined by overall industry dynamics to 
a large extent rather than by idiosyncratic dynamics of 
specific firms. Second, our framework supplies policy-
makers with a few intuitive and measurable concepts 
and parameters affecting the productivity contribution 
of HGFs, such as whether HGFs are defined based on 
their inputs or outputs, the strength of reallocation, and 
the cross-correlation in the industry. Taking into con-
sideration these concepts can help in designing effec-
tive policies. Finally, as we illustrate through the exam-
ple of SMEs in Appendix Section 2, the same logic can 
be applied to thinking about the productivity growth 
contributions of other groups of firms defined by some 
easily observable characteristics.

Section 5.1 describes our simple approach and Sec-
tion  5.2 illustrates the difference between input- and 
output-based HGFs in this framework. We provide more 
details in 4, where Appendix Section 1 shows how the 
simulation reproduces the qualitative patterns found in 
Section  4.3 and Appendix Section  2 presents how the 
same simulation framework can be used to model the 
contribution of other groups of firms via the example of 
SMEs.

29 The Eurostat industry classification is available at http:// ec. 
europa. eu/ euros tat/ cache/ metad ata/ Annex es/ htec_ esms_ an3. 
pdf. Our high-tech manufacturing category is composed of the 
high-tech and medium-high tech Eurostat categories, while our 
low-tech manufacturing category includes the medium-low- 
and low-tech Eurostat categories.
30 Including 2-digit industry dummies increases the explana-
tory power to 0.35.

31 Whether simple models can reproduce empirical patterns 
has been investigated in the trade context by Armenter and 
Koren (2014).

http://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf
http://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf
http://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf
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5.1  Method: simulation

Based on the decomposition framework, we simulate 
data in 4 dimensions: (ln) initial input level, (ln) ini-
tial productivity level, input growth, and productiv-
ity growth. The growth rates are interpreted as the 
3-year growth rates used in the empirical exercise. 

We simulate a 4-dimensional normal distribution32 
for these variables with different correlation struc-
tures. Note that these include the two key correlations 
analyzed in Section  4.3: the strength of reallocation 
(the correlation between productivity level and sub-
sequent input growth) and the cross-correlation (the 
correlation between input growth and productivity 
growth). As a baseline, we calibrate these correla-
tions from the Hungarian data.33 To keep things as 
simple as possible, we think of productivity as sim-
ply dividing output produced with the amount of 
inputs used. Therefore, output = input × productivity

.34 As a result, output growth can be written as: 
Δoutput = Δproductivity + Δinput , where Δ is inter-
preted as a (log) percentage change.

We calculate aggregate productivity growth on 
these simulated data and decompose it with the 
method described in Section  2.2. We define HGFs 
based on both input and output growth, as this has 
proved to be the key distinction in Section 3.1.35 To 
make the results comparable across specifications, 
we define input HGFs as firms with the top 5% input 
growth. Output HGFs are the top 5% in terms of their 
Δproductivity + Δinput value. We simulate 20,000 
firms each time.

32 In reality, these variables are not normally distributed. Both 
log productivity and productivity change have fat-tailed dis-
tributions (Kang , 2017). Size distribution is highly skewed 
with a very large number of small firms (De Wit , 2005). Our 
data reject null-hypothesis in tests for both univariate and 
joint normality (Doornik and Hansen , 2008). However, we 
still choose the normal distribution for two reasons. First, its 
simple correlation structure allows us to have parameters that 
all have straightforward economic meaning even though we 
have four underlying variables. Second, the analysis aims to 
explain qualitative rather than quantitative features of what we 
observe. These depend on the sign of the correlations rather 
than more intricate features of the distributions. Therefore, we 
expect our results to generalize to other distributions.
33 The correlations are the overall correlations between 
ln(TFP), market share, and their 3-year growth rates. Using 
labor productivity instead of TFP or ln(employment) instead of 
the market share yield similar correlations.
34 This is clearly a simplification compared to our empiri-
cal exercise, where, even in the case of labor productivity, we 
use value added rather than sales in the calculations. How-
ever, introducing more dimensions and correlations would not 
change the insights from the framework, but would make it 
substantially less transparent.
35 We focus on the difference between input and output HGFs 
and ignore the difference between OECD and Birch definitions 
because that proved to be most important empirically. We fix 
the share of HGFs because it allows us to ignore (normalize) 
parameters affecting average growth.

Table 6  HGF contribution to TFP growth and industry char-
acteristics

These regressions show how industry characteristics are 
related to the contribution of HGFs to TFP growth. One 
observation is a 2-digit industry-year combination, where the 
dependent variable is HGF TFP contribution between t0 and 
t0 + 3 and the explanatory variables are measured in t0 . C5 is 
the revenue share of the 5 largest firms, TFP (s.d.) is the stand-
ard deviation of the TFP distribution, share young is the share 
of firms that were at most 5 years old in t0 (between 0 and 1). 
We use the Eurostat categorization to classify industries. The 
base category is primary industries, ‘mfg.’ stands for Manufac-
turing, ‘KIS’ for knowledge-intensive services and ‘LKIS’ for 
less knowledge-intensive services, ‘non-HGF TFP cont.’ is the 
TFP growth contribution of non-HGF firms. All regressions 
include year fixed effects. The regressions are employment-
weighted, and the standard errors are clustered at the 2-digit 
industry-level

LHS: Total HGF contribu-
tion

(1) (2)

C5 0.00111 0.00442
(0.0228) (0.0180)

TFP (s.d.) 0.0129 0.00474
(0.0259) (0.0188)

Share young 0.149** 0.112*
(0.0612) (0.0598)

High-tech mfg. 0.0113 0.0148
(0.0154) (0.0122)

Low-tech mfg. -0.00468 0.00434
(0.00984) (0.00775)

KIS -0.0341** -0.0250*
(0.0167) (0.0127)

LKIS -0.00692 0.00681
(0.0141) (0.00999)

non-HGF contr. 0.183***
(0.0308)

Observations 728 728
R-squared 0.150 0.285
Year FE: Yes Yes
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5.2  Input and output HGFs

In this section we illustrate the differences between 
input and output HGFs predicted by our simple model 
in three steps and contrast them with our previous 
empirical results. First, related to the between term, 
we investigate how productivity is related to the prob-
ability of becoming a HGF. In our empirical exercise, 
we have seen that input-based HGFs are on aver-
age more productive at the beginning of their HGF 
period. Second, we show the difference between the 
two types of firms by presenting the joint distribution 
of size and productivity growth and the within con-
tribution of the two groups. In the empirical part, we 
found that output-based HGFs are the ones that tend 
to increase their productivity throughout the HGF 
period. Third, we simulate the distribution of the 
two firm groups’ total contributions. In the previous 
empirical exercise, we found that output-based HGFs 
have a higher contribution on average.

We illustrate the difference between input- and out-
put-based HGFs with the simple simulation described 
in the previous section. Let us start with reallocation. 
Figure  5 depicts the share of HGFs within 20 pro-
ductivity quantiles using parameters partly calibrated 
from the Hungarian data.36 The share of input-based 
HGFs is positively associated with productivity, 
mainly due to the positive reallocation correlation: 
more productive firms are more likely to increase 
their inputs. This implies that reallocation to input 
HGFs indeed contributes positively to industry-level 
productivity growth, represented by a positive reallo-
cation term.

In contrast, and possibly more surprisingly, the 
share of output-based HGFs is decreasing in produc-
tivity. By our definition, output-based productivity 
growth can either result from rapid input growth and/
or strong productivity growth. While more produc-
tive firms are more likely to increase their size (as 
witnessed by the positive reallocation correlation), 
less productive firms are more likely to experience 

productivity growth, as evidenced by the convergence 
correlation, corr(Δprod, prod) , which has an average 
value of -0.41.37 Given its larger absolute value, con-
vergence correlation dominates the reallocation cor-
relation in the relationship between productivity and 
the share of output HGFs, leading to a negative over-
all relationship.

These findings are clearly in line with the descrip-
tive patterns reported in Table 4 for OECD HGFs38: 
output HGFs tend to be less productive initially than 
input HGFs – therefore the within contribution of the 
former is likely to be smaller.

Figure 6 illustrates the within contributions of the 
simulated input- and output-based HGFs. The cluster 
of points represents firms in the simulated industry, 
each point showing a firm’s input growth (horizon-
tal axis) and productivity growth (vertical axis) in a 
(3-year) period. The correlation between these two 
quantities, the cross-correlation, is slightly negative, 
calibrated from the Hungarian data. Input HGFs are 
to the right of a critical value (represented by the ver-
tical dashed line), denoted by squares and triangles.

As we have already mentioned, out-
put growth can be expressed in the model as 
Δoutput = Δproductivity + Δinput . Conse-
quently, output HGFs are firms above a line where 
Δproductivity + Δinput > c , with c being a critical 
value. Such firms are located above a specific line 
with a negative slope and are denoted by diamonds or 
triangles. Firms that are both input and output HGFs 
are denoted by triangles.

The figure illustrates some of our earlier points. 
First, the intersection between input and output HGFs 
is not especially large (as seen in Table  11). Input 
HGFs rapidly increase their size but their productivity 
growth is rarely exceptional. Most output HGFs qual-
ify because of their productivity growth but many of 
them do not expand too much in terms of their size, 
as we have shown in Table 4.

These patterns clearly explain the differences 
between the within contributions of input and 

36 We normalize each of the variables in such a way that 
their mean is zero and their standard deviation is 1. The cor-
relations from our data are: �real = 0.1441 ; �cross = −0.1 ; 
corr(Δprod, prod) = −0.41 ; corr(prod, inp) = 0.1418 ; 
corr(Δinp, inp) = −0.1852 ; corr(inp,Δprod) = 0.0011.

37 This correlation shows strong productivity convergence, or 
catch up of less productive firms, at the 3-year time period.
38 This mechanism may be less relevant for the Birch HGFs, 
for which employment and sales HGFs are more similar ini-
tially because of the disproportionate share of larger and there-
fore less dynamic firms captured by this definition.
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output HGFs. The average productivity growth of 
input HGFs (denoted by HGFinp on the vertical axis) 
is slightly negative because of the negative cross-
correlation, which implies a negative within compo-
nent for these firms. In contrast, average productivity 
growth of output HGFs (denoted by HGFout on the 
vertical axis) is positive, and hence, the within com-
ponent is strongly positive in this group.

We have presented intuition for the difference 
between input- and output-based HGFs in terms 
of their within contributions. Now we continue 
with simulating the distribution of the total con-
tributions (similar to Fig.  2). In this figure, the dis-
tribution represents industry-years with different 
parameters and with different random components. 
Therefore, in our simulation, we also vary industry 
parameters across observations. Figure  7 shows this 
distribution with industry correlation parameters 
( �real , �cross , corr(Δprod, prod), corr(prod, inp), corr(Δinp, inp), corr(inp,Δprod) ) 
chosen randomly from a uniform distribution.39 This 
figure reproduces the main patterns of Fig. 2: first, the 
contribution of output-based HGFs clearly stochasti-
cally dominates that of input-based HGFs; second, 
the distribution corresponding to output-based HGFs 
is more asymmetric with a long right tail but very few 
negative contributions.

This section has shown that a simple model of 
firm input and productivity growth generates patterns 
that are qualitatively very similar to our empirical 
observations.

6  Conclusion

This paper investigates the role of HGFs in real-
location and industry-level productivity growth. 
We have shown that productivity contributions dif-
fer widely, ranging from a negative contribution in 
half of industry-period observations for the OECD 
(emp) definitions to HGFs accounting for more 
than half of the industry-level productivity growth 
in 20 percent of cases for the Birch (sales) defini-
tion. HGF definition clearly matters. The positive 
contribution is limited to the high-growth period 
or the one preceding it, but HGFs do not contribute 
positively to aggregate productivity afterwards. The 
size of their contribution is linked to reallocation 
but cannot be predicted very effectively with funda-
mental industry characteristics. Finally, a very sim-
ple simulation can reproduce most of these findings.

Our results provide a number of insights regarding 
high-growth firms. Many of the patterns documented 
at the firm level have fundamental consequences in 

Fig. 5  Input- and output-
based HGFs: reallocation 
effect

39 Note that this uniform distribution is a meta-distribution of 
the moments of the 4-dimensional distributions.
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terms of industry-level “wider productivity effects”. 
These links between the firm-level patterns and 
industry-level contributions are not automatic or triv-
ial. Our measure captures both within-firm and real-
location effects, which often have opposite signs and 
therefore their net effect is not clear a priori.

One link between the firm-level results and 
industry-level contribution is the fact that employ-
ment growth and productivity growth are weakly 
or negatively correlated (Coad et  al., 2014) and 
that initial productivity is not a strong predictor 
of high growth, probably because of inefficient 
reallocation (Grover  Goswami et  al., 2019) or 
weak selection in the framework of evolutionary 
theories (e.g. (Metcalfe, 1994)) are not too strong. 
This pattern implies two key trade-offs. First, as a 
result of the former correlation, the contribution of 
sales HGFs comes primarily from the within term, 
while that of the employment HGFs is dominated 
by the Schumpeterian effect. This fact, combined 
with the second correlation, which implies that 
the reallocation effect is generally weak, leads to 
much stronger productivity contribution by sales-
based HGFs.

Another key link between the firm- and industry-
level patterns is that the low persistence of firm-
level HGF status seems to be associated with low 
persistence of the productivity contribution. Posi-
tive unusual contributions are concentrated at the 

high-growth period of the cohort. We find that size 
or productivity growth is typically not followed by 
further improvements in productivity at the cohort 
level. This finding is in line with the firm growth 
model of Penrose (1959), which emphasizes that 
size growth is often followed by reduced productiv-
ity and the cycle models (see e.g. (Greiner, 1989)), 
which predict a management crisis following 
growth periods.

A third link between firm- and industry-level 
patterns is that neither the HGF status nor the 
industry-level HGF contribution can be predicted 
with much confidence based on industry-level 
characteristics. Again, even though these are inter-
linked, this link is not automatic: even if the HGF 
status is not linked strongly to industry features, 
key industry correlations, such as the correlation 
between employment and productivity growth 
could be. This, however, is not the case, suggest-
ing that targeting industries has limited rationale 
when productivity contribution is concerned.

We argue that these findings are of high policy 
relevance. The productivity evolution of high-
growth firms is not only important because of 
HGFs’ direct contribution to productivity growth 
but also because more spillovers may be expected 
from more productive firms (e.g., (Stoyanov and 
Zubanov, 2012)). The insight that sometimes HGFs 
contribute negatively to productivity growth should 

Fig. 6  Input- and output-
based HGFs: within effect. 
This figure shows the scat-
ter plot of input and pro-
ductivity growth of firms in 
the simulated data. 
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warn policymakers that HGF promotion policies can 
have negative side effects on aggregate productivity, 
thus these effects should be quantified when design-
ing and evaluating such a policy. The second conclu-
sion on the importance of HGF definitions implies 
a key trade-off across definitions between productiv-
ity growth and job creation. A policy focusing on 
employment growth (i.e., input-based HGFs) may 
generate a small or negative productivity effect, 
while, according to our results, output-based HGFs 
create only somewhat fewer jobs but contribute to 
productivity growth substantially. Policies limited to 
firms that are very productive to start with may miss 
these firms. Our final insight emphasizes that HGFs 
are likely to have a higher contribution in environ-
ments that are in general conducive to efficient real-
location, while the low predictability of HGF con-
tributions limits the extent to which industry-based 
targeting can be efficient.

Our research has two key limitations. First, the 
results are limited to one country, and investigating 
their external validity on microdata from other coun-
tries would be important. Such research would also 
help in identifying better how country and indus-
try characteristics are related to the HGF contribu-
tion. Second, our method only considers the direct 
contribution of HGFs to productivity growth and 
ignores external effects. In this respect, it mainly 

complements recent research on such externalities 
(de Nicola et al., 2019; Du and Vanino, 2020).

Appendix A. Additional figures and tables
Additional figures

Additional tables

Appendix B. Data and productivity estimation

Data cleaning

We follow the procedure described in Muraközy et al. 
(2018). Here we describe the main steps.

A baseline cleaning is applied to the values of all the 
financial variables to correct for possible mistakes of 
reporting in HUF rather than 1000 HUF or for extremely 
small or big values in the data. Employment and sales 
are cleaned of extreme values and outliers. Suspiciously 
large jumps followed by another jump into the opposite 
direction are smoothed by the average of the previous 
and following years. Regarding capital stocks, we use 
the sum of tangible and intangible assets. Whenever 
intangible assets are missing, we input a zero. We deflate 
the different variables with the appropriate price indices. 

Fig. 7  Simulated pro-
ductivity contribution of 
input- and output-based 
HGFs across industries 
with different dynamics
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The value added and the capital input price indices are 
available from the 2017 EU KLEMS at 2-digit industry 
level. Revenue is deflated by the producer price index at 
the 2-digit industry level from Eurostat Short-term Busi-
ness Statistics. The intermediate inputs price index is 
calculated from the same database as the producer price 
index of intermediate goods. Regarding industry codes, 
the database, in general, includes the 2-digit NACE code 
of the firm in each year based on the actual NACE clas-
sification system. 4-digit industry codes are only avail-
able between 2000 and 2005. Because of the changes in 
NACE classification in 2003 and 2008, industry code 
harmonization is required. We harmonize to NACE Rev. 
2 codes by using concordances from Eurostat. The con-
version of industry codes in 2000-2002 to NACE Rev. 
1.1 is relatively straightforward and efficient thanks 
to 4-digit codes before and after. The conversion from 
NACE Rev. 1.1 to NACE Rev. 2 is less so, as 4-digit 
codes are only available until 2005. Hence, for each 
firm, we assume that its 4-digit industry remained the 
same between 2005-2007 and use this 4-digit industry 
for the conversion. After these conversions, we clean 
industry codes when firms switch industries for only 
one year and fill missing codes from codes in previous 
or subsequent years. This process leads to a harmonized 
2-digit NACE Rev. 2 code for each year.

Productivity estimation

We use the same productivity measures as Muraközy 
et al. (2018). We describe the approach based on that 
work.

From many perspectives, the most robust and con-
venient measure of productivity is labor productivity. 
We calculate this variable simply as the log of value 
added per employee. At the same time, the key short-
coming of labor productivity is that it does not reflect 
the differences in capital intensity across firms. Total 
Factor Productivity (TFP) aims to control for this 
issue. We estimate TFP with the method of Ackerberg 
et al. (2015), which can be regarded the state of the 
art.

Technically, firm-level TFP estimation involves 
estimating a production function:

lnVAit = �L × ln Lit + �K × lnKit + �it

where i indexes firms, t indexes years, Lit is the num-
ber of employees and Kit is capital stock. In this 
specification, the residual of the equation, �it is the 
estimated TFP for firm i in year t. �L and �K are the 
output elasticities in the production function, reflect-
ing the marginal product of labor and capital and the 
optimal capital intensity.

Estimating firm-level production functions 
involves several choices. First, usually it is important 
to include year fixed effects to control for macro- or 
industry-level shocks. Second, industries may differ 
in their optimal capital intensity, i.e., the coefficients 
of the two variables. To handle this, we estimate 
the production function separately for each indus-
try (2-digit NACE within manufacturing and 1-digit 
NACE outside that).40 Third, financial data reported 
by small firms may not be very accurate. Including 
them into the sample on which the production func-
tion is estimated may introduce bias into that regres-
sion. Hence, we estimate the production functions 
only on the sample of firms with at least 5 employees 
but also predict the TFP for smaller firms.

A key problem with firm-level TFP estimation 
is that input use ( Lit and Kit ) can be correlated with 
the residual TFP. Consequently, OLS estimation may 
yield biased coefficients. The bias arises from attrib-
uting part of the productivity advantage to the higher 
input use of more productive firms. A simple and 
robust solution for this issue is to estimate the pro-
duction function with a fixed effects estimator. This 
method controls for endogeneity resulting from unob-
served, time-invariant firm characteristics. A second 
and related problem is that input use can also be cor-
related with time-variant productivity shocks. This 
type of endogeneity is not corrected by the fixed 
effects estimator. More specifically, managers (unlike 
economists analyzing the balance sheet) may observe 
productivity shocks at the beginning of the year and 
adjust the flexible inputs (labor in our case) accord-
ingly. As a result, we may falsely ascribe a produc-
tivity improvement to the increase in labor input. The 
recent best practice of handling this issue is the con-
trol function approach, in which one controls for the 

40 We merge a few industries with a very small number of 
observations to generate more robust estimates (NACE 10-12, 
13-15, 19-21, 24-25, 29-30, 31-31). This way we ensure that 
we have at least 10,000 observations per industry.
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Fig. 8  Labor Productivity 
contribution: event study
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Table 7  Descriptives by 2-digit industry

This table shows the number of firms and basic descriptives in our main sample by 2-digit industry: the average number of employ-
ees, the share of foreign-owned firms, the share of exporters and the share of young firms (at most 5 years old), respectively

nace2 firms av. emp sh. foreign sh. exporter sh. young nace2 firms av. emp sh. foreign sh. exporter sh. young

5 19 113.7 13.9% 42.6% 23.8% 45 3231 21.4 7.3% 29.4% 20.3%
6 5 185.6 66.7% 95.2% 0.0% 46 8852 24.8 22.9% 50.9% 20.3%
7 5 144.6 12.8% 34.0% 4.3% 47 9556 31.2 5.9% 13.0% 24.8%
8 186 30.2 18.7% 34.9% 14.9% 49 2940 61.5 6.2% 38.5% 26.5%
9 25 79.6 30.6% 50.8% 19.8% 50 35 51.1 7.0% 21.3% 17.1%
10 2962 59.1 11.9% 32.3% 19.6% 51 28 175.3 53.5% 78.8% 25.5%
11 479 50.0 16.8% 57.0% 15.3% 52 1099 66.4 24.8% 47.4% 24.1%
12 10 252.8 58.9% 93.3% 4.4% 55 1064 37.4 13.4% 4.6% 21.6%
13 552 64.8 26.5% 60.9% 17.9% 56 4666 19.3 5.9% 3.0% 30.7%
14 1275 56.8 15.6% 51.5% 21.6% 58 576 27.4 22.5% 39.8% 18.8%
15 408 75.5 31.1% 59.8% 19.3% 59 198 20.9 28.3% 42.8% 27.0%
16 1232 27.5 11.3% 40.2% 21.2% 60 117 32.8 17.4% 22.9% 28.2%
17 315 63.0 22.6% 55.6% 18.9% 61 280 137.0 20.4% 26.0% 24.6%
18 785 29.1 7.8% 36.9% 16.4% 62 1498 30.2 17.9% 40.9% 29.6%
19 9 1239.3 59.6% 69.7% 12.1% 63 311 53.3 21.5% 35.1% 33.5%
20 379 77.6 26.1% 72.5% 14.9% 69 1052 21.6 7.9% 19.6% 19.5%
21 77 353.7 43.1% 72.7% 11.8% 70 1338 22.0 21.9% 29.4% 32.1%
22 1202 56.7 24.6% 65.3% 17.2% 71 1688 19.7 10.3% 24.1% 19.3%
23 969 62.8 21.9% 44.5% 19.0% 72 427 29.3 20.6% 57.4% 25.9%
24 228 151.4 29.1% 75.4% 16.5% 73 613 18.7 23.3% 43.1% 26.7%
25 3789 35.5 14.7% 49.2% 21.0% 74 241 17.9 8.8% 24.6% 24.7%
26 842 157.4 32.1% 60.3% 16.3% 75 39 11.7 1.5% 13.0% 14.1%
27 557 113.5 31.4% 57.3% 15.6% 77 426 17.9 18.8% 22.5% 23.9%
28 1510 67.9 20.5% 56.7% 14.5% 78 859 150.3 12.6% 16.3% 51.3%
29 355 287.4 48.6% 78.1% 18.3% 79 280 21.7 25.4% 20.1% 17.9%
30 115 96.9 19.5% 60.5% 17.2% 80 1342 29.8 2.2% 5.8% 34.6%
31 764 34.5 11.6% 41.1% 21.8% 81 1432 41.5 3.5% 4.2% 30.7%
32 340 35.8 17.3% 51.9% 17.0% 82 1550 33.3 11.2% 20.4% 39.3%
33 313 34.0 7.4% 34.8% 17.8%
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Table 8  Employment and 
labor productivity before 
and after the high-growth 
phase by HGF definition

This table shows HGF performance one year before (t-1) and four years after (t+4) the beginning 
of the high-growth phase, as well as an additional 3 years before (t-4) and after that (t+7). The 
premia are expressed as the (unweighted) average number of employees and labor productivity of 
HGFs relative to that of the average firm (scaled to be 100%)

Panel A: OECD3 (emp)

employment labor productivity

year t-4 t-1 t+4 t+7 t-4 t-1 t+4 t+7

2000 68.3% 239.2% 255.4% 118.6% 107.4% 106.7%
2003 73.8% 77.1% 258.2% 251.2% 125.0% 129.8% 113.4% 126.2%
2006 67.3% 72.9% 267.9% 235.2% 97.1% 118.3% 112.0% 111.2%
2009 65.1% 76.0% 260.9% 108.8% 130.4% 108.5%
2011 67.9% 69.9% 123.9% 131.2%
average 68.5% 72.8% 256.5% 247.3% 113.7% 125.7% 110.3% 114.7%
Panel B: OECD3 (sales)

employment labor productivity
year t-4 t-1 t+4 t+7 t-4 t-1 t+4 t+7
2000 161.5% 100.0% 91.0% 118.0% 106.3% 109.7%
2003 154.9% 156.6% 92.1% 100.4% 121.2% 121.1% 104.7% 108.8%
2006 158.5% 165.8% 82.4% 89.3% 118.9% 110.4% 103.0% 104.6%
2009 144.2% 100.0% 88.8% 122.5% 100.0% 103.1%
2011 100.0% 100.0% 100.0% 100.0%
average 139.4% 136.8% 90.8% 93.6% 115.6% 109.9% 104.3% 107.7%
Panel C: Birch3 (emp)

employment labor productivity
year t-4 t-1 t+4 t+7 t-4 t-1 t+4 t+7
2000 615.0% 100.0% 134.8% 118.0% 111.3% 104.6%
2003 609.1% 622.6% 142.6% 157.1% 124.3% 138.1% 110.5% 104.5%
2006 527.8% 506.8% 126.2% 138.0% 127.0% 125.2% 110.4% 104.4%
2009 598.8% 100.0% 131.5% 127.1% 100.0% 111.6%
2011 100.0% 100.0% 100.0% 100.0%
average 235.9% 222.4% 572.1% 580.9% 112.9% 120.8% 101.3% 102.1%
Panel D: Birch3 (sales)

employment labor productivity
year t-4 t-1 t+4 t+7 t-4 t-1 t+4 t+7
2000 570.5% 100.0% 178.1% 181.3% 112.0% 104.4%
2003 496.5% 538.1% 174.2% 183.9% 191.5% 193.1% 113.6% 104.5%
2006 389.3% 442.6% 141.2% 160.1% 177.1% 168.1% 109.9% 103.7%
2009 488.5% 100.0% 175.4% 198.7% 100.0% 114.6%
2011 100.0% 100.0% 100.0% 100.0%
average 368.6% 350.2% 147.7% 174.1% 166.8% 148.5% 112.5% 104.2%



 M. Bisztray et al.

1 3
Vol:. (1234567890)

Table 9  Industry dynamics 
parameters and HGF 
contribution

Panel A presents the regression results corresponding to Fig. 4 and Eq. 2. The dependent variable 
is the HGF contribution to productivity growth of a HGF cohort of an industry in a 3-year period, 
while the explanatory variables are quartiles of 

�real
 and �cross . The base category is the lowest 

quartile (Q1). Year dummies are included and standard errors are clustered at the industry level. 
Panel B re-runs the regression in Panel A with HGF contribution to labor productivity as the 
dependent variable

Panel A: Base (TFP)

OECD (emp) OECD (sales) Birch (emp) Birch (sales)

�real(Q2) 1.152* 1.958** 0.356 0.591
(0.658) (0.876) (0.411) (0.487)

�real(Q3) 2.119** 1.994* 1.496** 1.489**
(0.983) (1.094) (0.597) (0.706)

�real(Q4) 3.229** 3.407*** 2.348*** 1.735*
(1.226) (1.167) (0.663) (0.872)

�cross(Q2) 2.599 2.485 1.985* 1.285
(1.643) (1.602) (0.992) (0.960)

�cross(Q3) 3.863** 2.914* 2.660** 1.929*
(1.699) (1.564) (1.074) (1.109)

�cross(Q4) 7.141*** 4.829*** 3.757*** 2.749***
(1.776) (1.685) (1.053) (0.901)

Observations 724 724 724 724
R-squared 0.194 0.144 0.196 0.169
Panel B: Base (Labor productivity)

OECD (emp) OECD (sales) Birch (emp) Birch (sales)
�real(Q2) 0.251 1.731** -0.011 1.238*

(0.751) (0.694) (0.420) (0.679)
�real(Q3) 1.917** 3.225*** 0.496 1.838*

(0.904) (0.996) (0.553) (0.979)
�real(Q4) 3.947** 4.630*** 1.233** 2.671**

(1.483) (1.468) (0.611) (1.218)
�cross(Q2) 2.257*** 1.457* 1.159** 1.544**

(0.709) (0.871) (0.529) (0.702)
�cross(Q3) 3.179*** 2.128*** 1.480*** 1.219*

(0.974) (0.668) (0.538) (0.673)
�cross(Q4) 5.505*** 3.897*** 1.854*** 2.612***

(0.767) (0.669) (0.524) (0.700)
Observations 724 724 724 724
R-squared 0.217 0.203 0.212 0.200
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productivity shock by using a proxy for it in an ini-
tial step. The proxy is another flexible input, usually 
materials or energy use. As we have reliable data on 
materials, we will use that variable. We rely on the 
method of Ackerberg et al. (2015). Importantly, with 
this method, the production function coefficient esti-
mates are close to what is expected, and the returns 
to scale are slightly above one (typically between 1 
and 1.1, see Figure 11). We also control for attrition 
of firms from the sample, but this does not affect the 
estimates significantly. After estimating the coeffi-
cients, we simply calculate the estimated TFP for firm 
i in year t by subtracting the product of inputs and the 
estimated elasticities:

In this way, we calculate a TFP level (rather than 
its value relative to year and industry fixed effects), 
which is important when calculating productivity 
changes. Note that the calculated productivity changes 
are very similar to the logic of the Solow-residual.

When estimating the production function, we 
measure labor by the number of workers, capital with 
fixed assets and value added as sales minus material 
expenditures corrected with the change in inventories.

Table  10 presents the average labor productivity 
and TFP by 1-digit NACE categories in 2003 and 
2015.41

Appendix C. HGF definitions

Here we provide some additional statistics about the 
differences and similarities between the four HGF 
definitions we use, as well as about HGF dynamics.

The economic importance of different HGFs

Starting with the overlap between the definitions, we 
find that if two definitions differ in only the growth 
measure, the overlap is between 45-62%, while if 
they differ in both dimensions, the overlap is lower, 
27-41% (see Table  11). In other words, the various 

TFPit = lnVAit − �L × ln Lit − �K × lnKit

HGF measures overlap to some extent but capture a 
quite different set of firms.42

Next, we document how many firms are covered 
by the different definitions. By definition, the Birch 
classifications cover 5% of firms, therefore, the ques-
tion is only relevant for the OECD definitions. Fig-
ure 12 shows the share of HGFs in 2013 by industry 
for the two OECD definitions.43 With few exceptions, 
the share of employment OECD HGFs is between 
1 and 6% and that of sales HGFs is between 3 and 
10%.44 The key pattern is that the OECD sales defi-
nition captures a significantly larger group of firms 
compared to the employment definition. Therefore, a 
substantial subset of sales HGFs actually expand their 
sales faster than their employment during the 3-year 
period, which suggests that increased productivity is 
a key source of growth for many sales HGFs.45

The empirical relevance of the two dimensions 
which distinguish between the different HGF defini-
tions can be more clearly seen when we quantify the 
economic importance of HGFs by their industry share 
in terms of employment and sales. This is illustrated 
by Fig.  13, which shows HGFs’ employment and 
sales share at the beginning of the period (horizon-
tal axis) and after 3 years (vertical axis) by 2-digit 
industry. The 45-degree line represents no change in 
employment share.

41 We have estimated all of these with the prodest (Rovigatti 
and Mollisi , 2018) command in Stata.

42 As a comparison, Delmar et  al. (2003) show that from 
the Swedish HGFs defined based on absolute growth about 
15% have high growth only in sales but not in employment 
and 20% have high growth only in employment but not in 
sales. Shepherd and Wiklund (2009) find that the correlation 
between employment and sales growth is moderate. Daunfeldt 
et al. (2014) show that within employment HGFs the correla-
tion between Birch-type composite and relative growth-based 
measures is 47% in Sweden.
43 The figure omits the outlier industry 7 (Mining of metal 
ores), in which the number of firms is very low and the share 
of sales HGFs is 25%. Note that the share of HGFs according 
to the Birch definitions is fixed for each year. Also, recall that 
our sample consists of firms with 10 or more employees in at 
least one year.
44 While the magnitudes are similar, HGF prevalence depends 
strongly on the macro cycle. These numbers are similar to 
what was found in comparison countries, Grover  Goswami 
et al. (2019), Fig. 1.1.
45 Clearly, instead of productivity growth an increasing use of 
other inputs (materials or capital) might also explain this pat-
tern. However, as we see in our analysis, TFP growth is the 
main explanation.
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HGFs captured by the OECD and Birch defini-
tions have a very different economic importance. 
For OECD HGFs, the median initial employment 
and sales shares are around 4% and 8%, respectively, 
while the typical initial shares are around 20 and 30% 
for Birch HGFs. By definition, HGFs’ industry share 
increases during their high-growth phase, represented 
by the cluster of industries being above the 45-degree 
line.

Regarding employment and sales HGFs, there are 
three clear patterns in the figures. First, both types of 
firms increase their share both in terms of employ-
ment and sales. Second, as expected, HGFs increase 
their share more in the dimension corresponding 
to the definition. Combining these two observa-
tions implies that sales-based HGFs are more likely 
to increase their productivity and still create jobs, 
though to a smaller extent than employment-based 
HGFs. Finally, the differences between the employ-
ment and sales-based HGFs are more pronounced for 
the OECD definitions compared to the Birch defini-
tions. This is likely to be driven by the larger fluctua-
tions that characterize smaller firms.

Table 10  Average productivity

This figure shows the average labor productivity and TFP and their standard deviation by industry. Firms with at least 5 employees, 
based on Muraközy et al. (2018) Table 2.1.

Labor productivity Total factor productivity

2003 2015 2003 2015

NACE Description Mean St.dev. Mean St.dev. Mean St.dev. Mean St.dev.

B Mining and quarrying 3.33 0.88 4.29 0.84 1.35 0.7 2.05 0.73
C Manufacturing 3.11 0.86 3.35 0.82 2.41 0.75 2.58 0.74
D Electricity, gas 4.6 0.96 4.62 1.44 3.49 0.77 3.27 1.33
E Water supply; sewerage 3.52 0.76 3.64 0.9 2.89 0.59 2.94 0.79
F Construction 3.14 0.77 3.39 0.78 2.58 0.66 2.88 0.67
G Wholesale and retail trade 3.38 0.96 3.44 0.91 2.67 0.85 2.81 0.78
H Transportation and storage 3.82 0.74 3.69 0.78 2.84 0.64 2.79 0.62
I Accommodation 2.57 0.75 2.77 0.86 1.84 0.63 2.12 0.74
J ICT 3.68 1.02 3.91 0.94 2.79 0.87 3.09 0.82
K Financial and insurance 4.55 1.28 4.19 1.34 3.6 1.16 3.36 1.23
L Real estate 3.61 1.06 3.51 1.09 2.89 0.91 2.91 0.91
M Professional, scientific 3.6 0.88 3.74 0.93 2.85 0.8 3.06 0.83
N Administrative and support 3.07 0.98 3.19 1.02 2.76 0.84 2.96 0.87
S Other service 3.29 0.66 3.13 0.84 2.81 0.64 2.72 0.75

Total 3.3 0.94 3.43 0.93 2.6 0.82 2.77 0.81

HGF dynamics

In this subsection we consider three questions that 
may lead to differences in the long-term productivity 
contribution of HGFs: the role of young firms, transi-
tions between different types of high growth and exit.

First, Fig.  14 shows the share of young firms (at 
most 5 year old at the start of the high-growth period) 
among HGFs. In line with their smaller size, the share 
of young firms is smaller (around 30% on average) 
among Birch HGFs and larger among OECD HGFs 
(around 40% on average). Employment and sales 
HGFs do not differ in this respect. There is clearly a 
downward time trend, in line with the overall declin-
ing entry rate (see Table 2).

Second, we consider the possibility that one type 
of high growth may be typically followed by another 
type (for example, employment-based by sales-
based). A straightforward way to test for these pos-
sibilities is a transition matrix approach. Table  12, 
shows the probability that a firm which was a HGF 
between t-3 and t is also a HGF (according to the dif-
ferent definitions) between t and t+3. A key pattern 
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Fig. 11  ACF production 
function coefficients. This 
figure shows the produc-
tion function coefficients 
estimated by industry. 
Based on Muraközy et  al. 
(2018) Fig. 2.1.
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Table 11  Overlap between different HGF definitions, 2013

The overlap between any definition pairs i and j is calculated as: overlapi,j =
Ni∩j

min(Ni ;Nj)
 , where N is the number of firms in a set

OECD (emp) OECD (sales) Birch (emp) Birch (sales)

OECD (emp) 100.0% 61.9% 52.6% 27.0%
OECD (sales) 61.9% 100.0% 40.5% 58.6%
Birch (emp) 52.6% 40.5% 100.0% 44.5%
Birch (sales) 27.0% 58.6% 44.5% 100.0%

Table 12  Transition matrix between different types of HGFs, t=2013

This table shows the probability that a firm which was a HGF between t-3 and t is also a HGF (according to the different definitions) 
between t and t+3

Type of HGF in t

HGF in t-3: OECD3 (emp) OECD (sales) Birch (emp) Birch (sales)

all firms 3.2% 8.2% 5.0% 5.1%
OECD3 (emp) 5.1% 12.8% 27.5% 18.8%
OECD (sales) 6.5% 9.7% 24.8% 30.9%
Birch (emp) 8.3% 17.4% 15.6% 9.5%
Birch (sales) 7.7% 14.1% 11.0% 9.6%
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Fig. 14  Share of young 
firms among HGFs
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Fig. 15  Survival 
by HGF definition

46 These patterns are similar for the other periods, and they are 
also in line with the findings of Hölzl (2014) or Daunfeldt et al. 
(2014), who show for Austrian and Swedish firms that Birch 
HGFs have more persistent growth than OECD HGFs.

is that HGF status is persistent, but only to a small 
extent: depending on the definition, a firm which 
was HGF between t-3 and t is about 1.2-3.1 times 
more likely to become the same type of HGF again 
between t and t+3 than the average firm. The persis-
tence of a Birch-type HGF status is stronger than that 
of the OECD-type HGF status. The main driver of 
this pattern might be the importance of firm size in 
the Birch-type definition, which is a quite persistent 
feature. Note, however, that persistence is limited: 

the overwhelming majority of HGFs will not remain 
a HGF in the next period, and high-growth status is 
often only a phase rather than a permanent character-
istic of a firm’s life.46

Table  12 also provides limited evidence for dif-
ferent types of high-growth periods following each 
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Fig. 16  Parameter values 
and reallocation

other.47 For example, employment OECD HGFs are 
slightly more likely to become sales OECD HGFs in 
the next period than sales OECD HGFs do, but the 
difference is small. In the case of Birch firms, we find 
evidence for the opposite phenomenon: sales-based 
HGFs are more likely to become sales-based HGFs in 
the next period than employment-based HGFs do.

Finally, to explore the possibility that differ-
ent HGFs are more likely to exit, probably thanks 
to a more risky growth strategy, Fig.  15 shows sur-
vival rates calculated from 2007 for firms that were 
HGFs between 2004 and 2007 and for other firms.48 
We find that all types of HGFs are actually less likely 

to exit than non-HGFs.49 The least likely to exit are 
the sales-based Birch-type HGFs followed by the 
employment-based Birch-type HGFs and then the 
two types of OECD HGFs. The differences become 
smaller but still visible when we control for industry, 
size and age.

Appendix D. Further simulation results

In this Appendix we report some further results of 
our simulation exercise. First, in Appendix Section 1 
we investigate how changing the industry dynamics 
parameters affect the HGF contribution in this frame-
work. Second, in Appendix Section 2 we describe how 
this framework may be applied to investigate the pro-
ductivity growth contribution of other groups of firms.

49 Acs et al. (2009) find that only 4% of US HGFs exit in the 
4-year period after their high-growth phase, and Choi et  al. 
(2017) and Mohr et al. (2014) show evidence for the positive 
impact of early-phase high-growth status on subsequent sur-
vival probability. On the other hand, Delmar et al. (2013) find 
a negative effect of growth on survival. Gjerlov-Juel and Guen-
ther (2019) show that high employment growth of young firms 
is linked with a higher subsequent survival probability only if 
there is low employee turnover after the growth phase.

48 We have chosen this early cohort so that we can follow their 
survival in the long run. By definition, HGFs cannot exit in 
their high-growth phase, therefore calculating survival from 
2004 would be ‘unfair’ to non-HGFs. That is why the figure 
starts from 2007 and compares firms that were in their high-
growth phase in 2004 with all the firms that were active in 
2004 and survived up to 2007. To be conservative, we do not 
include new entrants in the non-HGF group.

47 Davidsson and Wiklund (2006) suggest that change in 
demand first leads to a change in sales, and it might change 
the level of employment only afterwards. As opposed to that, 
Delmar et al. (2003) emphasize the high variability in growth 
patterns.
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Industry dynamics

In this subsection we focus on the relationship 
between industry dynamics parameters and produc-
tivity contributions. We follow similar steps (and 
graphical tools) to that of Subsection  5.2, starting 
with the between component, followed by the within 
component and presenting regression results about 
the relationship between the parameters and the over-
all HGF contribution.

Let us start with how the parameters affect the 
between term. Figure  16 illustrates how initial pro-
ductivity is related to the probability of becoming a 
HGF under different values of the two key parameters 
while keeping the others constant.50 Panel A shows 
that if both key parameters are zero, the share of input 
HGFs is roughly constant in productivity while that of 
output HGFs is decreasing with productivity, which, 
as we have seen, is a consequence of productivity con-
vergence. According to Panel B, when reallocation 
becomes stronger ( �realloc = corr(productivity,Δsize ), 
the slope of the two curves increases. This modi-
fication generates a positive relationship between 

productivity and the share of input HGFs and a con-
stant (rather than negative) relationship between pro-
ductivity and the share of output HGFs. This result 
implies that when reallocation becomes stronger and 
more effective, HGFs are more likely to contribute 
more via their between term. Panel C shows the effect 
of increasing the cross-correlation. This change does 
not seem to affect the between component because it 
is a correlation between growth rates rather than lev-
els. Finally, Panel D shows the observed average pat-
terns, reproducing Fig. 5 as a reference point.

Figure 17 repeats this exercise for the within con-
tribution, following the structure of Fig. 6. The within 
contributions (or average productivity growth) of 
input and output HGFs are represented by HGFinp and 
HGFout on the vertical axis, respectively. In three out 
of the four panels we see a similar pattern: the input 
HGF contribution is much smaller than the output 
HGF contribution. This is quite different, however, 
when the cross-correlation becomes strongly posi-
tive in Panel C. Now there is a much larger overlap 
between input and output HGFs, and the within con-
tribution of input HGFs is substantially higher than 
in the other three cases. These simulations predict 
that a higher cross-correlation is positively associ-
ated with the within contribution of input HGFs (and 
also of output HGFs, though to a smaller extent). By 
definition, we expect as well that higher cross-corre-
lation also yields larger cross contribution for both 
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Fig. 17  Parameter values 
and the within effect

50 In the simulations all the other parameters take the value 
observed in the Hungarian data to make the results more 
comparable with the empirical exercise. The exact values of 
the parameters are, however, irrelevant for how the patterns 
change, as we change the two key parameters.
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definitions. This simple simulation produces a num-
ber of patterns, in line with our empirical findings, 
presented in Table 13.

Table  14 illustrates that these patterns also work 
out in a regression analysis. We simulate 10,000 sam-
ples of 200 firms for this exercise and draw all corre-
lations randomly and independently from each other 
for the 4-dimensional correlation matrix between 
size, productivity, size growth and productivity 
growth. Then we calculate the different HGF contri-
butions for all these samples.

We run regressions of the form:

where contributioni are the different HGF 
contributions.

We find that the patterns in these regressions are 
much in line with the actual findings in Figs.  4 and 
10. Stronger reallocation increases the contribu-
tion for both types of HGFs via the between com-
ponent. Larger cross-correlation also improves the 

(3)contributioni = �0 + �real�
real
i

+ �cross�
cross
i

+ �i

Table 13  Empirical patterns captured by the model

This table shows the main predictions from the simulation 
exercise. The predictions about the between effect come from 
Fig. 16. Comparing panels A and B of that figure shows that 
an increase in �real is positively associated with the reallocation 
contribution of both types of HGFs, but this increase is larger 
for input-based HGFs. Comparing Panels A and C shows that 
the cross parameter has very limited effect on the reallocation 
contribution. The predictions regarding the within and cross 
terms come from Fig. 17. Comparing Panels A and C of that 
figure suggests that the cross-correlations have a positive effect 
on both types of HGFs, but this effect is larger for input HGFs. 
Comparing Panels A and C does not indicate a substantial 
effect of the reallocation correlation

Panel A: Input based

within between cross overall

�real 0 + + 0 + +
�cross + + 0 + + + +
Panel B: Output based

within between cross overall
�real 0 + 0 +
�cross + 0 + +

Table 14  Regression results on simulated data

This table shows estimates of Regression 3 on the simulated data, in which one of the components of the total HGF contribution is 
the dependent variable and �real and �cross are the explanatory variables. In 10,000 rounds of simulations, the correlations ( �real , �cross , 
corr(Δprod, prod) , corr(prod, inp), corr(Δinp, inp) , corr(inp,Δprod) are chosen randomly and independently from a uniform distri-
bution with a range [−0.5, 0.5] . The standard deviations of the variables are also drawn randomly and independently from a uniform 
distribution with a range of [0, 1]. The average productivity growth is also uniformly random, [0, 0.2]. The contributions are win-
sorized at the 2nd and 98th percentiles

Panel A: Input-based HGFs

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

Contribution: total within between cross

�realloc 0.141*** -0.001 0.145*** -0.003
(0.005) (0.001) (0.003) (0.003)

�cross 0.199*** 0.055*** -0.002 0.146***
(0.005) (0.001) (0.003) (0.004)

Observations 9,853 9,853 9,853 9,853
R-squared 0.234 0.388 0.258 0.173
Panel B: output-based HGFs

(5) (6) (7) (8)
Contribution: total within between cross
�realloc 0.104*** 0.000 0.106*** -0.001

(0.006) (0.002) (0.003) (0.003)
�cross 0.099*** 0.010*** -0.000 0.090***

(0.006) (0.002) (0.002) (0.004)
Observations 9,853 9,853 9,853 9,853
R-squared 0.068 0.003 0.188 0.060
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contribution of both types of HGFs both via the 
within and cross terms.

Applying the model for other groups of firms

This framework, which is able to capture many pat-
terns regarding HGF productivity contributions, can 
be extended to seize the productivity contributions 
of other groups of firms with a policy interest. The 
modification of the model requires two changes. First, 
the definition of HGFs requires HGFs to survive con-
tinuously during the high-growth phase. This allows 
us to abstract away from exit, which may not be the 
case for some other groups of firms and requires us to 
introduce an extra dimension: the probability of exit. 
Second, different correlations of the joint distribu-
tions may be of interest for other groups of firms. Let 
us illustrate this with the example of SMEs.

SMEs can be defined as firms with a size below 
a certain threshold of inp in year t rather than Δinp , 
as in the case of input HGFs. When considering the 
decomposition of the productivity contribution of a 
cohort of SMEs between t and t + 3 , the SME-within 
term will depend on the extent to which small firms 
increase their productivity, which, in turn, depends on 
corr(inp,Δprod) . The economic interpretation of this 
term is whether small firms can increase their produc-
tivity more (or less) than large firms. Empirically, this 
is very close to zero in the Hungarian data, suggesting 
that the within contribution of SMEs will be around 
zero.

The SME between term can depend on multiple 
correlations. First, it depends on the general strength 
of reallocation in the industry (0.144 on average). 
Moreover, it also depends on what type of firms are 
“selected” into the SME group. If, for example SMEs 
are less productive but grow faster than other firms, 
the correlation within the SME group will be less 
positive than the reallocation correlation in the full 
sample. The relationship between SME status and 
productivity depends on corr(inp,  prod). The eco-
nomic interpretation of this term is close to the static 
allocative efficiency, as defined by Olley and Pakes 
(1992). Its average value is around zero (0.142) in 
our data, therefore SMEs are typically less produc-
tive than the average firm in our sample. Second, the 
relationship between SME status and productivity 
depends on corr(inp,Δprod) (the same correlation to 
the one in the within term), which is close to zero. 

As a result, the SME between term is likely to have 
the same sign as the reallocation term, therefore it is 
likely to be positive.51

The cross term will depend on the cross-cor-
relation and is likely to be negative, as in our HGF 
application. Similarly to the between term, it 
also depends indirectly on other correlations, one 
of which is low ( cov(inp,Δprod) = 0.0011 and 
cov(inp,Δinp) = −0.19).

Finally, it would be hard to abstract away from exit 
for SMEs. The effect of exits depends on whether 
exiting SMEs are less productive than the average 
firm, which is mainly driven by how productivity is 
correlated with the new dimension in our framework, 
the probability of exit. The exit term will typically 
be positive for SMEs given the positive correlation 
between size and productivity.

To sum up, based on the observed moments of 
the size and productivity distribution, it is likely that 
SMEs’ contribution is positive but similar to other 
firms’ contribution for each 3-year period.52 This is 
mainly driven by the positive reallocation and exit 
terms. We also learned that a crucial correlation 
which affects the SME contribution is the correlation 
between size and productivity growth. The strength 
of reallocation and the efficiency of the exit process 
are also related to the SME contribution. However, 
these two latter correlations affect SMEs similarly to 
other firms. Note that this is not the case for HGFs, 
for which the cross-correlation does not only affect 
the cross term (similarly to all firms) but it is also 

52 All terms, with the possible exception of the exit term, con-
sist of correlations that are very similar to their industry-level 
counterparts.

51 The logic is the following. Assume X and Y variables both 
have expected value of 0 for all firms. Therefore, on the full 
sample, Cov(X,Y) = E(XY) . Assume that for a subset of firms 
E(x) = a and E(Y) = b . The covariance for this sample of 
firms is E(XY) − ab . Therefore, the correlation for the selected 
group of firms will only differ if both a and b are different from 
zero (assuming no difference in the variance). In our example, 
X = prod and 

Y = Δinp
 and the overall correlation is the real-

location correlation, 0.14. The correlation for SMEs will dif-
fer if SMEs differ from other firms both in terms of prod and 
Δinp , which requires both corr(inp, prod) and corr(inp,Δprod) 
to be substantially different from zero. However, this is not the 
case, therefore the SME sample reallocation correlation is sim-
ilar to the full sample. Note that these selection effects for the 
between term are not an issue for (input-based) HGFs, because 
they are defined based on one of the variables ( Δinp ) in this 
correlation.
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important in determining the within term, and the 
reallocation correlation also affects the type of firms 
selected, as shown in Fig. 5.
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