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This paper investigates how the aftermath of the 2008 crisis affected firm productivity
in the UK, focusing particularly on the cohort effect of firms established after 2008 –
a previously overlooked aspect of the crisis – as well as the interaction with access to
credit, which we test using firm-specific and time-varying credit scores. For identification,
a matched sample is used based on credit score, firm age, size and ownership status, combining propensity score matching with difference-in-differences. While we find evidence
that smaller firm size and changes in credit conditions affect productivity, about half of
the difference in productivity remains unexplained. When we extend the matching analysis to examine across sectors and cohorts, we find that the low productivity performance
2011–2016 is driven primarily by newer firms in the services sector, rather than in manufacturing. Within services, the underlying productivity puzzle is driven by a cessation of
output growth in high-productivity financial services, while abundant labour supply has
led to a ‘levelling down’ of performance of newer firms other services, converging towards
the relatively low-productivity manufacturing.

Introduction
The 2008 global financial crisis led to a sharp contraction in productivity and trade worldwide: the
‘Great Recession’. In the UK, where this slowdown was initially attributed mostly to cyclical
effects, more recent revision has led the Office
for Budgetary Responsibility (OBR) to downgrade
long-run productivity growth assumptions. OBR
(2017)1 demonstrates how output per hour consistently underperformed forecasts between 2010 and
2017, while other major economies2 also fell well
short of OECD forecasts.

1
http://budgetresponsibility.org.uk/docs/dlm_uploads/
Forecast-Evaluation-Report-2017_Web-Accessible.pdf,
Chart 2.7.
2
OBR (2017), Chart 2.8.

The poor UK performance can be seen as part
of a longer-term global trend. Gordon (2017)
demonstrates a global slowdown in productivity
since the late 1970s, with perhaps a temporary
spurt between 1995 and 2005,3 but worsening since
2008. Figure 1 shows a considerable slowdown in
both UK labour productivity and total factor productivity (TFP) since the Great Recession, with
TFP failing to recover to its previous peak. This
problem has been dubbed ‘the UK productivity
puzzle’ (Barnett et al., 2014), and has triggered
a number of economic and/or financial analyses
(Belfield et al., 2017; Chadha, Kara and Labonne,
2017; Fernald, 2015; Goodridge, Haskel and Wallis, 2018; Monteiro, 2013; Pessoa and Van Reenen,
2014; Reis, 2013; Riley, Rincon-aznar and Samek,
2018; Riley, Rosazza-Bondibene and Young, 2014;
3

See also Fernald (2015).
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Figure 1. Labour productivity and multifactor productivity, as percentage of 2005–2008 average
[Colour figure can be viewed at wileyonlinelibrary.com]
Notes: ONS: Labour and multi-factor productivity measures, UK,
April to June 2020, data for Figure 5 (rebased).

Saleheen et al., 2017). Indeed, Goodridge, Haskel,
Wallis (2018) estimate that labour productivity
(output per worker) had fallen 13% below its previous trend by 2011, with a weak recovery subsequently.
Our paper addresses this issue, focusing in particular upon the relationship between aggregateand firm-level performance. Goodridge, Haskel,
Wallis (2018) stress that ‘labour productivity is a
TFP puzzle, since it is not explained by the contributions of labour or capital services’. In treating
overall TFP growth as an aggregate of firm-level
TFP, and examining firm- or plant-level performance, we are in the tradition of Harris and Moffat (2016) or Riley, Rosazza-Bondibene and Young
(2014), and in considering the contribution of new
and smaller firms, we can be seen as following Fort
et al. (2013), Decker et al. (2016) and Haltiwanger,
Hathaway, Miranda (2014).
An important starting point is the OBR (2017)
report. This discusses five possible causes of such
decline. Labour hoarding may have been a plausible explanation during the recession itself, but
is unlikely to be a factor 10 years on. The OBR
is also sceptical about access to finance (except
during the crisis itself), as well as the effects of a
slack labour market - although these are factors
mentioned by other studies. The OBR’s argument
that labour markets were tightening, based on unemployment data, is inconsistent with the fall in

real wages throughout much of this period. Instead, the OBR emphasizes the effects of quantitative easing (QE) in allowing weaker ‘zombie
firms’ to continue, as well as relatively weak investment. However, while this fifth factor may perhaps
explain poor labour productivity, its effects upon
TFP are more ambiguous.
The structure of the paper is as follows. We start
by drawing a series of themes from the wider literature, to develop hypotheses consistent with analysis of disaggregated firm-level data. These themes
are access to finance, sectoral changes in productivity, the nexus of age, size and ownership, and the
effect of macroeconomic factors upon the effects
mentioned above.4 The most distinctive feature of
this analysis comes from a management theme that
the firm cohort (when a firm is born) should play
a key role in determining its future performance
– this has seldom been picked up by the productivity literature, where the main focus has been on
productivity estimation issues; thus we bring in a
new dimension that helps us explain the productivity puzzle in the UK.
We supplement our firm-level panel data with financial data from CRIF. We start with basic panel
fixed-effects analysis, showing that age, ownership,
size and access to finance all have effects upon
TFP. Despite this, we show that, in a basic disaggregation of firm-level TFP changes, only about
half the slowdown is explained directly by these
factors. This is confirmed using a combination of
propensity score matching (PSM) and differencein-differences analysis (DID-PSM) of firms before
and after the crisis. Subsequent sections then disaggregate the PSM analysis by sector, by firm cohort and by both dimensions, allowing us to examine our hypotheses in more detail. Finally, we
discuss the results and conclude.
Our most notable finding is that the slowdown in
productivity after the crisis is not universal, but is
particularly concentrated in newer cohorts of firms
in the services sector. Further analysis shows that
productivity fell in non-financial services, while financial services continued with high productivity,
but had an output slowdown. A tentative conclusion is that the changing macroeconomic environment pushed new firm startups into lowerproductivity service sectors.

4
This is our own classification, based on the literature,
since there is no single study covering all these themes.
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Literature overview and hypothesis
development
In this section, we review some of the economic,
financial and management literature surrounding
the productivity puzzle following the Great Recession, organized according to broad themes,
each related to a hypothesis, to guide our subsequent analysis. While this analysis is carried out
at firm-level, we take heed of the links between
the macroeconomic and firm-level aspects of the
effects of the financial crisis, which should be
clear from the growing literature on firm selection
(Hopenhayn, 1992; Melitz, 2003) and firm dynamics (Sedláček and Sterk, 2017; Sterk, Sedláček and
Pugsley, 2021).
In choosing our broad themes, we share OBR
(2017)’s scepticism about labour hoarding as an
explanation 10 years on, but we follow a range
of other key considerations, which we group into
finance-related explanations, sectoral issues and
the firm age-size-ownership nexus. These effects
lead us to use cohort-based data to compare
the responses of different firms, leading us to
sector-cohort interaction effects. Finally, we consider the effects of the underlying macroeconomic
environment.
Finance-related explanations
Given the financial crisis of 2007-2008, it is not
surprising that several authors attribute the subsequent productivity slowdown to the effects of
changes in firms’ access to finance. Against this,
OBR (2017) is sceptical: ‘While some legacy crisisrelated issues remain at some banks, the system as
a whole appears to be in much better health, and
credit availability is no longer constrained (thanks
also to the Bank of England’s interventions). So
this explanation seems less plausible today.’5
Despite the OBR’s stated view, it is reasonable
to investigate the idea that the crisis affected firms’
ability to borrow, reflecting widespread credit rationing (Jaffee and Russell, 1976; Stiglitz and
Weiss, 1981), which affects banks’ lending behaviour, restricting credit for many firms. This
would likely result in lower investment and possibly fewer and smaller startups. Certainly, in the
short run there was a curtailment of lending, and
5

OBR (2017), para 1.15, p. 7.

3
after the crisis, competition in the banking sector
was impaired (Monteiro, 2013). We also note that
credit rationing may affect different cohorts to differing degrees, as younger firms lack credit history.
We can divide this relationship into two linked
hypotheses. We start with a relationship between creditworthiness and TFP. This relationship,
which is two-way and complex, is surveyed in Heil
(2018), but Butler and Cornaggia (2011) is a key
paper in ascertaining a causal relationship between
better finance and productivity, which we summarize as:
H1a: A firm’s perceived creditworthiness has a
positive effect upon its TFP.
A recent, important study relating this to the differential effects of the crisis is Levene and Warusawithrana (2021), who find that an increase in financial frictions leads to increased sensitivity of
firm-level productivity growth to debt growth. This
strong evidence complements previous findings,
which find that worsened access to finance after
the crisis has affected small and medium-sized enterprises’ ability to innovate (Lee, Sameen, Cowling, 2015), or that small firms find it hard to access credit during recessions (Cowling, Liu and
Ledger, 2012; Freel, 2007). Franklin, Rostom and
Thwaites (2015) show a significant effect of adverse credit shocks on labour productivity and the
chances of firm survival. Furthermore, greater uncertainty would be expected to have had a similar
effect (Bloom, 2009; Bloom, Bond, Van Reenen,
2007). We explore these issues in the section ‘Productivity after the crisis of 2009/10’. Hence we
formulate:
H1b: The productivity disadvantage of less creditworthy firms is greater after the crisis compared to pre-crisis.
Sectoral differences dimension
Productivity levels and growth differ by sector
in many countries, for example Cowling and
Tanewski (2019) find huge sectoral differences
in productivity in Australia, with financial services being the most productive. Growth also
differs: Castellacci (2007)’s study of European
countries found significant sectoral differences,
which he attributes to appropriability conditions,
technological opportunities, skills differences,

© 2022 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British
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openness to foreign competition and size of the
market. Moreover, countries may strategically
reallocate resources to fast-growing industries, to
obtain the highest possible growth (Samaniego
and Sun, 2016). These productivity differences
observed across industries may reflect the underlying trend of economic restructuring. However,
the decline in real interest rate may affect this
reallocation, as it might affect the level of TFP
(Cette, Fernald and Mojon, 2016).
In the specific case of productivity following
the Great Recession, Riley, Rincon-Aznar, Samek
(2018) find that the momentum of labour productivity slowed most in those sectors which had been
growing fastest before the crisis; this essentially
meant that the gap between some service sectors
and manufacturing, which had been widening, began to close. Linked to this are potential issues
of sectoral composition of changes in output and
labour allocation, which Goodridge, Haskel, Wallis (2018) see as paradoxical.6 Here we focus on
TFP rather than labour productivity growth, and
put forward the following hypothesis:
H2: The productivity reduction has been more
marked in the services sector which can be
viewed in part as a convergence process, since
manufacturing initially had lower TFP.
Cohorts: the age-size-ownership nexus
The relationship of firm size, ownership and performance is well documented: a positive relationship between firm size and productivity is a standard finding (e.g. Imrohoroğlu and Tüzel, 2014).
Multinationals tend to have higher productivity
than domestic firms, although Higón, Antolín,
Manez (2011) find that this difference is due to the
nature of multinational firms, rather than them being foreign, which is usually seen as coming with a
liability of foreignness (Zaheer, 1995). In general,
young firms also tend to have lower productivity,
although again we should caution that Cowling
and Tanewski (2019) find productivity declining in
the oldest firms. We have already noted above that
younger firms may lack credit history, and hence
find access to capital more difficult.
6

The reallocation of labour between industries deepens,
rather than explains, the puzzle (i.e., there has been a reallocation of hours away from low-productivity industries towards high productivity industries) – (Goodridge,
Haskel and Wallis, 2018).

Even after correcting for these effects, we argue,
following Sedláček and Sterk (2017) and Sterk,
Sedláček, Pugsley (2021), that firm development
and the contribution of firms to overall productivity should be analysed by cohorts, identifying
firms by year of birth. The first step is to analyse the typical development of firms in a cohort
over time – compare with Ha and Kiyota (2014)’s
study of Vietnamese manufacturing or Aw, Chen,
Roberts (2001) and Aw (2002)’s studies of Taiwanese firms. There is usually a productivity convergence with older cohorts. However, having done
this, we should also consider that the effects of
shocks will be different across cohorts. Sedláček
and Sterk (2017) show that based upon US evidence, where the earlier dotcom bust had more
effect compared to the UK, new establishments
started smaller since the early 2000s, also growing
at a slower rate and creating fewer jobs (Sedláček
and Sterk, 2017). They argue that cohorts originating in times of recession differ, both in terms
of starting productivity and growth pattern, partly
reflecting a different sectoral composition of startup firms in recessions (see below). From this discussion we develop the following hypothesis:
H3: After correcting for age, newer cohorts of
firms explain a disproportionate amount of
the reduction in productivity in response to
the negative shock of the crisis.
An alternative cohort-based hypothesis is proposed by Roback (1982) and in the UK productivity puzzle context by OBR (2017), considering the
case of ‘zombie firms’ as in Cette, Fernald, Mojon (2016). This is also a cohort-based finance explanation for continuing poor performance being
concentrated in larger, older or zombie firms.
H4: Older, ‘zombie’ firms may have continued to
operate with poor productivity following the
recession, with quantitative easing helping to
soften the budget constraints of large firms.
Sector/cohort interaction effects and ‘levelling
down’
Newer cohorts may be relatively more susceptible
to changes in the economic climate. Newer firms
have more flexibility, and are likely to choose a
market which is expanding and prospectively profitable (Sedláček and Sterk, 2017). This will lead

© 2022 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British
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to a change of behaviour when market conditions
change. In particular, firms established during a recession may tend to shift towards more niche products, which may be less risky, but also show lower
growth potential in the longer term.
Having already discussed sectoral distances, we
also note that Harris and Moffat (2016) identify
a large decline in TFP, especially in new entrant
firms in the services sector. This poor performance
of younger cohorts in formerly more productive
services can be termed a ‘levelling down effect’.
Combining this observation with H2 and H3, we
develop the following hypothesis:
H5: There is a gradual convergence process in
TFP between services and manufacturing,
which particularly reflects a fall in productivity of younger firm cohorts in services sector.

5
Table 1. Summary statistics
Variable
Return on capital employed
Liquidity ratio
Return on total assets
Number of employees
Turnover
Fixed assets
Credit score
Age
ln(Fixed assets)
ln(Current assets)
ln(Age)
ln(Credit score)
ln(Return on capital employed)
ln(Labour productivity)
ln(TFPACF )
ln(TFPLP )
ln(TFPOP )

Mean

SD

6.536
27.856
2.613
4.833
2.453
24.260
211.884
555.194
10670.41 51929.88
4543.466 26374.72
83.122
16.787
23.320
21.859
3.890
5.075
2.698
4.389
−0.402
1.888
3.626
5.168
5.140

3.241
2.795
1.039
0.278
2.520
2.397
2.051
2.356
2.354

N
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857

Old firms

The macroeconomic environment
Related to the argument above, Pessoa and
Van Reenen (2014) argue that a negative macroeconomic shock, in the presence of a flexible labour
market, leads not to unemployment, but to the redeployment of resources to less productive tasks.
As Riley, Rincon-aznar, Samek (2018) indicate,
the Great Recession ended the fast growth of
output, employment and productivity in the formerly best-performing sectors (notably financial
services – cf. (Cowling and Tanewski, 2019), and
shifted resources towards lower-productivity sectors. A contributory factor may be the falling interest rate, which may result in banks supportinglower-quality startups than previously. Bank specific credit supply lowered firms’ labour productivity, as well as the likelihood of survival (Franklin,
Rostom, Thwaites, 2020). Indeed, Reinhart and
Rogoff (2014) highlight that episodes of downturns lead to a permanent loss in TFP. We summarize these effects with the following hypothesis:
H6: The financial crisis curtailed the growth in
output and number of newer financial services firms, leading to new firm growth being
diverted to low productivity sectors.

Return on capital employed
Liquidity ratio
Return on total assets
Number of employees
Turnover
Fixed assets
Credit score
Age

6.506
27.807
2.541
4.726
2.439
22.934
219.675
573.329
11235.47 53242.03
4521.684 25742.22
84.320
15.741
26.141
21.916

261,928
261,928
261,928
261,928
261,928
261,928
261,928
261,928

New firms
Return on capital employed
Liquidity ratio
Return on total assets
Number of employees
Turnover
Fixed assets
Credit score
Age

6.756
28.201
3.125
5.509
2.547
32.150
156.624
399.500
6662.596 41226.47
4697.961 30486.56
74.623
20.997
3.310
1.734

36,929
36,929
36,929
36,929
36,929
36,929
36,929
36,929

Note: This table presents summary statistics for the main variables. Here, ln() stands for natural logarithm. Data were winsorized by eliminating the top and bottom 1%, to reduce outliers.
Turnover and fixed assets are in thousands. Also note that the
sample period includes the pre-crisis (2004–2008), crisis (2009–
2010) and post-crisis periods (2011 onwards).

Data and measures

gross output and other firm-specific characteristics – location, number of employees, etc. Moreover, we distinguish firms by ownership (domestic
or foreign).7 Values are deflated to constant prices.
Table 1 reports summary statistics of the main
variables of interest, in both levels and logarithms.

We use UK firm-level data for 2005–2016 from
the FAME database. This includes information on

7
We use the global ultimate controller of the firm to identify its ownership status.
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Table 2. Key firm-level variable mean difference comparing the post-crisis and pre-crisis periods

ln(Turnover)
ln(Age)
ln(Number of employees)
ln(Credit score)
ln(Labour productivity)
ln(TFPAFC )
ln(TFPLP )
ln(TFPOP )

Mean (post-crisis)

Mean (pre-crisis)

Difference

S.E.

Observations

5.8148
2.7056
3.9556
4.3933
1.8591
3.5688
5.1147
5.0867

6.0085
2.6805
4.0384
4.3791
1.9701
3.7856
5.3171
5.2881

0.1937∗∗∗
−0.0251∗∗∗
0.0828∗∗∗
−0.0142∗∗∗
0.1110∗∗∗
0.2168∗∗∗
0.2023∗∗∗
0.2013∗∗∗

0.0111
0.0043
0.0070
0.0012
0.0099
0.0085
0.0097
0.0097

298,857
298,857
298,857
298,857
298,857
298,857
298,857
298,857

Note: This table reports the mean difference between firms in the crisis period (2009–2010) versus other periods. This shows that firms
in the aftermath of financial crisis tend to have lower TFP and are smaller.
*p ≤ 0.1, **p ≤ 0.05, ***p≤ 0.01.

For most variables, we have 364,311 observations.
On average, across the sample, firms are 23 years
old and employ 208 workers. We report four different firm performance measures: standard labour
productivity (turnover per employee) and three alternative measures of TFP, following Olley and
Pakes (1996), Levinsohn and Petrin (2003) and
Ackerberg, Caves and Frazer (2015), henceforth
OP, LP and ACF. However, given that OP and LP
arguably suffer from functional dependence problems, we focus upon the more recent ACF measures, only reporting OP and LP in Appendix A
as a robustness check.8 For further discussion of
the various TFP measures, see Gandhi, Navarro,
Rivers (2020), Tsionas and Mallick (2019), Tsionas
and Tzeremes (2022) and Bournakis and Mallick
(2018). Gandhi, Navarro and Rivers (2020) is the
latest approach on TFP, which remains similar to
ACF in addressing the endogeneity of the input
variables. Bournakis and Mallick (2018) provide a
clear exposition of the ACF method, along with
an overview of the earlier methods.
We also include firms’ credit scores, based on
data from the CRIF group (for details, see Appendix B). The liquidity ratio, which accounts for a
firm’s ability to repay its short-term debt, is generally more favourable for foreign firms, which tend
to be bigger and more productive.
Other key variables are reported, with the means
split between new and old firms (10 years or more).
Old firms tend to have higher turnover, have a
larger number of employees and a higher credit
score, while new firms have more capital per employee, but a greater relative spread.
We now look at the aggregate-level effects of
the aftermath of the crisis, considering this to be
a ‘treatment effect’ (Imbens and Angrist, 1994).

Specifically, we drop the crisis period (2009–2010)
from our analysis, and see the period from 2011
onwards as treated by the shock. Table 2 reports
the mean difference in key financial variables between the post-crisis and pre-crisis periods. These
results indicate that observations before the crisis
have higher average TFP and larger size compared
to those after the crisis. The fall in TFP is about
double that in labour productivity – as in Figure 1.

Empirical strategy
The crisis of 2009/2010 saw a sharp fall in productivity, reflecting both demand-side and credit-side
conditions. To some extent, this can be seen as a
cyclical reaction to the shock, but, as explained in
the Introduction, we are interested in the poor reaction of productivity in the period following this
crisis. We start by testing the relationship between
firms’ credit scores and productivity before and after the crisis, as well as the possibility that foreign
and domestic firms might have differed.9
First, we estimate the following panel equation on annual, firm-level data, by both simple
ordinary least squares (OLS) and using fixed

8
Rizov, Croucher and Lange (2016) use the FAME
database, and estimate TFP using a modified version of
the OP TFP scores, albeit for an earlier period.
9
Arrowsmith et al. (2013) highlight that bank forbearance
played an important role in helping domestic firms more
than foreign companies during the crisis.
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effects:
ln(TFPACFjt ) = β0 + β1 ln(Credit scorejt )
+ β2 ln(Credit score jt )
· Post-crisis dummy


+ X jt βx + γ j + γst + εjt

(1)

where ln(TFPACFjt ) represents firms’ TFP in year
t, using the ACF measure. ln(Credit scorejt ) represents firm-specific credit scores in logarithmic
form, which vary over time t. Post-crisis dummy
equals 1 if the year is 2011 or after. X jt , γ j and γt
denote vectors of firm characteristics, firm-specific
and time fixed effects (where these are included).
If, in line with H1a, more credit-constrained
firms should have lower productivity,10 then β1
should be positive. More significantly, if the aftermath of the crisis, as in H1b, led to a relative
tightening of this effect upon the more constrained
firms, then β2 would also be positive. We expect
very old firms to have worse productivity, and that
productivity will vary by ownership status.
Table 3 reports the effects of the firm-level credit
constraint on log TFP, estimated in pre-crisis and
post-crisis periods but omitting the years 2009–
2010. Column (1) reports a basic OLS model. The
post-crisis dummy suggests that, in line with Figure 1, after the financial crisis, firms on average had
reduced productivity. It also suggests that larger
and older firms tend to have better productivity (cf.
Imrohoroğlu and Tüzel, 2014), while domestically
owned firms have lower productivity (cf. Higón,
Antolín, Manez, 2011). The positive coefficient on
ln(Credit score) suggests a positive elasticity of
TFP of +0.576 with respect to the credit score, rising to an average +0.664 when we include its interaction with age (see Appendix Table C1).
To examine this more complex picture in detail,
in Columns (3) and (4) we add firm-level fixed effects, which are collinear with some variables (for
example credit score), but allow us to incorporate
interaction terms with a post-crisis dummy. Focusing on column (3),11 TFP elasticity with respect to
credit score (at mean log age) is also +0.25 before
and after the crisis. After the crisis, the mean effect of credit score increases among older firms,
but decreases among younger firms. This is highly
10

Although there may be endogeneity issues here.
For column (4) the calculation would need to take account of different mean age by industry.
11

significant and consistent with the premise that
more credit-constrained firms perform worse. The
interaction term of ln(Age) and ln(Credit score) is
examined in Appendix Table C2, showing a negative age elasticity for TFP (around -0.2 based
on mean log credit score) before the crisis, consistent with columns (1) and (2). However, this
switches to a positive elasticity of about +0.62 after the crisis.12 Tentatively, it seems that younger
firms lagged more in productivity after the crisis,
and that a higher credit score benefited them less.
This is a theme which we investigate in the following sections. Note that the large positive postcrisis dummy in columns (3) and (4) is somewhat
misleading, as it is cancelled by interaction with
other variables.
Propensity score matching analysis for all firms
and by sector
We now compare the effects of the aftermath of
the crisis upon TFP, according to industries, ages
and cohorts. To do this, we class the crisis as a
‘treatment’: a step change in environment which
potentially affects all firms subsequently. This suggests the use of pairwise matching of firms: to
identify the direct treatment effect of the crisis,
by eliminating the effects of other variables which
may have also changed at the same time.13
To do this, we employ PSM (Rosenbaum
and Rubin, 1983). This multiple-step procedure
(Caliendo and Kopeinig, 2008) allows for nonparametric use of control variables. PSM has parallels to instrumentation, selecting observations on
the basis of other variables in the dataset, and has
been proposed as a means of reducing endogeneity or self-selection bias (Titus, 2007).14 First, we
develop a propensity score, based upon number of
employees, credit score, age and ownership, controlling for year and sector dummies, where the
propensity is the probability that a particular set
12

We do not report the calculation for column (4) of Table B1, due to space constraints.
13
While PSM is often used to correct for endogeneity of
treatment, in this case we are correcting for the endogeneity of other variables, such as size and credit score, with
respect to the treatment (the crisis).
14
However, this has been subject to some criticism: see
King and Nielsen (2019), who advocate coarsened exact
matching as an alternative. Guo, Fraser and Chen (2020)
criticizes King and Nielsen (2019)’s rather provocative title, and provides a fuller analysis.

© 2022 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British
Academy of Management.

8

M. Douch, H. Edwards, and S. Mallick

Table 3. Impact of firm-level credit constraints on productivity post-crisis

Variables
ln(Age)
Post-crisis dummy
ln(Credit score)
ln(Age) × ln(Credit score)

(1)
ln(TFPACF )

(2)
ln(TFPACF )

(3)
ln(TFPACF )

(4)
ln(TFPACF )

−0.313∗∗∗
(0.0492)
−0.248∗∗∗
(0.00700)
0.576∗∗∗
(0.0256)
0.0326∗∗∗
(0.0111)

−0.455∗∗∗
(0.0349)
0.0569∗∗∗
(0.00438)
0.0947∗∗∗
(0.0211)
0.0573∗∗∗
(0.00783)

0.0883
(0.0657)
2.493∗∗∗
(0.192)
0.436∗∗∗
(0.0371)
−0.0660∗∗∗
(0.0146)
−0.519∗∗∗
(0.0431)
0.188∗∗∗
(0.0169)
0.0168∗∗
(0.00801)

0.128∗
(0.0662)
2.652∗∗∗
(0.193)
0.472∗∗∗
(0.0372)
−0.0747∗∗∗
(0.0147)
−0.555∗∗∗
(0.0431)
0.194∗∗∗
(0.0169)
0.0112
(0.00812)
0.0955∗∗∗
(0.0255)
0.0531∗
(0.0278)
−0.0782∗∗∗
(0.0283)

ln(Credit-score) × Post-crisis dummy
ln(Age) × ln(Credit score) × Post-crisis dummy
Domestic × Post-crisis dummy
Manufacturing × Post-crisis dummy
Construction × Post-crisis dummy
Financial × Post-crisis dummy
Domestic

−0.240∗∗∗
(0.00664)

Services × Post-crisis dummy
ln(No. employees) × Post-crisis dummy
ln(No. employees)
ln(Fixed assets)
Constant
Observations
R-squared
Method
Number of id

0.0627∗∗∗
(0.00237)
0.311∗∗∗
(0.00105)
0.423∗∗∗
(0.110)
298,857
0.292
OLS

0.476∗∗∗
(0.00950)
−0.165∗∗∗
(0.00305)
2.459∗∗∗
(0.0988)
298,857
0.186
FE
64,694

0.474∗∗∗
(0.00949)
−0.164∗∗∗
(0.00305)
0.946∗∗∗
(0.168)
298,857
0.190
FE
64,694

0.121∗∗∗
(0.0255)
0.0254∗∗∗
(0.00298)
0.460∗∗∗
(0.00970)
−0.166∗∗∗
(0.00305)
0.760∗∗∗
(0.169)
298,857
0.191
FE
64,694

Note: Robust standard errors in parentheses. This table analyses the effect of credit score on firm’s productivity. Moreover, it accounts
for the effect of global crisis on access to credit. We include as a control variable the number of employees, capital and measures of
productivity, profitability and firm ownership structure; ***p < 0.01, **p < 0.05, *p < 0.1.

of levels of the key variables is associated with the
observation being pre- or post-crisis.
Once again, we are primarily interested in the
longer-term effects of the crisis, and hence focus on
comparing the post-crisis period (2011–2016) with
pre-crisis (2008 and before).15 To this end, using
PSM, we create a missing counterfactual of a firm
in the post-crisis period, based upon the assumption that it had not been subject to a post-crisis
shock. The estimation methodology then enables
15
Results for the crisis period itself are available from the
authors on request.

us to isolate changes due to the post-crisis treatment. Hence our matching criterion is that
τATT = E p(X )|Post-crisis=1 [E (TFP(1)
|Post-crisis = 1, p(X )) − E (TFP(0)
|Post-crisis = 0, p(X ))]

(2)

where τATT represents the mean difference in TFP
over the common support, holding the propensity score distribution of participants constant.
These remaining differences in productivity are
attributed to the treatment. This specification

© 2022 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British
Academy of Management.

Productivity Debacle in the UK

9

Table 4. Propensity score matching: comparing pre-crisis with the post-crisis period
Panel A: Selection
Variables
ln(TFPACF )

Sample

Treated

Controls

Difference

S.E.

T-stat

Unmatched
ATT

3.577
3.645

3.723
3.702

−0.145
−0.057

0.006
0.0187

−20.96
−3.07

Panel B: Sensitivity test
Mean
Variables
ln(No. employees)
ln(Age)
Foreign
ln(Credit score)
Sample
Unmatched
Matched

Unmatched/Matched
U
M
U
M
U
M
U
M

3.95
3.531
2.7041
2.693
0.37568
0.407
4.3928
4.394

Pseudo-R2
0.001
0

Treated

LR-χ 2
431.83
28.89

T-test
Control

%Bias

3.9619
3.547
2.6883
2.7
0.40074
0.410
4.383
4.3942

−0.7
−1.0
1.5
−0.6
−5.1
−0.7
3.5
0.2

p>χ 2

Mean bias

0
0.000

2.7
0.7

−38.0
60.4
86.5
93.2

t

p>|t|

−2.06
−1.14
4.53
−0.81
−15.20
−0.82
10.40
0.30

0.039
0.253
0.000
0.419
0.000
0.411
0.000
0.764

Median bias
2.5
0.6

Panel C: Propensity score matching common support

Untreated
Treated
Total

Off support

On support

0
53,906
53,906

145,457
163,569
309,026

Note: This table reports the results of PSM, where the treatment effect is given post-global financial crisis. Furthermore, it reports a
number of tests that support the quality of the matched sample.

allows us to compare different cohorts over different time horizons.
Table 4 reports the post-crisis PSM results, compared to the pre-crisis period. Panel A reports the
resulting average treatment effect using the TFP
measure (ACF) as outcome variable (Ackerberg,
Caves, Frazer, 2015). Before matching, the estimated treatment effect is a τATT = 14.5% drop in
TFP as measured by ACF. This statistical difference is highly significant. However, after matching firms with similar characteristics – size, age
and credit score – the difference between firms
before and after the crisis is still a reduction of
about τATT = 6% for ACF.16 These differences are
16
Alternative productivity measures, reported in Appendix A (i.e., Table A3) suggest broadly similar results
for the LP and OP measures of TFP, and somewhat
smaller effects for labour productivity.

statistically significant, and suggest that approximately half of the observed drop in productivity
is explained by the direct after-effects of the crisis,
while the rest reflects the factors for which we control, including finance (as in H1a and H1b).
These results rely on a good matching quality. We use a matching algorithm with caliper.
Panel B shows that the quality of matching is relatively high as there are no significant differences
in size, age, credit score or ownership status after the matching (Caliendo and Kopeinig, 2008).
Hence, the net difference is entirely attributable to
the treatment.
Note that the matching procedure leads to dropping many observations: about 54,000 treated observations do not find a match. However, overall about 75% of the sample is on common support (in the range over which the two distributions overlap) in Panel C. Note that the results do
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Table 5. Propensity score matching: comparing pre-crisis with the post-crisis period excluding finance and age
Panel A: Excluding finance
Variables
ln(TFPACF )

Sample

Treated

Controls

Difference

S.E.

T-stat

Unmatched
ATT

3.577
3.610

3.723
3.664

−0.1452
−0.0541

0.00692
0.0130

−20.96
−4.15

Variables
ln(TFPACF )

Panel B: Excluding finance and age
Unmatched
ATT

3.577
3.512

3.723
3.197

−0.1452
0.3149

0.00692
0.041

−20.96
7.66

Note: This table reports the PSM results, where the treatment effect is given by the post-global financial crisis. Furthermore, it reports
a number of tests that support the quality of the matched sample.

not change quantitatively when employing nearneighbour matching as an alternative approach.17
Furthermore, the likelihood test on the joint significance of all variables is rejected for the matched
sample only. This indicates that the matched sample is of good quality. The quality of matching is
also supported by a low pseudo-R2 (Caliendo and
Kopeinig, 2008).18
In Table 3, as well as in Appendix Tables C1 and
C2, credit scores and age are related to productivity, and the latter relationship, in particular, has
shifted after the crisis. In Table 5 we examine the
contribution of these variables for TFP by successively excluding them from matching. Excluding
credit scores, the decline in matched TFP would be
5.4% against 5.7%: hence, credit score effects contributed about 0.3% to the decline in productivity.
By contrast, if we exclude age, treated productivity
would have risen significantly. This suggests that
age- (or cohort-)related factors have played a huge
role in the TFP shortfall, as in H3, H5 and H6. We
examine this below.
Productivity Post-Crisis by sector
We now distinguish between firms in services, manufacturing and construction. In 2013, these accounted for 78.8%, 10.3% and 5.9% of the economy, respectively. Moreover, Figure 2 shows that,
in the immediate crisis, construction was worst hit
of the three sectors, being the most cyclical in nature, followed by manufacturing and then services.
However, since 2011, services have led the economic recovery, while construction has rebounded
17

Results are available from the authors.
Results using the alternative coarsened exact matching
approach (King and Nielsen, 2019) are quantitatively similar, and available on request.
18

to just above its pre-crisis level, and manufacturing
was still 3% lower in 2015 compared to 2008.
Table 6 compares PSM results for the three
sectors, focusing simply upon the relative TFP
changes in each sector, before and after taking account of our control variables (age, size and credit
score). There are stark differences in sectoral performance. Before matching, TFP showed a small
increase of 3% in manufacturing, but a decline of
21% in services and just over 30% in construction –
all significant. After matching, the positive growth
in manufacturing has increased slightly, and the
fall in construction has increased further. By contrast, the fall in services productivity is almost
eliminated by matching, indicating that changes in
the matching variables can explain almost all of
the sector’s poor performance.
The small rise in manufacturing – the sector
which has performed least well in terms of output
– may indicate a ‘batting average’ effect (Oulton,
1987), consistent with an increase in the productivity cutoffs for firm entry and exit (Melitz, 2003).
Figure 2 shows that the output of services fell
relatively less than manufacturing during the crisis, and subsequently recovered faster. These results are consistent with H2 and are important,
particularly because the sectors already differed in
TFP before the crisis. In Table 6, average TFP before the crisis was 2.761 for manufacturing, 3.707
for services and 5.793 for construction, implying
that TFP in services was 34% higher than, and
construction TFP was over double, that in manufacturing. This suggests that the relative decline
in manufacturing output (but rise in manufacturing TFP) since the crisis should have raised
aggregate TFP across the economy. A qualification
to this is that, when service firms are matched by
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Figure 2. Sectoral growth [Colour figure can be viewed at wileyonlinelibrary.com]
Table 6. Propensity score matching by sector, pre-crisis vs post-crisis
Variables

Sample

Treated

Controls

Difference

S.E.

T-stat

0.0303
0.037

0.0070
0.0096

4.32
3.94

Panel A: Manufacturing
ln(TFPACF )

Unmatched
ATT

2.791
2.818

2.761
2.780
Panel B: Construction

ln(TFPACF )

Unmatched
ATT

5.488
5.1945

5.793
5.595

−0.305
−0.4005

0.0215
0.044

−14.19
−9.08

−0.210
−0.0272

0.0091
0.0133

−23.02
−2.04

Panel C: Services
ln(TFPACF )

Unmatched
ATT

3.497
3.665

3.707
3.692

Note: This table reports PSM for manufacturing, construction and service sectors for the pre- and post-crisis periods.

age, size and credit score, the remaining treatment
effect (fall in productivity) is greatly reduced. Nevertheless, we proceed to examine the changes in services further, after examining cohort effects.

Post-crisis productivity performance by
cohort
The preliminary fixed-effects regressions above
suggest a role for firm age in determining performance, and this relationship shows signs of
change, particularly in its relationship with credit

score, from before to after the crisis. We now examine whether this changing relationship is, in fact,
evidence of cohort effects, as well as age effects on
firm performance. In this, we follow H3, that newer
cohorts are more affected by changes in market
conditions than older firms.
In common with Sedláček and Sterk (2017) and
Sterk, Sedláček, Pugsley (2021), we find that firm
cohorts follow a significant dynamic pattern of
development. Figure 3 shows significant relationships between firm age and size and TFP in our
database. Panel (a) plots the mean size of each cohort by year (starting at the year when the firm is
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Figure 3. Cohort characteristics. (a) TFP plotted against age. (b) Number of employees plotted against age
[Colour figure can be viewed at wileyonlinelibrary.com]
Notes: Panel (a) shows the development of mean number of employees for a series of cohorts (by year of birth), for the period of our
sample. Note that this is based upon firms which survive for 5 years. Panel (b) shows the evolution of median TFP for the same firm cohorts
(but based on those which survive for 4 years, we can include the 2012 cohort). Panel (c) shows TFP evolution for a selection of cohorts
over a longer period of time, but with age, rather than year, as the horizontal axis.

born), which rises fairly steadily in all cases. It also
shows quite clearly that the startup size of cohorts
started falling in 2008 and 2009, while interestingly the post-crisis cohort starting in 2010 started
smaller still. The tendency for new firms to start
smaller was observed for the USA by Sedláček and
Sterk (2017), starting in the early 2000s, whereas
in the UK, this tendency seems to have set in only
during and after the Great Recession. Panel (b)
plots the evolution of median TFP for these same
cohorts. The cohorts starting in 2004–2006 showed
some early TFP growth, with a setback at the time
of the Great Recession, and gradual renewal of
growth thereafter. The years 2008–2010 show successively lower starting TFP, while from 2011 they
not only started lower, but then also plunged. Note
that, unlike in Sterk, Sedláček, Pugsley (2021), our

cohorts are based upon survivors after 5 years (for
size) or 4 years (for TFP), so that the pattern excludes the effects of firm selection over time (à la
Hopenhayn, 1992). This may be one reason why
the general upward trend in TFP over time in panel
(c) is relatively modest.19 We should also add that
the positive relationship between size and TFP
in Table B1 means that increasing the mean size
of a cohort is one route by which TFP increases
with age.
Importantly, panel (b) shows starting mean TFP
for cohorts peaking in 2007, with falls each year
19
Sterk, Sedláček, Pugsley (2021) and Aw, Chen, Roberts
(2001) both emphasize the importance of selection combined with ex ante heterogeneity in explaining productivity growth of cohorts.
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Table 7. Comparison of 2009–2010 cohort with other cohorts (pre-crisis)
Variable

Sample

Treated

Controls

Difference

S.E.

T-stat

ln(TFPACF )

Firms born in 2009–2010 and survived in 2011 onwards (treatment period) compared with 2007–2008 cohort
Unmatched
3.617
3.557
0.060
0.025
2.34
ATT
3.593
3.496
0.096
0.126
0.77

ln(TFPACF )

Firms born in 2009–2010 and survived in 2011 onwards (treatment period) compared with 2005–2006 cohort
Unmatched
3.617
3.620
−0.0029
0.027
−0.11
ATT
3.606
3.428
0.177
0.168
1.05

ln(TFPACF )

Firms born in 2009–2010 and survived in 2011 onwards (treatment period) compared with 2003–2004 cohort
Unmatched
3.617
3.608
0.0095
0.027
0.34
ATT
3.725
3.476
0.249
0.071
3.47

Note: This table shows a number of alternative matchings between firms established in the 2009–2010 period, which are active in the
treatment period of 2011–2016 compared to cohorts established in the pre-crisis period.

thereafter. Moreover, median TFP for the 2011
and 2012 cohorts not only starts low, but plummets
after the first year. Panel (c) plots TFP against age
for a longer period of time for a selection of cohorts.20 It can be seen that cohorts between 1995
and 2008 were on very similar growth paths, but
that, following the Great Recession, first the starting value fell (for the 2010 cohort) and then the pattern of slow TFP growth over time seems to have
broken down (for the 2011 and 2012 cohorts).
Turning now to H4, the ‘zombie firms’ hypothesis of, for example, Cette, Fernald and Mojon
(2016), if this were the dominant factor behind the
productivity stagnation, we would expect productivity to have dipped among older firms (may be especially older, larger, ‘too big to fail’ firms). As far
as we can tell, this hypothesis is not supported by
the data, since, in fact, established firms performed
better in terms of TFP compared to newer startups
(Appendix Figure C1).
We now wish to apply matching analysis of firms
before and after the crisis, matching by industry,
age, size, and financial status. We start by focusing
particularly upon the performance of the cohort
of firms established during and after the financial
crisis. As discussed by Sedláček and Sterk (2017),
there are credible reasons why firms established
in very poor market conditions may have different long-term performance. Table 7 reports the
resulting matching outcome for the period from
2011, comparing firms that started in 2009/10, dur-

ing the financial crisis with those that started before the crisis.
PSM actually emphasizes that the cohorts established during the financial crisis had higher
productivity before matching than those in 2007–
2008.21 Indeed, the estimated τATT is 2.34. Compared to firms established in 2005–2006 or 2003–
2004, the effect is insignificant. However, interestingly, once matching is carried out, there is no significant difference between the post-crisis cohort
and that of 2007–2008, but a positive and significant difference compared to those born in 2003–
2004.
We now proceed to examine a cohort born after the crisis: firms born in 2011–2012. Figure 3
indicates that firms in this cohort were both significantly smaller and less productive than those
in pre-crisis cohorts. Table 8 confirms this: TFP
was 7.5% lower than those born in 2005–2006 or
2007–2008, and the difference is only slightly less
for those born in 2003–2004. We already know that
firms in these post-crisis cohorts started smaller
relative to their pre-crisis equivalents: however,
even after controlling for size, age, industry and
ownership by matching, a difference of 2.8% and
5.4% remains compared to the 2007–2008 and
2005–2006 cohorts. There is also a 2.8% difference
compared to the 2003–2004 cohort, although the
statistical significance is lower.
A conclusion is that the tendency for firms to
start smaller (which in itself seems to be a response
to the crisis) is only a partial explanation for the fall
in efficiency of post-crisis cohorts.

20
Note that TFP has been deflated to eliminate inflation effects.

21
Note that all the results have passed the tests of appropriateness reported in the previous tables for PSM.
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Table 8. Comparison of 2011–2012 cohort with other cohorts (pre-crisis)
Variable

Sample

Treated

Controls

Difference

S.E.

T-stat

ln(TFPACF )

Firms born in 2011–2012 compared with 2007–2008 cohort
Unmatched
2.861
3.608
−0.747
ATT
2.942
3.225
−0.283

0.024
0.117

−30.77
−2.40

ln(TFPACF )

Firms born in 2011–2012 compared with 2005–2006 cohort
Unmatched
2.861
3.621
−0.759
ATT
2.973
3.514
−0.541

0.024
0.249

−31.72
−2.17

ln(TFPACF )

Firms born in 2011–2012 compared with 2003–2004 cohort
Unmatched
2.861
3.557
−0.696
ATT
3.105
3.392
−0.286

0.022
0.169

−30.58
−1.69

Note: This table shows a number of alternative matchings between firms established in the 2011–2012 period, which are active in the
treatment period of 2011–2016 compared to cohorts established in the pre-crisis period.

Within-sector effects by cohort
Although age is a matching variable in Table 7, it is
still possible that the treatment may have differed
by age and sector jointly. Hence, we now match
firms by age thresholds that compare firms in the
periods 2011–2016 and 2005–2008, first for young
firms, then for older firms.
We start by looking at younger firms in Table 9.
While Table 6 has shown that manufacturing firms
have lower TFP than services, Table 9 shows that,
in almost all age thresholds, manufacturing firms
that remained active in the post-crisis period were
relatively more efficient than in previous periods.
By contrast, in services, firms in all age groups perform relatively worse during the post-crisis period.
These differences are statistically significant with a
mean difference in average treatment effect, τATT ,
ranging from 0.157 to 0.29 for manufacturing and
from −0.21 to −0.288 for services. For firms not
older than 3 years, the difference between services
and manufacturing TFP after treatment fell from
35% before the crisis to just 5% afterwards. By contrast, for firms of 10 years of age or older (Table 10, there is a much smaller fall in the difference, from 34% to 29%. There has therefore, been
TFP convergence between sectors, but this is only
significant among the younger cohorts. The poor
aggregate TFP performance of the UK economy
partly reflects the larger share of services, which
performed badly, relative to manufacturing: hence,
following H5, we refer to this as a ‘levelling down’,
driven by younger firms.
A critical point about the service sector may well
be the lower capital requirements needed to set
up in many service activities – particularly those

with relatively low productivity. Hence, it is quite
conceivable that this may be one route by which
changes in the capital market have combined with
other factors to shift economic activity.
For old firms, Table 10 again shows that the average treatment effect τATT range is still negative
(mean difference) for services and positive for the
manufacturing sector, while for construction, it is
mixed. However, the magnitude of the differences
is considerably less than for younger firms, and in
fact the rise for manufacturing is insignificant after treatment.
In summary of these tables, the most noticeable
differences post-crisis compared to before are the
significant decline in productivity of younger service firms, with a smaller increase in productivity
of younger manufacturing firms. In fact, for the
youngest cohorts of firms (3 years), the difference
in productivity between services and manufacturing has almost disappeared after treatment.
Explanation for the poor performance of services
following the crisis
Since the fall in productivity after the crisis is
driven primarily by the poor performance of
young firms in service, we investigate this sector
in more depth. In particular, we split off financial services, which constitute a major sector in
their own right. The UK’s financial service sector
is one of the largest among developed countries, at
7.6% of GDP in 2012,22 and the ratio of service
exports to sectoral GDP was 13%. This sector is
22

Source: Blue Book.
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Table 9. Comparison of firms by age: pre-2009 versus 2011 onwards: young firms
Variable

Sample

Treated

Controls

Difference

S.E.

T-stat

0.174045652
0.079678621

0.021804015
0.032450641

7.98
2.46

0.249486806
0.104729919

0.031994342
0.047486228

7.80
2.21

0.23543189
0.115526245

0.037063318
0.05962199

6.35
1.94

0.22002212
0.161694465

0.044580499
0.061446346

4.94
2.63

0.178848871
0.109012481

0.056735318
0.077308554

3.15
1.41

0.020676953
0.062934862

−23.72
−12.73

0.026895579
0.081129829

−21.54
−12.98

0.030063797
0.09345933

−20.19
−12.30

0.034937017
0.095262211

−17.17
−13.05

0.043157602
0.122823801

−13.01
−10.19

0.0513
0.1385

−16.39
−7.68

0.0581
0.171

2.20
−2.14

0.06490861
0.208755387

3.46
−1.02

0.076051206
0.192824336

3.51
0.67

0.09121973
0.323663287

5.36
0.73

Manufacturing
ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

9 years old (or younger) firms
2.9003258
2.72628015
2.73258637
2.65290775
5 years old (or younger) firms
2.94750035
2.69801355
2.78259179
2.67786187
4 years old (or younger) firms
2.95082056
2.71538867
2.64979672
2.53427047
3 years old (or younger) firms
2.96094229
2.74092017
2.95281413
2.79111967
2 years old (or younger) firms
2.97480141
2.79595254
2.91615671
2.80714423
Services

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

9 years old (or younger) firms
3.36270199
3.85322569
−0.490523702
3.21280614
4.01400238
−0.801196242
5 years old (or younger) firms
3.16649189
3.74579045
−0.579298557
3.01818396
4.07137209
−1.05318813
4 years old (or younger) firms
3.12184943
3.72889213
−0.607042696
2.92444402
4.07381758
−1.14937356
3 years old (or younger) firms
3.11399952
3.71386896
−0.599869442
3.09047104
4.33352194
−1.2430509
2 years old (or younger) firms
3.15663317
3.7182018
−0.561568624
3.07086146
4.32268928
−1.25182782
Construction

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

9 years old (or younger) firms
5.420
−0.841
4.793
−1.064
5 years old (or younger) firms
5.328
5.200
0.1278
4.725
5.092
−0.3665
4 years old (or younger) firms
5.35738711
5.13254634
0.224840764
4.73912516
4.95143487
−0.212309712
3 years old (or younger) firms
5.33311878
5.0659683
0.267150482
5.27879355
5.15011436
0.12867919
2 years old (or younger) firms
5.46161535
4.9726703
0.488945057
4.84537912
4.60892257
0.236456548
4.578
3.729

Note: This table shows a number of alternative matchings between young–young firms. The treatment is the 2011–2016 period.

© 2022 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British
Academy of Management.

16

M. Douch, H. Edwards, and S. Mallick

Table 10. Comparison of firms by age: pre-2009 versus 2011 onwards: old firms
Variable

Sample

Treated

Controls

Difference

S.E.

T-stat

−0.048338133
−0.020078982

0.008647179
0.012094056

−5.59
−1.66

−0.058155215
−0.009860692

0.009227737
0.014730878

−6.30
−0.67

−0.057741097
−0.019504066

0.010019191
0.016218378

−5.76
−1.20

−0.068678446
−0.018545843

0.011009793
0.019044923

−6.24
−0.97

−0.219710612
−0.075075409

0.013916719
0.029324994

−15.79
−2.56

−0.216655838
−0.104008078

0.015588038
0.036150916

−13.90
−2.88

−0.213956354
−0.090049885

0.017754522
0.035720077

−12.05
−2.52

−0.204755936
−0.050154128

0.020419189
0.039730465

−10.03
−1.26

−0.330792022
−0.424659393

0.028260603
0.059254181

−11.71
−7.17

−0.032634839
−0.188552648

0.026098754
0.058016419

−1.25
−3.25

0.095814502
0.066150192

0.027124218
0.0590812

3.53
1.12

0.067589533
0.184238916

0.030659824
0.073752438

2.20
2.50

Old firms
Manufacturing
ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

10 years old (or older) firms
2.76409191
2.81243004
2.73340536
2.75348434
15 years old (or older) firms
2.74966104
2.80781626
2.63302103
2.64288172
20 years old (or older) firms
2.72657992
2.78432102
2.62826813
2.6477722
25 years old (or older) firms
2.70631122
2.77498967
2.57480221
2.59334805
Services

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

10 years old (or older) firms
3.55855105
3.77826167
3.48623961
3.56131502
15 years old (or older) firms
3.52495092
3.74160676
3.36865742
3.47266549
20 years old (or older) firms
3.47368557
3.68764192
3.33202005
3.42206994
25 years old (or older) firms
3.40151403
3.60626997
3.20196409
3.25211821
Construction

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

10 years old (or older) firms
5.87489582
6.20568784
5.30564095
5.73030034
15 years old (or older) firms
6.2044989
6.23713374
5.59519164
5.78374429
20 years old (or older) firms
6.29478657
6.19897206
5.82397781
5.75782762
25 years old (or older) firms
6.26843122
6.20084168
5.79677784
5.61253893

Note: This table shows a number of alternative matchings between old-old firms. The treatment is the 2011–2016 period.

relatively skill-intensive, unlike many other service
sectors. Thus the results in Tables 9 and 10 may
show different patterns when we split off financial
services.
Table 11 shows that financial services have much
higher TFP than other services, and this applies
before and after matching. Indeed, after the crisis, non-financial services had productivity not

much higher than manufacturing (especially after
matching). A good deal of this productivity difference undoubtedly reflects the fact that financial
services have attracted highly educated workers for
many years.
This difference between financial and nonfinancial services becomes starker after the crisis. In fact, financial services productivity rises
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Table 11. Services sector: pre-2009 versus 2011 onwards
Variable

Sample

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

ln(TFPACF )

Unmatched
ATT

Treated

Controls

Difference

Services sector: all firms
3.49441549
3.80409358
−0.309678086
3.29489799
3.62780478
−0.332906791
Services sector without financial services
3.27549435
3.51057433
−0.235079981
3.04560719
3.2146654
−0.169058213
Financial services
5.772345
5.69291155
0.079433451
5.23306273
5.21524803
0.017814701

S.E.

T-stat

0.011568857
0.03459617

−26.77
−9.62

0.011617518
0.032560299

−20.23
−5.19

0.029470751
0.071327363

2.70
0.25

Note: This table shows a number of alternative matchings for the services sector. The treatment is the 2011–2016 period.

suggests that financial services were relatively more
capital oriented than other service sectors, as well
as paying higher wages. However, if we compare
other service sectors (excluding financial services)
with manufacturing and construction, the results
indicate that both capital and average wage per
head are relatively lower in the 2011–2016 period.
These differences are statistically significant and
support these conclusions.

Robustness checks of our baseline
results
Figure 4. Financial services peaked before the crisis [Colour figure
can be viewed at wileyonlinelibrary.com]

after the crisis, although this change becomes
insignificant after matching. By contrast, there
is a highly significant and sizeable fall in nonfinancial services productivity after the crisis (23%
before matching, with t-stat of -20.23, or 17% after matching, with t-stat of -5.19). This is a downwards convergence with the TFP levels of manufacturing, and is consistent with the pattern among
younger cohorts in Table 9, as emphasized in H2.
We can link this to Riley, Rincon-aznar, Samek
(2018)’s finding of TFP growth slowing in sectors
which had previously been fast-growing. This underlies H6, that the stalling in the growth of output
of the financial services sector, as shown in Figure 4, is a major factor in the UK’s poor aggregate
productivity performance.
To analyse the differences between financial services and other sectors, Table 12 reports the average capital and wage per head comparison between
firms operating in 2011–2016 versus pre-2009. This

Additional controls
To analyse the robustness of our baseline results
reported in Table 4, we now augment the model
with more control variables. Results are shown in
Table 13 column (1), we add additional control
variables (see table notes), which suggest a lower
overall effect compared to our baseline (3.8% lower
TFP after the crisis, compared to an average 6%
in Table 4). Nevertheless, the additional controls
show a consistent negative effect. Next, we add
squared and cubic values of age to our specification, which slightly increases the estimated treatment effect to around 4.7%. We also add interaction terms for age with employment and credit
score, which increase the overall effect to roughly
6.7%: close to our original baseline. Overall, these
checks confirm the robustness of our estimates.
Difference-in-Differences and propensity score
Next, in Table 14 we consider a PSM algorithm
incorporating a difference-in-differences specification (DID-PSM) – e.g. (Cui and Xu, 2019; Martins, 2009). This starts with the difference in TFP
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Table 12. Wage and capital per head mean difference between pre- and post-crisis

Capital per employee
Average remuneration
per employee

Capital per employee
Average remuneration
per employee

Mean (Financial services)

Mean (Other services)

Difference

S.E.

Observations

343,655
56,924

227,349
30,794

116,305∗∗∗
26,129∗∗∗

6430
220

152,518
155,385

Mean (Services)

Mean (Other sectors)

Difference

S.E.

Observations

181,491
30,075

251,918
35,151

−70,426***
−5075***

2210
75

253,484
253,983

Note: This table reports the mean difference between service sectors in the period 2011–2016 versus pre-2009. This shows that firms in
the services sector (excluding financial services) employ relatively less capital per worker and pay lower wages.
*p ≤ 0.1, **p ≤ 0.05, ***p ≤ 0.01).
Table 13. Augmented baseline specification in Table 4

Variables
Unmatched difference
ATT
Observations
Base controls
Additional controls
Age square
Age cubic
Age × Employment
Age × Score

(1)
ln(TFPACF )

(2)
ln(TFPACF )

(3)
ln(TFPACF )

(4)
ln(TFPACF )

(5)
ln(TFPACF )

(6)
ln(TFPACF )

−0.161∗∗∗
(0.00839)
−0.0385∗∗∗
(0.0178)
226,987



−0.161∗∗∗
(0.00839)
−0.0477∗∗∗
(0.0166)
226,987




−0.161∗∗∗
(0.00839)
−0.0451∗∗∗
(0.0171)
226,987





−0.161∗∗∗
(0.00839)
−0.0335∗∗∗
(0.0168)
226,987






−0.161∗∗∗
(0.00839)
−0.0352∗∗∗
(0.0172)
226,987




No


−0.161∗∗∗
(0.00839)
−0.0671∗∗∗
(0.0167)
226,987







Note: This table reports the results of PSM, where the treatment effect is given by post-global financial crisis. We add to our baseline
specification in Table 4 additional control variables, such as: liquidity ratio, current assets, profits, fixed assets, wage bill, return on capital
employed, return on current assets, bank deposits, average remuneration, capital per employees and age. Furthermore, we experiment
by adding a squared term of age and a cubic term, as well as interaction of age with credit score and employment.
*p ≤ 0.1, **p ≤ 0.05, ***p ≤ 0.01.
Table 14. Difference-in-differences plus propensity score matching

Variables
ATT
Observations

(1)
ln(TFPACF t−t1 )

(2)
ln(TFPACF t−t2 )

(3)
ln(TFPACF t−t3 )

−0.0348∗∗∗
(0.00349)
233,987

−0.0568∗∗∗
(0.00472)
182,536

−0.0633∗∗∗
(0.00860)
137,516

Note: This table reports a DID approach combined with propensity score. The first difference is either yearly change if TFP, 2-yearly
change in TFP (column 2) and 3-yearly change in TFP (column 3).
*p ≤ 0.1, **p ≤ 0.05, ***p ≤ 0.01.

compared to a lagged value (we examine t-1,
t-2 and t-3 in this context). We then compare
the difference in the differences between matched
and unmatched firms. The combination of PSM
with DID eliminates any additional selection bias
that might be present in the analysis (Heckman,
Ichimura, Todd, 1997). The matching algorithm

eliminates potential selection bias in the estimation
procedure by comparing treated versus untreated,
while on the other hand, the DID approach eliminates potential bias from unobserved heterogeneity in the model (Imbens, 2004). To select a suitable control group which has not been treated by
financial crisis, we estimate the probability of being
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affected (treated) based on a set of control variables, as in Jabbour et al. (2019):23
Pr(Post-crisis = 1)it = β0 + β1 ln(Empl)it
+ β2 ln(Age)it + β3 ln(Score)it
+ β4 Foreign dummyit + β5Nace dummyit + it
(3)
For this purpose, we use a logit model to estimate
the propensity score of being treated, controlling
for age, employment, credit score, industry and foreign dummy. We then match firms affected by financial crisis versus firms in the pre-crisis period.
We do this DID for 1, 2 and 3-year changes in TFP.
The results of our DID-PSM analysis, which are
reported in Table 14, show a high degree of consistency with both Tables 4 and 13, with a robust
and fairly consistent negative effect of −3.5% for
a 1-year TFP change, rising to −6.3% for 3-year
changes. This strongly supports the finding of our
previous analysis of a negative growth in TFP after
the crisis.

Conclusions
Our analysis suggests that there has indeed been a
decline in productivity after the Great Recession,
which is beyond what can be explained by changes
in the size or composition of firms (confirmed by
DID-PSM analysis). More disaggregated analysis
suggests that the analysis is linked to both age and
structure of firms, with younger firms in the financial sector showing the most marked slowdown. To
summarize the relationship to macroeconomic factors: while the explanation of the UK productivity puzzle is indeed driven by the crisis in the financial sector, the explanation is not simply due
to interruptions in the supply of finance, but also
importantly to the structural decline in the output of the financial services sector, in line with H6.
This is the classic response of a flexible economy
to a fall in demand for its most productive sector
(Pessoa and Van Reenen, 2014). Before the crisis,
productivity was much higher in financial services
than other sectors (other than construction, which
is volatile), while manufacturing was lagging behind. The sharp growth in financial services output relative to GDP between 2001 and the crisis
23
Note that including additional controls does not quantitatively change the point estimates.

is shown in Figure 4, while a decline sets in from
2010.24 A combination of macroeconomic factors
and the after-effects of the financial crisis curbed
the previously rapid growth of financial services,
at least in terms of new startups, although existing
major players continued with high productivity. At
the same time, the decades-long shakeout of manufacturing continued.
Policy and Managerial Implications
The post-crisis period in the UK has been marked
by falling real wages (with high immigration) and
QE in capital markets, so that factor prices can
be seen as falling in real terms. Hence, despite
the slowdown in the high-productivity financial
services sector, other sectors have continued to
grow, but they require less capital per head and
less skilled workers. A falling real wage has permitted firms to increase employment.25 The increase in the labour force during the period of
uncertainty has an advantage over capital investment since it is relatively easier to lay off excessive
workforce if firm growth is falling (Bloom, Bond,
Van Reenen, 2007). Likewise, continuing uncertainty can lead to the redeployment of labour, in an
economy with relatively slack demand but a flexible labour force, towards areas with low productivity but lower financial risk. It can be concluded
that a combination of rapid labour force growth
and a flexible labour market with a bad shock
to the previously dominant, high-productivity finance sector makes UK growth in this period a
special case of extensive growth without productivity growth,26 where abundant supplies of factors
have compensated for stagnant productivity. However, in the UK, the additional element is the output decline in the high-skilled, high-productivity
financial services sector relative to GDP, with resources being moved to other low-productivity
areas.
A few final comments are in order. First of all,
while no single factor drives the TFP puzzle, the
24

Source: Hutton and Shalchi (2021).
Interestingly, Rizov, Croucher, Lange (2016) found that,
in the decade prior to the crisis, the introduction of the
National Minimum Wage had raised TFP, especially in
lower-productivity sectors. It may well be that the postcrisis period has seen a reverse effect, with ample labour
available at the low end of the wage distribution.
26
Compare with the Asian Tigers in Young (1995)’s wellknown analysis.
25

© 2022 The Authors. British Journal of Management published by John Wiley & Sons Ltd on behalf of British
Academy of Management.

20

M. Douch, H. Edwards, and S. Mallick

poor growth reflects a combination of a cessation of demand growth (and hence opportunities
for new firms to enter and build markets) in the
high-productivity financial services sector, combined with a flexible labour market (which means
new firms can hire workers) but some difficulty
in borrowing for newer businesses. This combination of factors means new firms are tending to be
smaller than pre-crisis, and concentrated in lowerproductivity parts of the services sector.
Limitations and Future Research
Since our database has little information on labour
force quality at the firm level, it is not easy to
link this analysis to studies concentrating on this
aspect. Likewise, our analysis does not directly
address the issues of technology and innovation.
Studies showing barriers to innovative collaboration (Audretsch and Belitski, 2020) may provide
a complementary view. Our paper does provide
some evidence that multinationals are more productive, which is in line with evidence on technology spillovers (Driffield, Love, Yang, 2014),
although interestingly this effect seems to have
been weakened by the Great Recession, perhaps as
multinational enterprises pulled in their horns in
the face of unfavourable global conditions. Again,
our study does not have specific information on
the management structure and operation of firms.
For example, recent work by De Amicis and
Falconieri (2022) compares how different firms
communicate during crises – something which
might be applicable in this case, subject to data
availability.
In addition, our paper does not focus specifically on any policy analysis, although the fact that
we identify the TFP problem as primarily linked
to newer cohorts suggests that policies aimed at
increasing the performance of younger firms, as
in Colombo, Cumming, Vismara (2016), can play
a major role in improving aggregate productivity
performance. Furthermore, there has been a potential decrease in investment in new projects, reflecting the general level of uncertainty that has
characterized the UK economy after the recession and the tight credit conditions. This has contributed, along with low productivity performance
of the new cohort, to a general decline in TFP. Further research should explore these facts in more
detail.
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Appendix A: Robustness
Since all matching techniques have potential
drawbacks, we consider an alternative matching
algorithm that reduces potential imbalances in
variables used in the matching process, namely
the coarsened exact matching (CEM) algorithm,
which also reduces the bias in the dependent
variable and improves inference (Blackwell et al.,
2009).27 CEM involves grouping all statistically
indistinguishable observations (based upon selection criteria) and assigning them the same numerical value. Only after this are unmatched
units dropped.
Compared to PSM, CEM matches far more
observations: about 268,610 non-crisis observations with 64,474 observations in the treatment
period, as reported in Table A1, panel A. One
difference that arises compared to PSM is that
CEM matches more treated firms with non-treated
firms. Furthermore, CEM provides other information about overall imbalances in the matching
process.
The multivariate imbalances reported in panel
B highlight the overall model fit. The L1 distance
suggests a high level of imbalances (0.97) in this
case. Indeed, a value of L1 equal to 1 represents
perfect imbalances, whereas L1 equal to 0 represents a perfect global balance.
The objective of this non-parametric matching algorithm is to eliminate from the data
27
See Iacus, King and Porro (2012), who highlights the
advantages of this approach over alternative matching methods.
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Table A1. Coarsened exact matching
Panel A: Matching summary

All
Matched
Unmatched

Non-crisis

Crisis

298,355
268,610
29,745

65,956
64,474
1482

Panel B: Multivariate imbalances
Multivariate

L1

Distance:

0.97

Panel C: Univariate imbalance

ln(TFPACF )
ln(Number of employees)
ln(Age)
Foreign
ln(Credit score)

L1

Mean

Min

25%

50%

75%

Max

0.0198
0.02027
0.03129
4.20E-15
0.10813

−0.00364
−0.00182
−0.00055
1.90E-15
−0.00268

−0.24896
0
0
0
0

0.0044
0
0
0
0

0.00018
0
0
0
0

−0.00942
−0.00727
0
0
0

−0.22066
−0.30994
−0.03822
0
0

Note: This table reports the CEM algorithm compared to PSM. This indicates that overall the treated group (crisis period) is relatively
less efficient and more credit-constrained than the control group. In fact, after matching there exists a difference in mean between the
two groups as well as in quantile distribution.

observations that reduce the quality of the matching. In other words, by excluding low-quality observations, it leads to a better balance between
the treated and control groups in terms of similarities of their covariates. When exact balanced
data has been found, this makes it possible for
US to identify an estimate of the causal effect
by simple difference in means on the matched
data.
Panel C of table A2 reports the univariate imbalances of the matching process, thus without taking into account all interaction between variables
and their joint significance. The L1 distance is very
low for each control variable and relatively higher
for the credit score. This suggests an overall global
balance when we consider this variable separately.
Furthermore, the second columns, which represent the mean after matching with CEM, indicate
that the treated group had relatively lower productivity performance (a mean difference between
treated and control of −0.00364). The size of the
treated firm is reduced a little compared to the control group, as well as treated firms tending to be
younger and more credit-constrained. Indeed, the
mean differences after matching with CEM highlight that during the global financial crisis, firms
suffered lower credit scores, which is perhaps intuitive. In the case of foreign firms, CEM indicates
that these were relatively more efficient compared

to domestic companies (i.e. in line with the findings
of Figure C1).
Looking at the quantiles of distributions for this
variable, reported in columns labelled ‘min’, 25%,
50%, 75% and ‘max’, the table confirms earlier results that the treated group is relatively less productive at the minimum, the 75th percentile and the
maximum. The comparison also shows that large
firms got smaller in terms of number of employees during the crisis, which may perhaps explain
the fall in TFP at the top end.28
Tests of Matched Pairs by Age before and during
the crisis. In Table A3, we now do matching to
compare young firms with young firms in another
period, and then compare that to a matched pairs
comparison for older firms. In other words, if we
are hypothezising that the crisis or its aftermath
will have particularly affected newer cohorts of
firms, then the treatment effect for young firms (crisis or post-crisis versus pre-crisis) will be greater
than that for older firms.
A comparison of the financial crisis period of 2009–
10 to the pre-crisis period. We start by comparing
the immediate effects of the crisis, with matching
based on age thresholds, comparing the treatment
28
Table A2 shows the breakdown of the corasened exact
matching comparison by sector.
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Table A2. Coarsened exact matching by sector
Panel A: Matching summary
Manufacturing
Non-crisis
All
76,576
Matched
66,734
Unmatched
9842
Multivariate L1 distance:
Univariate imbalance:

Construction

Services

Crisis

Non-crisis

Crisis

Non-crisis

Crisis

17,125
16,401
724
0.97135577

37,751
27,648
10,103

8833
8006
827
0.91804125

170,928
149,444
21,484

37,080
36,024
1056
0.96802499

Panel B: Manufacturing

ln(TFPACF )
ln(Number of employees)
ln(Age)
Foreign
ln(Credit score)

L1

Mean

Min

25%

50%

75%

Max

0.03418
0.03029
0.03806
7.90E-14
0.12443

−0.00981
−0.00039
−0.00201
7.40E-14
−0.00506

0.47168
0
0
0
0

−0.01168
0
0
0
0

−0.012
0
0
0
−0.01093

−0.01526
0.00536
0
0
−0.0107

0.05441
−0.30994
−0.02048
0
−0.01015

Panel C: Construction

ln(TFPACF )
ln(Number of employees)
ln(Age)
Foreign
ln(Credit score)

L1

Mean

Min

25%

50%

75%

Max

0.04676
0.03076
0.04153
7.30E-15
0.09502

−0.01489
−0.00091
−0.00591
−2.20E-16
−0.00633

−0.27578
0
0
0
0

−0.01976
−0.13353
0
0
−0.01325

−0.01964
0
0
0
0

−0.01722
0.00913
0
0
0

0.18779
−0.30994
−0.02353
0
−0.01015

Panel D: Services

ln(TFPACF )
ln(Number of employees)
ln(Age)
Foreign
ln(Credit score)

L1

Mean

Min

25%

50%

75%

Max

0.02559
0.02068
0.02927
4.40E-14
0.1098

−0.00378
−0.00105
−0.00088
6.30E-14
−0.00202

−0.24896
0
0
0
0.09531

−0.01399
0
0
0
0

0.00047
0
0
0
0

−0.00569
0.00844
0
0
−0.01081

−0.38062
−0.30994
−0.03195
0
0

Note: This table shows the coarsened exact matching for each sector, a summary of the matching, overall imbalances and univariate imbalances. Furthermore, it reports the mean difference between treated and control group as well as differences in quantiles of
the distribution.

period (2009–2010) with other periods.29 The comparisons are shown in Table A4.
The upper part of the table shows the unmatched and matched TFP differences for younger
cohorts of firms, while the lower part focuses on
older firms. Without matching, the biggest drop in
productivity is among young firms (11–15%), compared to around 7% for older firms. After match29
Here we consider both pre- and post-crisis. However,
when comparing with only pre-crisis, the results are fairly
the same (i.e. small variation in coefficients).

ing, the difference increases, since the productivity
differential between matched and unmatched firms
increases for the younger cohorts, while changing
little or falling for older cohorts.
Further down, looking at the old cohort, we
matched firms by age thresholds of 10, 15, 20 or
25 years old. These results show statistically significant differences between unmatched groups, with
the treated group performing worse in almost all
age thresholds. However, after matching, there is
only a statistically significant effect for firms from
10 up to 20 years old: matched groups aged 20
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Table A3. Alternative productivity Measures PSM: comparing pre-crisis with the post-crisis period
Panel A: Selection
Variables

Sample

Treated

Controls

Difference

S.E.

T-stat

ln(TFPLP )

Unmatched
ATT
Unmatched
ATT
Unmatched
ATT

5.1235
5.286
5.0955
5.257
1.873
1.976

5.248
5.3541
5.219
5.325
1.9689
2.0085

−0.124
−0.0683
−0.1237
−0.0678
−0.0953
−0.0323

0.0079
0.0112
0.0079
0.0112
0.0081
0.0115

−15.58
−6.08
−15.55
−6.05
−11.78
−2.80

ln(TFPOP )
ln(Labour productivity)

Note: This table reports the results of PSM where the treatment effect is given by post-global financial crisis. Furthermore, it reports a
number of tests that support the quality of the matched sample.
Table A4. Comparison of firms by age thresholds during the financial crisis
Variable

Sample

Treated

Controls

Difference

S.E.

T-stat

Young firms
ln(TFPACF )

ln(TFPACF )

ln(TFPACF )

ln(TFPACF )

Compare 5 years old (or younger) firms during crisis with similar firms in other periods
Unmatched
4.88514069
5.01098549
−0.125844797
0.015425159
ATT
4.5868504
4.7527933
−0.165942903
0.050090386
Compare 4 years old (or younger) firms during crisis with similar firms in other periods
Unmatched
4.89541572
5.00951954
−0.114103814
0.017316693
ATT
4.50625375
4.72163057
−0.215376817
0.059070597
Compare 3 years old (or younger) firms during crisis with similar firms in other periods
Unmatched
4.89632379
5.01463239
−0.118308603
0.020399964
ATT
4.40511782
4.64113701
−0.236019182
0.070781693
Compare 2 years old (or younger) firms during crisis with similar firms in other periods
Unmatched
4.9042567
5.04759614
−0.143339437
0.025810196
ATT
4.88520122
5.04268391
−0.157482695
0.044956279

−8.16
−3.31
−6.59
−3.65
−5.8
−3.33
−5.55
−3.5

Old firms
ln(TFPACF )

ln(TFPACF )

ln(TFPACF )

ln(TFPACF )

Compare 10 years old (or older) firms during crisis with similar firms in other periods
Unmatched
5.10822306
5.1792366
−0.071013542
0.006426807
ATT
5.23098793
5.29802161
−0.067033676
0.019537815
Compare 15 years old (or older) firms during crisis with similar firms in other periods
Unmatched
5.14144606
5.21537937
−0.073933306
0.006814619
ATT
5.3012347
5.37644963
−0.075214933
0.020886902
Compare 20 years old (or older) firms during crisis with similar firms in other periods
Unmatched
5.1563748
5.2301379
−0.073763092
0.007373149
ATT
5.49362376
5.54950391
−0.055880149
0.039506805
Compare 25 years old (or older) firms during crisis with similar firms in other periods
Unmatched
5.15890106
5.22620402
−0.067302969
0.008212967
ATT
5.51652395
5.56763816
−0.05111421
0.04852284

−11.05
−3.43
−10.85
−3.60
−10.00
−1.41
−8.19
−1.05

Note: This table shows a number of alternative matchings between old–old firms and young–young firms. The treatment is the crisis
(2009–2010) period.

years or greater do not show statistically significant
differences after matching.
In summary, while both older and younger cohorts performed worse during the crisis than during the pre-crisis period, the effect is greater for the
younger cohorts, and greater still when account is
taken of the control variables.

Appendix B: Credit scores
We use data on firms’ credit scores developed
by the CRIF Group, which supports and insures
a range of insurance services, added-value solutions, information services and consumer profiles
for the UK insurance industry. This group provides
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Table B1. Correlation between the score and key firm-level variables
Foreign
Dependent variable: score
Return on capital employed

(1)
0.0140∗∗∗
(0.000528)

Return on total assets

(2)

0.0645∗∗∗
(0.00100)

Liquidity ratio

Domestic
(3)

2.185∗∗∗
(0.0613)
140,073
0.031
21,104
Yes
Yes

2.198∗∗∗
(0.0605)
140,468
0.058
21,177
Yes
Yes

(5)
0.0154∗∗∗
(0.000502)

0.149∗∗∗
(0.0113)

TFPACF
Number of employees
ln(Employees)
Observations
R-squared
Number of id
Firm dummy
Time dummy

(4)

2.191∗∗∗
(0.0621)
140,100
0.026
21,148
Yes
Yes

1.940∗∗∗
(0.0561)
2.088∗∗∗
(0.0621)
140,586
0.026
21,201
Yes
Yes

2.841∗∗∗
(0.0602)
221,569
0.025
44,018
Yes
Yes

(6)

0.0482∗∗∗
(0.000781)

2.829∗∗∗
(0.0597)
222,970
0.041
44,446
Yes
Yes

(7)

0.0733∗∗∗
(0.00721)
2.852∗∗∗
(0.0605)
222,080
0.021
44,328
Yes
Yes

(8)

1.402∗∗∗
(0.0522)
2.740∗∗∗
(0.0607)
223,725
0.021
44,595
Yes
Yes

Note: Standard errors in parentheses. The table presents a simple correlation between credit score and key control variable. We include
a measure of profitability, firm’s structure and productivity. Moreover, this table reports the results for both domestic and foreign
firms, respectively.
***p ≤ 0.01, **p ≤ 0.05, *p ≤ 0.1.

banking credit information for banks that have
to lend to firms requesting credits, hence providing support for decision management and fraud
prevention. This international company operates
across four continents serving 3100 banks and financial institutions in 50 countries.
The credit score developed by this institution
takes into account a range of firm characteristics,
which are used to calculate the likelihood of failure of the firm, including firms’ accounts, county
court judgements, subsidiary structure, director
and shareholders’ history and SIC classification.
Moreover, various financial components are taken
into account: turnover, working capital, cash and
bank deposits, assets and other firm-specific financial variables.
The credit score derived is a subjective measure
of the likelihood that firms will eventually become
bankrupt in the following 12 months. While the
exact formula used to calculate this score is not released to the public, many institutions rely on this
score in order to overcome the costs of company
evaluation. Therefore, the score reflects the credit
constraint that firms might face on a yearly basis.
The subjective probability of failure is subtracted from 100 (meaning that a higher credit
score is ‘better’). The result is a score ranging from
1/100 to a maximum of 99/100, which absorbs information on firm characteristics and market po-

tential. In other words, those companies scoring
1 are considered to have the highest likelihood of
failure in the next following months, while firms
with high scores are considered financially solid,
hence it is relatively more easy to access finance
or get ease from their creditors. Therefore, in comparison to other studies, this score is firm-specific,
varies on a yearly basis and is a continuous measure of risk that banks and other legal institutions
use to determine whether to extend loans to firms.
External validation. A key question is the degree to which the credit scores might be endogenous. For this reason, care is taken to investigate
whether any of the observable firm-specific characteristics are strongly correlated with the scores.
We consider as possible key control variables measures of profitability, productivity and firm structure. To control for the former measure, we consider the percentage return on capital employed
and the percentage of return on total assets. These
ratios account for profitability, efficiency of capital employed and earnings before interest and taxes
against total assets, respectively. Moreover, we consider also a measure of firm-level TFP. In terms of
structural ratios, we use the liquidity ratio to account for a firm’s ability to repay its short-term
debt obligations.
Table B1 reports the correlation of the score
with the key firm-level financial variables, as well
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as year and firm fixed-effects. The results confirm
our earlier discussion about the score not being
completely influenced by firms’ productivity for
both groups. Indeed, the point estimate of log TFP
is statistically significant, but very low, showing
that productivity does not play a major role in the
construction of the score. On the other hand, the
efficiency of capital management is strongly significantly correlated with the score between both
groups. These point estimates suggest that those
firms which can employ their capital efficiently
have a higher average score, and thus are financially solid. Moreover, the return on total assets
turns out to be strongly significant. This confirms
the fact that those firms which have a higher score
are more profitable. In terms of firms’ structure,
the liquidity ratio shows that foreign firms which

are able to meet their short-term obligations tend
to have higher scores. However, while the point estimate is positive also for domestic firms, it turns
out to be of lower magnitude.
In conclusion, these results suggest that the
score variable is only relatively loosely related
to firms’ productivity, which means that endogeneity is unlikely to be a serious issue in using
credit scores to model TFP. However, it is possible that credit scores might influence TFP indirectly through some of the other explanatory variables. We take care to mitigate this issue by including firm-specific variables (i.e. age and capital) in
each model we specify. Moreover, we limit this potential problem by working with TFP as a dependent variable instead of productivity for worker or
value added.

Appendix C: Net effect of credit scores on TFP

Table C1. Impact of firm-level credit constraints on productivity (elasticity) before and after crisis: calculations based on mean log age
Column in Table 4
Variables
Regression type
ln(Age)
Ln(Credit score)
ln(Age)*ln(Credit score)
Net effect at mean (log age)
Pre-crisis
Ln(Credit score)
ln(Age)*ln(Credit score)
Net effect at mean (log age)
Post-crisis
Ln(Credit score)
ln(Age)*ln(Credit score)
Net effect at mean (log age)
Pre-crisis minus post-crisis effect on age elasticity

(1)
ln(TFPACF )
OLS

(2)
ln(TFPACF )
FE

−0.455
0.576
0.033
0.664

−0.313
0.095
0.057
0.249

(3)
ln(TFPACF )
FE with post-crisis dummy
0.088

0.436
−0.066
0.259
−0.083
0.122
0.247
0.012

Note: Based upon estimates from Table 3. Mean log age is 2.6805 pre-crisis and 2.7056 post-crisis.

Table C2. Impact of firm age constraints on productivity (elasticity) before and after crisis: calculations based on mean log credit score
Column in Table 4
Variables
Regression type
Whole period
Pre-crisis
Post-crisis

(1)
ln(TFPACF )
OLS

(2)
ln(TFPACF )
FE

−0.31

−0.06

(3)
ln(TFPACF )
FE with post-crisis dummy
−0.20
0.62

Note: Based upon estimates from Table 3. Mean log credit score is 4.3791 pre-crisis and 4.3933 post-crisis.
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Figure C1. Productivity puzzle [Colour figure can be viewed at wileyonlinelibrary.com]
Notes: Panel (a) shows median TFP for all firms over the period 2005–2015 indicating the persistent drop in TFP. Furthermore, panel (b)
distinguishes firms which entered the market before 2008 (“Old Cohort”) and those which entered after 2008 (“New Cohort”). Pooling all
firms together, we observe a drop in TFP after the global crisis in 2008, while the pattern for old firms shows a growing trend after initial
decline. This highlights the growth of productivity of the old cohort, which was relatively less affected by the crisis. In fact, while old foreign
firms had reduced growth during the crisis, they recovered relatively quickly and performed better than the other groups. Panel (c) indicates
a higher impact on domestic firms compared to foreign firms.
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