Online Appendix
1. Data source
The FAME dataset is collection of business records on UK firms. Although the most basic company information (e.g. name, location, industry affiliation) are available for millions of firms in the UK, the size of the database shrinks considerably if one isolates firms which report detailed figures for a set of key variables, such as the ones used in this paper. There are a number of reasons for this. Firstly, even though FAME data is sourced from Companies House, there are still reporting thresholds. In this sense, FAME is not a comprehensive and coherent business register. Many small sized firms are exempt from reporting full annual accounts. Some firms enter the market and as such new firms have almost two years to submit their first annual accounts and thus will not show figures immediately (BERR, 2009). Fame also shows firms which have become inactive or exit the market and thus will not show accounts, other firms can have duplicate entries, depending upon the type of business record considered (consolidated or unconsolidated economic accounts) or possible unit duplications. Finally, as we only include firms which operate in the manufacturing and services sector, and a large number of firms that operate outside these two sectors are not included in our analysis. 	
This begs the question whether the data is heavily biased towards large firms? We therefore investigate the distribution of our observed firms in terms of age and size, as they are recognized to identify HGFs. Figure 1 below shows the kernel density distribution of firm age and size. In particularly, with the mode of firm age being 5, the median being 18 and the mean being 24, it appears that firm age is distributed with a right skew[footnoteRef:1]. There are about 10 percent of firms under age of 6 in our data, although one can expect a higher share of young firms in the UK firm population. Given that there is a lack of a benchmark due to no established empirical age distribution from the UK population, it is difficult to assess to what extent young or small firms may be under represented. Despite the fact that our results may be biased towards larger firms, given that our sample size is sufficiently large, we are still able to derive robust inferences based on large sample asymptotic. We also divide the sample into new firms (younger than 6 years) and incumbents (older than 5 years old) to separately investigate their characteristics.  [1:  The shape of the distribution takes a similar shape with the empirical distribution documented for India firms (Coad and Tamvada, 2012).] 


Figure 1: Distribution of age and size
[image: ] [image: ]


	There are advantages as well as weaknesses in using FAME. The collection of annual accounts is more current than officially available datasets, which may give interesting insights on firm reactions to the recent financial crisis, while relying official data comes with a time lag that makes it hard for a timely analysis that can feed into decision making in the policy arena (Mason, et. al., 2012). Regarding productivity analysis, FAME offers the opportunity to measure TFP due to the availability of tangible fixed assets which is commonly used to proxy capital in the production function. However, one of the main weaknesses is the poor coverage of smaller firms which may not need to report full sets of accounts. Therefore the datasets is biased towards larger firms, but this bias has become smaller as the dataset has been extended over the last few years to include more SMEs that do report balance sheet figures (Ribeiro et al. 2010). Finally, FAME allows the construction of longitudinal panels as it collects firm level information over a period of ten years, but many firms are observed for a shorter period of time, making the panel unbalanced and exits of firms cannot be attributed to non-reporting. 
For a detailed review of the FAME dataset see BERR (2009), Geishecker et al. (2009) and Ribeiro et al. (2010) who assess in detail the many advantages and shortcomings of dataset with the characteristics of official statistical databases, as well as the level of representativeness of data samples sourced from datasets available by Bureau van Dijk. 

2. Producers Price Indices (PPI) and Consumer Producers Price Indices (SPPI)

Most of the PPI were obtained from EconStats, and the missing observations, most of which were in the early years were supplemented by using data provided on the ONS website.  Before 2007 ONS reports are published using the SIC03 standard whilst reports from 2007 onwards and the EconStats use the SIC07 standard. Therefore the equivalents of the SIC07 codes were found and matched to our data. Another translation of codes from SIC07 to NACE has to be made as the data we are analysing is reported using the NACE standard. There are a small number 4-digit industries for which deflators could not be obtained. In such cases, missing deflators were replaced by the respective 2-digit industry deflators or in some instances by deflators most closely related to them. Furthermore, deflators from early years had the year 2000 as base year and had to be transformed and reported as deflators with the base year 2005. 

SPPI data were obtained from the ONS website. Deflators for most service industries were very rare. In these instances, the average of the available deflators within their 2-digit industries was used to fill the missing observation within the same industry. 

3. Definition of Variables
	Variable name
	Description
	Source

	Firm characteristics

	Age
	The age of a firm calculated since year of when the company has been incorporated.
	Fame

	Costs of Goods sold
	Costs of goods sold, production, services. Costs directly related to the production of the goods sold + depreciation of those costs.
	Fame

	Employees
	Total number of full time employees of the company (personnel)
	Fame

	Sales
	Total Operating Revenue (Net sales +Other operating revenue + Stock variations). These figures do not include VAT or excise taxes and similar obligatory payments. (Sales) is defined in the Balance Sheet account
	Fame

	Tangible Fixed Assets
	All tangible fixed assets, such as building and machinery. The Tangible Fixed Assets are defined in the Balance Sheet account
	Fame

	Age
	The age of a firm calculated since year of when the company has been incorporated.
	Fame

	Size
	Firm size is measured by the log of total employment
	Fame

	Cash 
	Cash and cash equivalents is an item on the balance sheet that reports a firm’s assets that are cash or can be readily converted into cash. Examples of cash and cash equivalents are bank accounts, marketable securities and Treasury bills. 
	Fame

	Intangible Fixed Assets
	All intangible assets such as formation expenses, research expenses, goodwill, development expenses and all other expenses with a long term effect. The Intangible Fixed Assets is a financial label of the Balance Sheet account
	Fame

	Average Wage
	Average Wage (Monetary value) is defined as a ratio: 
Cost of Employees / Number of Employees
	Fame

	Exports
	The Export Turnover (Monetary value) is a financial label of the Profit & Loss account
	Fame

	MNE
	A firm is defined as a multinational if it owns at least one foreign subsidiary and controls at least 10% of its voting shares.
	Fame

	
	
	

	Regional characteristics

	Air traffic
	Air transport of passengers, by NUTS 2 regions, 1 000 Passengers
	Eurostat

	GDP growth
	Annual percentage change in regional gross domestic product (million EUR), by NUTS 2 regions
	Eurostat

	PATENTS
	Patent applications to the EPO by priority year, by NUTS 2 region, Number of applications per million of inhabitants
	Eurostat

	UNEMP
	Unemployment rate, by NUTS 2 regions
	Eurostat


Note: All local factors are taken from Eurostat. 

4. TFP estimation

In this section, we describe in details the four TFP estimation methodologies adopted in this study, which fall into three statistical strands: parametric, semi-parametric and a GMM framework. We do not consider non-parametric approaches, such as index number, mainly because they tend to be more sensitive to measurement error. In what follows, we start with estimating productivity using a Cobb-Douglas production function, by least squares and corrected for firm individual heteroskedasticity. To relax the assumption of constant returns to scale and allow a more flexible functional form, a translog production function is estimated as an alternative. We then introduce the Levinsohn and Petrin (2003) and Wooldridge- Levinsohn-Petrin (2009) estimators to control for endogenous inputs and measurement error. All estimations are conducted in each of the NACE 2-digit industrial sectors separately. 
[bookmark: _Toc203711525]The Cobb-Douglas production function approach (LS)
Following the mainstream literature, TFP can be estimated through a standard Cobb-Douglas production function for firm i at time t:
yit=β0+βllit+ βkkit+ωit+εit ,
where y is log of total output or value added, l is the log of labour input and k is the log of capital input. ωit represents a productivity difference known to the firm, but unobservable to the econometrician. εit is the residual term that captures other sources of i.i.d. error. The consistency of the parameter estimates relies on the assumption of the classic linear regression assumptions, including homoskedasticity and endogeneity in the model. Once consistent estimates of the input elasticities are derived, the log of productivity can be obtained as .  We call this approach LS for short as it is estimated using OLS.
	The Cobb-Douglas functional form of a production function is limited by its assumptions of trade-off inputs and constant returns to scale, which motivates using more flexible production functional forms such as the translog production function. 
[bookmark: _Toc203711526]The translog production function approach (TL)
	A translog production function takes the following form:
yit=β0+βllit+ βkkit+ βll·0.5·lit lit + βkk·0.5·kit kit + βlk·lit kit +ωit+εit ,
where the notations and factors remain the same as in the Cobb-Douglas functional approach above, and hence how the log of productivity is derived. It is worth mentioning that both Cobb-Douglas and the translog production function can be estimated using fixed effects panel estimators, which specify a firm specific fixed effect that is potentially correlated with the inputs. 
	The dissatisfaction of the above two approaches of production function estimation stems from the potential simultaneity and endogeneity in the model, when inputs and outputs may be simultaneously determined by production shocks that is unobservable to the econometrician and captured by the residual term. We introduce a widely used technique named after Levinsohn and Petrin (2003) and the recently proposed Wooldridge- Levinsohn-Petrin (2009) that is a modified version of the former. 
[bookmark: _Toc203711527]Levinsohn and Petrin (2003) approach (LP)
Based on Olley and Pakes (1996) (OP) who propose a two-step estimation procedure that proxies unobserved and time-varying productivity with investment, Levinsohn and Petrin (2003) advance the approach by addressing the lumpy investment problem with using an alternative variable, namely intermediate inputs (e.g. raw materials or electricity). 
	Following the Cobb-Douglas production function specified above, 
				[image: ]
where [image: ] is an unknown function of capital and intermediate inputs. [image: ]is strictly increasing in the productivity shock [image: ], so that it can be inverted and one can write [image: ] for some function [image: ]. Levinsohn and Petrin (2003) approximate [image: ] by a third order polynomial in k and m, [image: ] and obtain and estimate of [image: ] and [image: ] (up to the intercept) via OLS. This constitutes the first stage of the estimation procedure. At the second stage the elasticity of[footnoteRef:2] capital [image: ] is defined as the solution to, where  is a nonparametric approximation [image: ]. Since the estimators involve two stages, the calculations of the covariance matrix of the parameters must allow for the variation due to all of the estimators in the two stages, and hence standard errors are estimated by the bootstrapping procedure. Based on consistent estimates, the log of productivity can be obtained as [image: ].   [2:  Olley and Pakes (1996) provide an observable expression for productivity by inverting the investment function nonparametrically and propose a two-step estimation procedure to allow controlling for the potential simultaneity bias. ] 

	The advantage of the LP approach lies in controlling for the simultaneity between firm’s choice of input levels and unobserved productivity shocks. The downside on the other hand is that the complicated two-step setup of the methodology restricts the ways that the unknown function is approximated, and in some cases variable inputs are unidentified in the first stage of the estimation, as argued by and Wooldridge (2009). 
[bookmark: _Toc203711528]Wooldridge-Levinsohn-Petrin methodology (2010) (WLP)
The Wooldridge modification of the canonical LP technique is popularly referred to as the Wooldridge-Levinsohn-Petrin methodology (Petrin et al., 2011). WLP proposes to implement the moment conditions used by LP in a general method of moments (GMM) framework. The modification allows both identifying variable inputs in the first stage of the estimation, and obtaining robust standard errors in a more straightforward fashion (see Wooldridge (2009) for the details). 
	Both LP and WLP can be applied both for an "output" approach where TFP is the residual of output after adjusting for shares of capital, labour or materials, and a "value-added" approach, where value-added is used as output adjusted for cost of material inputs and then denote TFP as residual share of value added after adjusting for share of capital and labour. While both approaches have been applied in literature (Javorcik, 2004; and Javorcik and Spatareanu, 2011) uses the "output approach and Petrin et al. (2011) have used the "value-added" approach), we follow the suggestions of Petrin et al. (2011) and apply the WLP methodology to the NACE 2-digit industry-specific "value-added" production functions.

	Before we report the estimates of TFP using different methodologies, it is useful to obtain an overview of the set of estimates and discuss the similarity and discrepancies between them. There are certainly no clear rules that state the optimal estimator in any given situation, as it depends on the sample, the assumptions about the production process, and the characteristics of the data. The productivity literature suggests that the existing estimation methods provide close estimates of TFP, as the residual of the production function. The choice of a specific method becomes critical when one derives an observed part of the production process to analyse the input elasticity of output (Van Biesebroeck 2008). However, since our main purpose is to measure the unobserved part of the production process, the choice of TFP estimators is unlikely to make a significant difference. 
	Nevertheless, we employ an informal test used by researchers to gauge the appropriateness of the TFP estimates within our data set, and test for the sensitivity of using alternative measures (see, for example, Girma and Gong 2008). To this end, the Spearman rank correlation coefficients between labour productivity and each of the 2-digit industry specific TFP estimates are calculated. Labour productivity is defined as the log of total revenue per employee or value added per employee. We find that the estimates obtained by LS, TL and LP are positively and highly correlated with labour productivity and statistically significant at the 1 percent level. The rank correlation between labour productivity and WLP estimates are relatively low but it still stays reasonable. Given these findings, we prefer the LP estimates due to their statistical properties discussed above, although we do not expect the differences between them to be significant.

5. Robustness Check: Dynamic Probit models estimates

Dynamic Probit models – Manufacturing sectors

	
	Random effect Panel Probit Model with dynamic term
	Dynamic panel estimator, Wooldridge (2005)

	VARIABLES
	All firms
	New firm, <=5years
	Incumbents, >5 years
	All firms
	New firm, <=5years
	Incumbents, >5 years

	Productivity
	
	
	
	
	
	

	TFP growthit
	0.720***
	0.278
	0.693***
	0.512***
	-0.0545
	0.550***

	
	(0.0579)
	(0.185)
	(0.0660)
	(0.0624)
	(0.217)
	(0.0698)

	Firm characteristics
	
	
	
	
	
	

	Aget
	-0.0122***
	-0.897***
	-0.00773***
	-0.266***
	-1.341***
	-0.153***

	
	(0.001.46)
	(0.133)
	(0.00148)
	(0.0310)
	(0.184)
	(0.0360)

	Sizet-1
	-0.50***
	-1.61**
	-0.47***
	-0.69***
	-4.14
	-0.60***

	
	(0.109)
	(0.808)
	(0.111)
	(0.234)
	(2.57)
	(0.233)

	Intangible assets ratiot-1
	1.149***
	0.428
	0.754**
	0.608
	0.0731
	0.372

	
	(0.281)
	(0.817)
	(0.347)
	(0.495)
	(1.923)
	(0.548)

	Average waget-1
	0.00152
	0.00628
	0.00330*
	-0.00680**
	0.00903
	-0.00793***

	
	(0.00174)
	(0.00522)
	(0.00187)
	(0.00275)
	(0.0108)
	(0.00294)

	Cash flowt-1
	-0.0082
	-0.0063
	-0.0114
	-0.0289**
	-0.137
	-0.029**

	
	(0.011)
	(0.0618)
	(0.0114)
	(0.0138)
	(0.093)
	(0.0145)

	Exportt-1
	-0.00386
	-0.767***
	0.0665
	-0.127*
	-1.295***
	-0.0421

	
	(0.0582)
	(0.274)
	(0.0623)
	(0.0701)
	(0.344)
	(0.0731)

	MNE
	0.139
	0.245
	0.127
	0.0326
	-0.0521
	0.0424

	
	(0.120)
	(0.737)
	(0.123)
	(0.125)
	(0.754)
	(0.127)

	State dependence
	
	
	
	
	
	

	HGFit-1
	2.808***
	5.578***
	2.818***
	2.775***
	5.881***
	2.786***

	
	(0.0598)
	(0.613)
	(0.0629)
	(0.0653)
	(0.617)
	(0.0672)

	HGFi1
	
	
	
	0.177**
	-0.509
	0.116

	
	
	
	
	(0.0855)
	(0.464)
	(0.0887)

	Mean covariates
	
	
	
	
	
	

	Age 
	
	
	
	0.256***
	0.724***
	0.145***

	
	
	
	
	(0.0311)
	(0.172)
	(0.0360)

	Size
	
	
	
	0.000141
	0.00225
	9.36e-05

	
	
	
	
	(0.000270)
	(0.00256)
	(0.000270)

	TFP growth
	
	
	
	1.268***
	2.641***
	0.814***

	
	
	
	
	(0.156)
	(0.521)
	(0.193)

	Intangible asset ratio
	
	
	
	0.441
	0.284
	0.575

	
	
	
	
	(0.635)
	(2.321)
	(0.716)

	Average wage
	
	
	
	0.0135***
	-0.00179
	0.0158***

	
	
	
	
	(0.00309)
	(0.0155)
	(0.00323)

	Cash flow
	
	
	
	3.23e-05
	0.000192
	2.97e-05

	
	
	
	
	(2.21e-05)
	(0.000125)
	(2.31e-05)

	Export
	
	
	
	0.417***
	1.401**
	0.356***

	
	
	
	
	(0.134)
	(0.666)
	(0.138)

	Observations
	32,045
	2,080
	29,965
	32,045
	2,080
	29,965


Note:	1. All regressions include year dummy and NACE 2-digit industrial sector dummies.
2. Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
[bookmark: _Toc203711555]







Dynamic Probit models – Service sectors
	
	Random effect Panel Probit Model with dynamic term
	Dynamic panel estimator, Wooldridge (2005)

	VARIABLES
	All firms
	New firm, <=5years
	Incumbents, >5 years
	All firms
	New firm, <=5years
	Incumbents, >5 years

	Productivity
	
	
	
	
	
	

	TFP growthit
	1.529***
	1.459***
	1.459***
	0.973***
	1.153***
	0.845***

	
	(0.0239)
	(0.0660)
	(0.0291)
	(0.0308)
	(0.0983)
	(0.0349)

	Firm characteristics
	
	
	
	
	
	

	Aget
	-0.0108***
	-0.357***
	-0.00581***
	-0.591***
	-0.235***
	-0.591***

	
	(0.000570)
	(0.0282)
	(0.000580)
	(0.0545)
	(0.0175)
	(0.0545)

	Sizet-1
	-0.0043
	-0.00013**
	0.00625
	-0.743**
	-0.372***
	-0.743**

	
	(0.0170)
	(0.0066)
	(0.0180)
	(0.325)
	(0.0705)
	(0.325)

	Intangible assets ratiot-1
	0.281***
	-0.221
	0.0663
	1.013*
	-0.390
	1.013*

	
	(0.0749)
	(0.140)
	(0.103)
	(0.563)
	(0.245)
	(0.563)

	Average waget-1
	0.00142***
	0.00372***
	0.00134***
	0.00258
	-0.00298***
	0.00258

	
	(0.000223)
	(0.000808)
	(0.000243)
	(0.00200)
	(0.000649)
	(0.00200)

	Cash flowt-1
	-0.0143***
	-0.00257
	-0.0168***
	-0.0696***
	-0.0523***
	-0.0696***

	
	(0.00275)
	(0.00892)
	(0.0030)
	(0.0253)
	(0.00602)
	(0.0253)

	Exportt-1
	0.0427**
	0.00398
	0.0718***
	0.130
	0.107***
	0.130

	
	(0.0168)
	(0.0529)
	(0.0184)
	(0.105)
	(0.0325)
	(0.105)

	MNE
	0.157***
	0.409***
	0.151***
	0.687***
	0.224***
	0.687***

	
	(0.0336)
	(0.130)
	(0.0358)
	(0.253)
	(0.0646)
	(0.253)

	State dependence
	
	
	
	
	
	

	HGFit-1
	2.080***
	2.069***
	2.123***
	1.322***
	0.809***
	1.487***

	
	(0.0179)
	(0.0582)
	(0.0198)
	(0.0237)
	(0.0867)
	(0.0261)

	HGFi1
	
	
	
	1.514***
	3.306***
	1.046***

	
	
	
	
	(0.0452)
	(0.198)
	(0.0456)

	Mean covariates
	
	
	
	
	
	

	Age 
	
	
	
	0.235***
	0.392***
	0.224***

	
	
	
	
	(0.0141)
	(0.0538)
	(0.0175)

	Size
	
	
	
	0.000238***
	0.000426
	0.000306***

	
	
	
	
	(7.51e-05)
	(0.000347)
	(7.78e-05)

	TFP growth
	
	
	
	1.013***
	0.650***
	1.362***

	
	
	
	
	(0.0777)
	(0.185)
	(0.0966)

	Intangible asset ratio
	
	
	
	-0.127
	-1.867***
	0.832***

	
	
	
	
	(0.260)
	(0.686)
	(0.303)

	Average wage
	
	
	
	0.00679***
	0.00518*
	0.00734***

	
	
	
	
	(0.000804)
	(0.00276)
	(0.000844)

	Cash flow
	
	
	
	4.34e-05***
	9.17e-05***
	4.13e-05***

	
	
	
	
	(7.95e-06)
	(3.03e-05)
	(8.38e-06)

	Export
	
	
	
	0.0287*
	-0.0148
	0.0303*

	
	
	
	
	(0.0173)
	(0.0763)
	(0.0176)

	Observations
	78,588
	7,999
	70,589
	78,588
	7,999
	70,589


Note:	1. All regressions include year dummy and NACE 2-digit industrial sector dummies.
2. Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1
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