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ARTICLE INFO ABSTRACT

JEL: In this paper, we shed new light on the links between firm-level innovation and growth. We introduce data that
C55 capture a difficult-to-observe aspect of firms’ innovative activity - new product/service launches — at scale. We
186 show that our novel measures complement existing innovation metrics. We build a simple framework covering
040 firm-level innovation, launches and revenue productivity. Then, we show positive linkages between past pat-
Reywords: enting and launches and between launches and performance for a large panel of small and medium-sized en-
1nn(;vat1.0f1 terprises (SMEs) in the UK. We go on to explore the roles of age, size, industry and product/service quality in
fé; uctivity these relationships. A subset of SMEs with high-quality launches explains our results.

data science

1. Introduction

There is decades’ worth of research exploring the role of innovation
in explaining economic performance. Endogenous growth theory helps
explain country-level innovation-productivity linkages (Lucas, 1988;
Romer, 1990). Schumpeterian frameworks highlight the roles of entre-
preneurial entry, competition and factor reallocation (Schumpeter,
1962; Aghion and Howitt, 1992). They also provide firm-level micro-
foundations linking R&D activity, innovation and new products and
services (see Akcigit (2017) for a review). Evolutionary perspectives
emphasise that firms’ capabilities vary greatly. Firms’ resources accu-
mulate over time, and it is difficult to shift them (Nelson and Winter
1982, Dosi et al 2000). This variation in firms’ capabilities makes pre-
dictors of average firm performance difficult to identify (Nightingale
and Coad, 2013).

The empirical literature on firm-level R&D, innovation and produc-
tivity dates back to Griliches (1979; 1986) and Crepon, Duguet and
Mairesse (1998). Most subsequent studies use R&D, patent or innovation
survey data to identify cross-sectional links between these factors and
firm performance (see Hall, 2011; Syverson, 2011; Mohnen and Hall,
2013 and Audretsch et al, 2014 for reviews). More recent contributions
use panel data and more sophisticated estimators (for example Fer-
nandes and Paunov, 2015; Howell, 2015; Coad et al., 2016a,b; Baumann
and Kritikos, 2016; Bianchini et al, 2018; Morris, 2018; Grillitsch et al,
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2019; Spescha and Woerter, 2019; Audretsch and Belitski, 2020;
Audretsch et al, 2020).

Consistent with evolutionary theory, these studies broadly confirm a
positive linkage between innovation and firm performance — but with
much heterogeneity across firm characteristics, behaviours and macro
factors. The overall relationship is thus hard to pin down. For example,
Mohnen (2019) shows that innovation has long-term effects on eco-
nomic growth as measured by TFP, both at the firm level and the
aggregate level, confirming Schumpeter’s view of innovation.
Conversely, Guarascio and Tamagni (2019) suggest that
innovation-sales links are largely random, consistent with Gibrat’s Law
(Coad, 2009).

Starting with Mendonca et al. (2004), a more recent stream of work
finds positive links between trademarks and innovation (see Taques
et al. (2021), Castaldi et al. (2020), and Schautschick and Greenhalgh
(2016) for reviews). These studies concentrate on start-ups, SMEs, and
service industry settings (for example, Crass, 2020; Flikkema et al, 2019;
De Vries et al, 2017; Block et al, 2015; Flikkema et al, 2014; Gotsch and
Hipp, 2012).

One limitation of both bodies of work is that much innovative ac-
tivity is informal and unobserved. Most companies rely on tools such as
lead time, design complexity, or less often, NDAs or other forms of se-
crecy (Hall et al 2014). Only 1.6% of UK businesses file patents (Hall et
al, 2013), and some firms employ patents defensively (Noel and

E-mail addresses: max.nathan@ucl.ac.uk (M. Nathan), anna.rosso@unimi.it (A. Rosso).

# Present Address: CASA, 90 Tottenham Court Road, London, W1T 4TJ UK.

$ Present Address: Universita Statale di Milano, Dipartimento di Economia, Management e Metodi Quantitativi, Via Conservatorio 7, 20122, Milano Italy.

https://doi.org/10.1016/j.respol.2021.104373

Received 26 February 2020; Received in revised form 13 September 2021; Accepted 13 September 2021

Available online 30 September 2021

0048-7333/Crown Copyright © 2021 Published by Elsevier B.V. All rights reserved.


mailto:max.nathan@ucl.ac.uk
mailto:anna.rosso@unimi.it
www.sciencedirect.com/science/journal/00487333
https://www.elsevier.com/locate/respol
https://doi.org/10.1016/j.respol.2021.104373
https://doi.org/10.1016/j.respol.2021.104373
https://doi.org/10.1016/j.respol.2021.104373

M. Nathan and A. Rosso

Masterwork goes large with new die cutter. Postpress equipment

Sample manufacturer Masterwork Graphic Equipment has expanded its range of

fragment products with the addition of the MK1450ER large-format die cutter with
stripping and blanking facilities....

doc_title Masterwork goes large with new die cutter

url http://www.XXX/NewsStory.aspx?i=2296

event_date 2014-03

source_name XXX

company_id 13724

event_type id

product_launch

Hammond Electronics has launched a range of design specific moulded

Sample enclosures to support the new types of credit card sized, low cost bare board

fragment computers, which, typically running Linux, provide basic functionality across
a wide range of applications. ..

doc_title Enclosures for credit-card sized computers

url http://www.XXXX/content/enclosures-credit-card-sized-computers

source_name XXX

event_date 2013-12

company_id 1542955

event_type id

product launch

New social housing energy switching service has been launched this week with
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Figure 1. Example ‘events’, showing raw
text and classification.

Source: GI. Each example shows the work-
flow from raw data to modelled variable. GI
start with the raw text. We show a sample
text fragment here with the company sub-
ject in bold. Title, URL, date and source
name provide further information. As
agreed with the data provider we cannot
report the source name or the full text. The
company ID field shows the match to
Companies House data. Event type ID is the
eventual classification into an event type: in
both cases, these are new product launches.

tsrzmrlr)lfn ¢ Wigan and Leigh Housing, Salix Homes in Salford and Blackburn-based Twin
£ Valley Homes, who together are responsible for a total of more...

doc_title New social housing energy switching service launches

url http://www.XXXX/energy-news/17541-new-social-housing-energy-

switching-service-launches

source_name XXX

event_date 2013-12

company_id 625998

event type id | product launch

Schankerman, 2013). While companies use trademarks more widely,
including for non-technological and service innovations, it is still un-
clear which trademarks relate to innovation (Castaldi et al, 2020; Flik-
kema et al, 2019)." Low response rates and small samples can limit the
usefulness of innovation surveys, as do the widely varying answers given
by respondents (Mairesse and Mohnen, 2010).2

One newer strand of empirical work seeks to close these gaps with
novel innovation metrics derived from firms’ website text (Axenbeck
and Breithaupt, 2019; Kinne and Lenz, 2019; Lenz and Winker, 2020),
patents (Arts et al, 2021; Kelly et al, 2018) or regulatory filings (Saun-
ders and Tambe, 2015; Hoberg and Philips, 2016; Kogan et al, 2017).
These studies typically involve larger and/or listed firms rather than the
SMEs that make up the bulk of the economies of more developed
countries. Another strand of research uses product-level data to examine
innovation-growth links (Bottazzi et al, 2001; Stam and Wennberg,
2009; Corsino and Gabriele, 2010; Cucculelli and Ermini, 2012; Argente
et al 2018; 2019, Bokhari et al, 2020) or, relatedly, the timing of new

1 Castaldi et al. (2020) show that firms use trademarks for multiple purposes,
including securing market position (allowing markups or deterring entry) and
attracting resources (from venture capitalists and other investors).

2 For example, the response rate of the 2017 UK Innovation Survey was 43
percent. This rather modest response rate mainly affects the creation of a
balanced panel of firms over consecutive CIS years (Mairesse and Mohnen,
2010).

product introductions (Ortega and Garcia-Villaverde, 2011; Rodri-
guez-Pinto et al., 2012; Hsiao et al, 2017). Data constraints mean that
this literature usually involves single or restricted industry cases: many
studies use bespoke, small-n surveys.’

This paper makes three linked contributions to these debates. First,
we use a novel mix of UK administrative microdata and media content to
develop novel measures of innovative activity at the firm level across all
industries and firm types. We have substantially broader coverage than
both the abovementioned product data analyses and pioneering studies
on media coverage and innovation.” To do this, we exploit a cutting-
edge dataset developed by the data science firm Growth Intelligence
(GI). This firm uses machine-learning routines on company website and
media content to model firms’ lifecycle ‘events’. We focus on one of

3 For example, Bokhari et al, Bottazzi et al, Corsino and Gabriele, and Ortega
and Garcia-Villaverde all examine single industries; Rodriguez-Pinto et al sur-
vey 136 manufacturing firms, Cucculelli and Ermini investigate 204 SMEs, and
Stam and Wennberg analyse approximately 2,000 start-ups. Focusing on pub-
licly listed firms, Argente et al (2018, 2019) use barcode data with much
broader, fine-grained coverage closer in spirit to our data.

4 Katila and Ahuja (2002) and Fosfuri et al (2008), for example, are restricted
to a few hundred firms in single sectors. These studies use the ‘counting inno-
vation’ method, to examine a selection of innovations introduced in a given
year and reported in trade journals. See Kleinknecht et al (1993), Coombs et al
(1996) and Santarelli and Piergiovanni (1996).
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these variables — new products/services reported in the news. We also
exploit overall event exposure to aid our research design. We clean and
refine these data using structural topic modelling to better align re-
ported and real-world activity. We also advance innovation-output
studies, developing measures of launch quality analogous to patent
citations.

Second, we show that these reported launches complement measures
of formal IP. This includes frequency and industry/geographic coverage.
For example, for single-plant SMEs, we find 24,720 UK launches in
2014/2015, versus 4,194 patent applications and 4,510 trademarks
filed. We then show positive links between past IP activity and current
launches. We find cross-industry and trademark-type variation consis-
tent with prior literature and our framework’s predictions.

Third, we develop a simple framework linking firm-level IP, launches
and performance and test its predictions on a panel of UK SMEs. In
particular, we test whether a company grows by transforming new
products/services into higher revenue per worker and explore the roles
of age, size, industry and product/service quality in explaining our re-
sults. We pay careful attention to the fact that event exposure is not
random and that we are working with reported rather than observed
activity. We find that launch activity is associated with higher SME
revenue per worker, especially in the service sector, among medium-
sized firms and among firms with specialised trademarks. Consistent
with a world of heterogeneous firm capabilities, a small subset of high-
quality launches helps drive the main result. Robustness checks on all
firms with event exposure find relatively weak links — consistent with
larger, multi-plant firms having multiple sources of revenue growth,
such as advertising existing products.

To our knowledge, this study is the first to use such data, at scale, to
study innovation and firm performance. More broadly, it contributes to
the literature on firm growth (Gilbert and Newbery, 1982; Coad, 2009;
Audretsch et al, 2014; Castaldi et al, 2020), IP choices (Hall et al, 2014),
determinants of firm productivity (Syverson, 2011), high-growth busi-
nesses (Coad et al, 2014), and economic applications of natural language
processing (Gentzkow et al, 2019). Crucially, we combine text-based
measures of innovative activity with high-quality administrative
microdata. This gives us a clear sampling frame, aiding inference and
interpretation (Einav and Levin, 2014). We also advance on rich data
papers such as those of Hall et al. (2013) and Coad et al., 2016a, who
combine conventional administrative data, patents, trademarks and
innovation surveys to examine smaller groups of firms. Overall, we focus
on demonstrating data use cases and estimating clean associations
rather than causal effects. Our dataset is replicable and extendable for
future research.”

2. Data

We use modelled company ‘events’ to develop new measures of
innovative activity. Our method extends the innovative outputs
approach (Corsino and Gabriele, 2010; Cucculelli and Ermini, 2012;

5 A sample of the GI data, plus cleaning, topic modelling and matching code is
available at https://osf.io/bjyke/. Our data is part of a growing body of similar
resources. Existing datasets on news events such as GDELT and Events Registry
are designed for country-level analyses, especially those on politics/current
affairs. Other proprietary firm-level datasets such as Mattermark (US) and
Beauhurst (UK) provide rich information from a range of sources but are
restricted to small numbers of ‘high-potential’ businesses. Crunchbase (US) is a
global wiki-type dataset regarding the tech sector with good US coverage but
limited coverage for other countries, as well as significant quality concerns due
to the self-reported nature of its data (Motoyama and Bell-Masterson, 2014).
Glass Al (UK) draws data from firms’ websites with some observations now
linked back to administrative data; see Siepel et al (2020) for one recent use
case. SpazioDati (Italy) provides similar website-sourced data, as do the
German datasets used in Axenbeck and Breithaupt (2019) and Kinne and Lenz
(2019) to measure firm-level innovation.
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Bokhari et al, 2020). Each ‘event’ derives from article text taken from 3,
740 online news sources (including major sources such as Reuters and
Yahoo news and industry sources such as IT Briefing and PRWeb).® Our
raw data consist of 318,899 observations corresponding to 30,205
companies during financial years 2014 and 2015. Growth Intel matches
the text of each article to the UK company register (Companies House)
using firm names and contextual information, then uses supervised
learning to classify the text as one of several event types. Nathan and
Rosso (2015) provide more details on the data sources and workflow.”
We focus on one event type: ‘product/service launch’. Fig. 1 provides
two examples of product/service launches, showing both raw inputs and
modelled outputs.

In theory, each launch event represents a new product/service that a
given firm releases into the world and that is then covered by at least one
of our media sources. In practice, we need to deal with three ascription
challenges. First, our coverage may be uneven, analogous to the well-
discussed limitations of patents (Hall and Harhoff, 2012). Second,
media exposure is determined by a combination of firm decisions, firm
media-generating capacity and reporting norms, some of which are
difficult to observe. Third, and relatedly, reported launch content might
reflect firms’ advertising or PR rather than ‘true’ innovation.

We deal with these issues as follows. First, we carefully clean the raw
data, as detailed below. Additionally, we show that launch coverage is
substantially more frequent and even across industries and regions than
patents and trademarks.

Second, to address selection issues, we use firms’ overall ‘event
exposure’ or ‘coverage’; that is, whether a firm has any reported events
of any kind. We show that event exposure is not random and that it is
correlated with a range of observables, while launch exposure is more
balanced. We focus on SMEs with event exposure and then show that our
main results hold for larger samples.

The third issue is harder to disentangle. Our input data are news
articles, not advertising copy. However, we may be (a) reporting trivial
innovations, (b) missing important innovations or both. To address (a),
we measure the number of raw mentions of each launch and use this to
construct a proxy measure of launch ‘importance’ analogous to patent
citations. Existing literature provides some reassurance on (b). Firms’
predominant use of informal IP protection means that all innovation
measures undercount the true level of innovative activity (Hall et al,
2014). However, coverage of variables based on observations of prod-
ucts and services in the marketplace is then more affected while that of
measures based on formal IP practices is less affected.

2.1. Build

Our data cleaning is summarised here and detailed in Appendix Al.

® We cannot split the sample of product launches based on sources. In future
research, it would be interesting to compare events reported via online news
outlets (as we have here) with events directly reported on company websites
(which we do not include). Similarly, we lack detailed information on local vs.
national online news sources.

7 Text fragment for illustration. GI uses a full page of content to assign text to
a subject company and to classify the related activity. Where a text describes
more than one subject company, as in mergers or joint ventures, GI assigns the
event to a pair of companies or n-groups. GI also filters the data to remove
results from irrelevant domains (for example, mentions of companies in ce-
lebrity magazines or results from sites that largely or wholly deal with markets
outside the UK).
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We first remove duplicates and control for ‘farmed’ content.® Next, we
run two quality checks on GI’s ascription routines. We then improve the
realism of the data using structural topic modelling (STM). A major
product launch is likely to be reported hundreds of times; in the raw
data, each launch is reported as a distinct event. STM is used to cluster
text fragments that refer to the same topic into single observations
representing the underlying real-world launch event (Roberts et al,
2016). Overall, our cleaning steps substantially reduce the number of
event observations from 318,899 observations for 30,205 firms, to 257,
056 observations for 30,187 firms. STM accounts for the bulk of this
reduction.

We combine this cleaned event data with data from other sources. To
do this, we link Companies House identifiers to the Business Structure
Database (BSD) (Office of National Statistics, 2017). The high-quality
administrative microdata in this database cover 99% of UK enterprises
and provide a clearly defined sampling frame. We then use various
matching routines, detailed in Appendix A2, to link US, European and
other patent data (from Orbis, application years 1900-2015) and UK
trademark data (from the UK Intellectual Property Office, 2012 -
2015).'° The resulting dataset includes 1,399,146 firms and is an un-
balanced panel of 5,039,811 firm-year observations from 2014-2017.
Within this set, there are 22,497 firms with event exposure and 212,
426 unique events.

In our descriptive analysis (Section 3), we use data for the subset of
single-plant SMEs from 2014-2015 - the years in which events are
observed — to compare the characteristics of GI product launches with
those of traditional IP measures. Crucially, using single-plant SMEs al-
lows us to cleanly ascribe a launch to a given firm and location.
Removing the largest firms also reduces ascription error (see Appendix
Al). Over 95% of firms in the BSD are single-plant SMEs. !

In our regression analysis (Sections 4-6), we further focus on the
subset of single-plant SMEs with ‘event exposure’, which we define as
firms that had an event (of any kind) during 2014, 2015 or both. This
allows us to work with the variation in launch activity across firms and
time, conditional on non-random event exposure. Given that these re-
strictions remove much of the firm-level variation in event activity — see
Fig. 2 below — for robustness, we rerun our analysis for a) all firms with

8 Recent structural changes to the media industry — notably, the rise of online
platforms — may be the reducing levels of data quality and scrutiny in this in-
dustry, for example through ‘content farming’ and ‘churnalism’ (Viner, 2016;
Gentzkow and Shapiro, 2010; Davies, 2009). The first leads to duplicate re-
ported events, while the second alters the distribution of event activity. Both
may be particularly prevalent in the information and communications tech-
nology (ICT) sector (Lafrance, 2016). We identify duplicate observations of
events using all available variables except the source and time. Within each
group, we keep only one event; thus, we are not selecting events on the basis of
source quality.

9 Bureau Van Dijk identifiers or firm name and full postcode. An alternative
approach is the automated method developed by Autor et al (2020), which
exploits internet search results.

10 We also link our data with data from the UK Innovation Survey, although
this is less successful. Specifically, we link our data with Waves 4-9 of the UK
Innovation Survey (UKIS), covering the years 2002-2014. We match 26,708
firms, of which 1,173 are single-plant SMEs. We run Hotelling tests to deter-
mine whether this set of firms is systematically different from the rest of the
sample. The results, which are all significant at the 1% level, show that the
UKIS subsample differs on a large set of observable characteristics (Hotelling’s
T2 = 24866.03, F(29,2468834) = 857.440***). In particular, the UKIS firms
have a substantially higher probability of event exposure (2.91% vs 0.86%) and
launch activity (1.03% vs 0.31%). The firms with event exposure that are in the
UKIS subsample are also systematically different from the other firms with
event exposure (Hotelling’s T2 = 487.983, F(21868) = 17.407***). Given these
substantial differences, we do not use UKIS data in the subsequent analysis.

11 We also remove outliers: for each year, we remove observations with an
event count higher than 1 standard deviation above the mean event count. This
eliminates 84 observations.
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event exposure, including large and multi-plant businesses, and b) all
SMEs.

Table 1 provides a comparison of our full dataset and subsamples.
For each, the first panel gives the number of firm-year observations for
each year, the years during which we observe events, and the number of
unique firms. The next panel gives the number of firms for which we
observe events of any kind and the total number of events for each year.
We repeat this for launches and then for patents and trademarks.
Overall, 1.6% of all the firms and 1.3% of the SMEs have event exposure;
in both cases, over 37% of the firms also have launch exposure. Events
and launches are well balanced across all the years. There are rather
smaller shares of firms with patents and trademarks, with more uneven
coverage over time.

3. Descriptive analysis

We now explore how modelled launches compare with other inno-
vation measures. We make a launch dummy that takes the value of one
when a firm has at least one launch during a given year. We also count
each firm’s launches in that year. We then use the number of raw ob-
servations per modelled event to create measures of launch ‘impor-
tance’. For each firm-year cell, we make a count of mentions, a dummy
for whether a firm has an ‘important’ launch, and a count of such
launches. Further details are given in Appendix Al.

Single-plant SMEs with event coverage have approximately 2.2
events, of which approximately 0.7 are product/service launches. The
firms have fewer patents and trademarks. While the average launch has
over 250 raw media reports, this is driven by a small number of high-
profile events; only 2% of the SMEs with events have ‘important’
launches with more than one underlying media report. Appendix
Table B1 provides details.

As anticipated, event exposure is not random, with firms selected on
a range of observables. Table 2 shows the mean characteristics of SMEs
with and without events and launches for 2014-2015, the years during
which we observe event activity. We can see that the mean differences
between firms with and without event exposure are large; rank-sum tests
confirm significant mean differences for all observables. In contrast, for
firms with events, differences between those with and without launch
activity are rather small and often nonsignificant.'> Companies with
launches are more likely to obtain patents and trademarks. They are
older, have significantly lower revenue productivity, are less likely to
have high revenue and growth episodes, are more likely to be foreign-
owned, and are more likely to be listed companies than partnerships.
However, the balance on shares of start-ups, sole proprietors and small
firms, business group structure, number of employees, urban location,
revenue, revenue per worker growth, employment level, growth and
high-growth episodes. Therefore, we focus the second part of our anal-
ysis on SMEs with events.

Table 3 compares coverage of patents, trademarks and reported
launches at the industry level for 2014-2015, the years during which we
observe events. We show launch, patent, and trademark coverage across
SIC1 bins for firms with event exposure (Table B3 repeats this analysis
for all SMEs, showing similar results). Overall, launches have a wider
industry spread than patents or trademarks; for a minority of firms, we
also find correlations between the three measures.'® Patenting is
concentrated in manufacturing, but it is also present in services, notably

12 Rank-sum tests are preferred, as we do not know the underlying distribution
of events. T-tests give virtually identical results and are available on request.
13 Specifically, Table B2 further checks for the dispersion of launch activity. It
reports the number of launches for firms with one patent or one trademark in
either 2014 or 2015 for all SMEs, and for those with event exposure. While the
majority have zero launches to show for the IP, a small number have two or
more reported launches per patent or trademark. Table B3 reports the industry
coverage for all single plant SMEs.
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A. Raw sample, all firms with events exposure.
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Figure 2. Histogram of events activity, 2014-2015. Raw sample (top), single-plant SMEs (bottom). A. Raw sample, all firms with events exposure. B. Single-plant
SMEs with events exposure. Disclosive cell counts suppressed.. Source: GI data, years 2014-2015.

business services (including software and other ‘knowledge-intensive’
activities (Castellacci, 2008)). Given their broader functionality, trade-
marks are more evenly distributed, with most related activity in
manufacturing, wholesale/retail/repair and social/personal services.
Finally we turn to spatial variation. Appendix Figure B1 shows
geographical coverage of events, launches, patents and trademarks
across urban travel to work areas (TTWAs), which approximate local
spatial economies. Panel A provides a simple scatterplot of launches,

patents and trademarks across TTWAs. Based on raw counts, coverage
across spatial economies appears even, although launch counts are
substantially higher than patent or trademark counts. London is a major
outlier in terms of counts, even for single-plant SMEs.'* To correct for
this, Panel B plots TTWA counts weighted by the number of firms in each
TTWA. We can see that when local economic conditions are taken into
account, launches have a far more even geographical distribution than
either patents or trademarks.

14 Table B4 shows the urban/non-urban and London/non-London shares of
launches, patents and trademarks for single-plant SMEs. Launches and other
innovation metrics are highly urbanised.
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Table 2
Comparing observable characteristics across samples, 2014-2015.

Table 1
Panel characteristics, 2014-2017.
All firms Single plant SMEs with All firms with
SMEs events events
Observations, all 5,039,811 4,878,532 67,739 87,390
years
Observations, 2014- 2,723,875 2,643,043 35,289 44,763
15
Unique firms 1,399,146 1,364,624 17,905 22,497
Firms with events 22,497 17,905 17,905 22,497
#events 212,426 78,090 78,090 212,426
of which 2014 113,423 42,225 42,225 113,423
of which 2015 99,003 35,865 35,865 99,003
Firms with product 8,435 6,640 6,640 8,435
launches
#launches 89,027 24,720 24,720 89,027
of which 2014 47,236 12,527 12,527 47,236
of which 2015 41,791 12,193 12,193 41,791
Firms with patents 2,355 1,795 295 645
#patents 9,064 4,194 1,141 4,474
of which 2014 8,235 3,892 1,055 3,393
of which 2015 829 302 86 481
Firms with 3,961 3,164 280 589
trademarks
#TMs 6,407 4,510 491 1,322
of which 2014 6,407 4,510 491 1,322
of which 2015 0 0 0 0

Source: BSD / GI / Companies House / Orbis / UKIPO.

4. Research design
4.1. Theoretical framework

We develop a simple framework to formally explore links between
launches, other innovation measures and firm performance, which we
take to data in the rest of this paper. We start with the quality ladder
model developed by Aghion and Howitt (1992), in which product
innovation stems from a combination of entrants seeking market share
(and thus temporary revenue markups) and incumbents seeking to
protect it. Innovation at the firm level leads to increased average product
quality, knowledge spillovers across firms, and the reallocation of cap-
ital, workers and products across and within firms as products and
businesses enter and exit the market (Klette and Kortum, 2004; Lentz
and Mortensen, 2008).'° In turn, these three forces drive aggregate
revenue and productivity growth. In practice, any firm’s growth path is
further shaped by its individual endowments, including capabilities
built up over time (Nelson and Winter, 1982; Cohen and Levinthal,
1990; Dosi et al, 2000). Firms and their managers also operate with
bounded rationality and may individually maximise profits, growth or
some combination of the two (Marris, 1963). These factors skew growth
distributions so that a small number of high-growth/superstar firms
typically has a disproportionate impact on aggregate outcomes (Night-
ingale and Coad, 2013).

Given our short timeframe, we say a firm has fixed capability en-
dowments and grows through developing products and services — either
new to the firm or the market. Specifically, innovation is reflected in IP
and is a function of costly past and current R&D and managerial and
organisational capabilities. This can come from either inside a firm or
external sources via spillovers (Akcigit and Kerr, 2018). Incumbents
with valuable IP may be less likely to source innovations externally (Bei,
2019). A firm’s probability of conducting a successful launch then de-
pends on existing capabilities and knowledge stocks accumulated
through past product innovations. Higher-quality products/services,
produced by a subset of more capable and/or experienced firms, allow

15 Most of the earlier literature on reallocation has focused on input markets,
combining labour market and establishment data (see, for example, Foster et
al, 2016). In contrast, Argente et al (2018) focus on output markets.

Variables A. Single plant SMEs B. SMEs with events
No Events No Launches
events launches
@ ) 3 @ 3)-
“@
Patent count 0.001 0.042 0.023 0.062
Weighted patent 0.001 0.041 0.023 0.062
count
EPO/US/PCT 0.001 0.023 0.013 0.037 ek
patents
Weighted EPO/US/ 0.001 0.023 0.013 0.037
PCT patents
TM count 0.002 0.015 0.011 0.022 o
Rev per worker two-  146.55 781.3 900.341 461.6825 ¥
year average
Annual % rev per -0.006 0.017 0.019 0.0132
worker growth
High rev per worker ~ 0.129 0.148 0.151 0.139
growth firm
Revenue two-year 811 13752 12932.89 13264.97 ok
average
Annual % revenue 0.011 0.049 0.05 0.048
growth
High revenue 0.15 0.215 0.22 0.208
growth firm
Employment two- 5.1 21.2 21.254 21.352
year average
Annual % 0.017 0.032 0.03 0.036
employment
growth
High jobs growth 0.014 0.06 0.059 0.059
firm
Age entered BSD / 12.4 17.9 17.421 17.943 ek
incorporated
Startup 0.142 0.028 0.028 0.028
Firm has 1-9 staff 0.892 0.571 0.592 0.568 e
Firm has 10-49 staff ~ 0.086 0.284 0.278 0.289
Firm has 50-249 0.013 0.124 0.11 0.125
staff
Immediate foreign 0.165 0.328 0.269 0.44 ok
ownership
Firm is in a group of ~ 0.003 0.055 0.048 0.047
enterprises
Number of 0.008 0.187 0.168 0.119
companies in the
group
Firm is a company 0.942 0.903 0.899 0.931 i
Firm is a sole 0.021 0.004 0.004 0.003
proprietor
Firm isa partnership ~ 0.014 0.004 0.005 0.002 e
Firm is a public 0 0.001 0.001 0.001
company
Firm is a non-profit 0.023 0.088 0.103 0.063 i
/ social enterprise
Services sector 0.909 0.883 0.891 0.858 R
Urban TTWA 0.788 0.838 0.832 0.836
Greater London 0.228 0.303 0.292 0.291
Observations 2,643,043 35,289
Unique firms 1,346,719 17,905 11,265 6,640

Source: BSD / CH / GI / Orbis / UKIPO. The table shows mean differences be-
tween all single-plant SMEs with and without events exposure (Panel A) and for
SMEs with and without launches (Panel B). For Panel B, the stars in the last
colum give the results of rank-sum tests for each variable between columns 3 and
4. *** denotes 1% significance

™ denotes 5% significance.

for higher markups but are also costlier to develop.

Firms also need to decide how to protect innovations and to what
ends. As noted above, the majority of firms avoid using formal IP tools or
combine formal and informal tools (Hall et al, 2014). In principle, pat-
ents indicate ‘upstream’ inventions and trademarks denote ‘down-
stream’ commercialisation (Castaldi et al., 2020; Flikkema et al., 2019).
In practice, they are used as complements or substitutes (Llerena and
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Table 3
Coverage by SIC1 sectors for product launch, patents and trademarks, 2014-15.

SMEs with events exposure. % of
firms with coverage, within sectors

SIC1 Section Name Launch  Patent TM N
A Agriculture, hunting and forestry 19.5 200
B Fishing 12
C Mining and quarrying 15.71 . . 70
D Manufacturing 29.24 2.66 1.33 3,837
E Electricity, Gas and Water Supply 92
F Construction 14.11 1,680
G Wholesale and retail trade, etc 33.92 0.74 0.85 4,593
H Hotels and restaurants 19.34 543
1 Transport, storage and 23.2 1,319
communications
J Financial intermediation 12.43 0.87 1,601
K Real estate, renting and business 22.3 1.05 0.73 16,814
activities
L Public administration and defence,
etc
M Education 14.62 643
N Health and social work 15.35 951
(0] Other community, social and 23.93 1.02 2,934
personal services
P Household domestic employment
Q Extra-terrestrial organisations,
bodies
Average coverage, % 23.45 0.96 0.79
Observations 8,275 339 280 35,289
Unique firms 6,640 295 280

Source: BSD / CH / GI / Orbis / UKIPO. For each sector, the table shows the share
of firms with coverage reported in the column (event, launch, patent, tm). N is
the total number of firms in each sector. Panel A reports all single plant SMEs,
Panel B reports single plant SMEs with at least one event in some year. Obser-
vations are instances of a firm having at least one event, launch, patent or TM in
that year. Trademark data is only available to 2014, so that observations are the
same as unique firms. Cells with under 10 observations are suppressed to avoid
disclosure.

Millot, 2020; De Vries et al, 2017) at varying points in the innovation
process (Seip et al, 2018), and varying across industry and market
contexts (Jensen and Webster, 2009). In particular, brand creation
trademarks and trademarks with a narrow scope may be important in-
dicators of innovation in start-ups and young firms (Flikkema et al,
2019).

Formally, Argente et al. (2019) distinguish between ‘productive’ IP,
which creates new products and protects revenue markups, and ‘pro-
tective’ IP, which creates future revenue sources. Large firms worry
about cannibalizing their existing products; thus, returns to new prod-
ucts decrease with firm size while returns to patenting increase. Large
firms are also better able than small firms to bear the costs of formal IP
protection. This implies that small firms below a certain size cut-off may
not patent or trademark at all, while large businesses have multiple
filings per new product; the cost differentials between patents and
trademarks also influence this (Castaldi et al, 2020). Additionally, firms
can choose between engaging in product/service innovation and
advertising/marketing their existing offerings. Advertising may com-
plement innovation by increasing markups on new products or substi-
tute for it by increasing revenues on existing products (Bokhari et al,
2020; Cavenaile and Roldan 2020). Larger (and older) firms tend to
prefer advertising their existing products over product innovation due to
spillovers from umbrella branding.

4.1. Empirical specification

This framework generates a number of predictions that we can
explore in our data — both on links between IP activity and launches and
from launches to firm growth (proxied by revenue per worker, as is usual
in this literature). First, we should expect a positive link between past IP
(patents and trademarks) and launches. The timing of IP activity is
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ambiguous. Knowledge stock decay implies that past activities have
weaker links, but to the extent that past IP proxies for individual firm
capabilities, it positively predicts launch activity. Per Flikkema et al.
(2019), we should expect stronger links for more narrowly focused
trademarks and for trademarks related to services. Per Argente et al.
(2018), larger firms should produce more IP per launch than smaller
firms; the exact size cut-off is an empirical question. Relatedly, younger
firms should have higher probabilities of launching and lower returns to
formal IP. Sectors where the cost of R&D is lower should exhibit stronger
IP-launch links - for example, services should have stronger links than
manufacturing (Audretsch et al, 2020).

Second, we should expect a positive relationship between firm
launch activity and levels of revenue productivity, as innovations
generate temporary monopolies for their producers. To the extent that
they reflect higher-quality products/services, more ‘important’ launches
should generate stronger revenue/worker effects. In contrast, the link to
revenue productivity growth is ambiguous, as we do not observe
different levels of overall competition in our data.

In theory, to estimate the link between IP and launches, we can es-
timate for firm i in year t, TTWA a and sector s:

Lira: = F(IPit—m Xil—m T17 Aa7 S:: eiras) (l)

where L is a measure of launch activity, including proxies for launch
importance/quality; IP is a vector of past patenting, trademarking and
self-reported innovation; X is a vector of time-varying controls; and T, A
and S are year, area and industry fixed effects, respectively. Similarly, to
estimate the launch-growth link, we can estimate:

Yims = F(Liz—m IPir—n-, Xir—na Tr-, Au-, Ss«, un‘a.x) (2)

where Y is a measure of revenue productivity, and other terms are
defined as above.

This design leaves us with three main challenges. First, in our
framework, firms have fixed, individual capability endowments; addi-
tionally, the decision to innovate varies at the firm level. Only some
relevant determinants are observable, and our short panel makes it
challenging to fit firm fixed effects. Blundell et al. (1995) propose using
firm-specific ‘level effects’ based on historic patenting activity, and we
follow this alternative to capture firm-level heterogeneity. Thus we es-
timate the following:

Lira: = F(IPit—na Xit—m HPiv Th Anv Ss7 eim:) (3)
Yias = F(Lir—ns TPy, X i, HP;, Toy Ay, Sy, Uis) )

Second, launches (and events, more broadly) are media-reported rather
than directly observed. For a given firm, event exposure is determined
by a) a firm’s decision to seek coverage, b) its capacity to do so, and c)
media interest in reporting the firm’s activity. The value of media
coverage varies across firms and is a function of management strategy.
The capacity to achieve is a function of management quality (Cohen and
Levinthal, 1990), resources and other characteristics (such as age, size,
legal and corporate structure) (Teece et al, 1997). Both firm choices and
capacity are also shaped by industry characteristics, trends and macro
forces, such as national/international policy regimes, trade frictions and
changes in these factors (Cockburn et al, 2016). Media interest may vary
across industries (for instance, on levels of newsworthy content) and
locations (physical proximity to media producers), and is affected by
media industry trends related to reporting capacity and coverage
(Davies, 2009; Viner, 2016).

Much of this can be addressed with controls and fixed effects, while
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Table 4
Linking past IP activity to product launches. Stepwise regressions, SMEs with
events, 2014-2017.

@D @ 3 4
A. Probability to Launch
L1.15% depreciated PCT /EPO  0.011***  0.010***  0.008"** 0.0077**
/
US patent count (0.002) (0.002) (0.002) (0.001)
L1.15% depreciated TM count 0.009 0.006 0.006 -0.001
(0.010) (0.010) (0.010) (0.008)
Ave pre-2009 patenting -0.026%** -0.022%**
(0.007) (0.007)
Firm patents pre-2009 0.138%** 0.0977**
(0.036) (0.035)
Observations 29528 29528 29528 29189
R? 0.0012 0.0059 0.0070 0.0614
B. Launch counts
L1.15% depreciated PCT /EPO  0.063"**  0.056"** 0.059*** 0.055%**
/ US patent count (0.009) (0.010) (0.010) (0.011)

L1.15% depreciated TM count 0.010 -0.009 -0.011 -0.032
(0.030) (0.030) (0.030) (0.029)
Ave pre-2009 patenting -0.138"* -0.120*
(0.053) (0.067)
Firm patents pre-2009 0.371 0.196
(0.250) (0.268)
Observations 29528 29528 29528 29189
R? 0.0008 0.004 0.004 0.031
Controls N Y Y Y
Pre-sample patenting N N Y Y
Year, area and industry N N N Y
dummies

Source: BSD/CH/GI/Orbis/UKIPO. The dependent variable is a dummy for
whether the firm has a product launch in a given year (Panel A) and the count of
a firm’s product launches in that year (Panel B). We control for log mean
turnover and employment, age, firm size dummies, company legal status and
structure dummies, and an urban TTWA dummy. Controls are lagged one year
except age. Pre-sample patenting levels effects are detailed in the main text.
Standard errors are clustered on 2-digit SIC.

" Denotes a result significant at 1%.

" Significant at 5%.

" Significant at 10%. Constant not shown.

our single-country setting eliminates cross-country differences.'®
Nevertheless, unobservables that affect event exposure may also con-
dition both sides of Egs. (3) and (4). Because launches are observed only
conditional on event exposure, we cannot directly control for the latter.
While we could in principle use a Heckman or IV estimator to handle
selection, in this case there is no obvious instrument. Thus, our preferred
approach is to estimate Eqs. (3) and (4) for the sample of SMEs with
events so that we can estimate the examined linkages conditional on all
drivers of event exposure. We also run diagnostic/falsification tests on
this sample, showing that past IP is linked to launches and not other
event counts, while other events are, as expected, correlated with our
level effect (past patenting). This provides further support that we are
both estimating a true IP-launch relationship and controlling for un-
observables that drive both selection and outcomes. In robustness
checks, we quantify these sources of bias by re-estimating (3) and (4) for
all SMEs and for all firms with events.

Third, per Cavenaile and Roldan (2020), launches have measure-
ment error to the extent that media coverage functions as a form of
advertising for firms. It is extremely challenging to distinguish the direct
revenue effect of a new product/service from that of the launch process.
Nevertheless, an observation of the predicted significant positive

16 Additionally, we assume that media interest in any given firm is equal,
conditional on sector, year and individual level effects. While we might worry
that individual firms could influence media interest through their market po-
sition or by buying advertising, this is less plausible in our main sample of
single-plant SMEs.
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relationship between past IP and launches would support the idea that
reported launches are linked to innovation rather than being purely a
form of advertising. Relatedly, we lack data on advertising spending at
the firm level.'” However, if advertising spending is equal within firm
size and industry bins, our specification eliminates spending as an
unobservable.

5. Results

First, we examine the link between patenting/trademarks and the
extensive and intensive margins of product launches. We then move to
the gains of innovation, estimating the link between launches and rev-
enue productivity.

5.1. Linking past IP with launch activity

Table 4 gives the results of Eq. (3): for SMEs with events, we regress
launch activity on past IP stocks, controlling for a range of firm char-
acteristics, local and sectoral conditions. In IP, patents and trademark
stocks are depreciated with the standard 15% depreciation rate (Hall
and Harhoff, 2012).'® Trademark stocks are constructed in the same
way. We define "recent’ patenting as that occurring in a given five-year
period such that n takes the value O, 1... 5 for patents and for
EPO/US/PCT filings in any given year since 2009.'° For trademarks, n
takes the value 0, 1 or 2 based on the available data. As discussed above,
following Blundell et al. (1995), we use individual firms’ historic patent
stocks as proxies for firm-level experience, absorptive capacity and other
unobservables.”’ We define ’historic’ patenting as that taking place
before 2009. Specifically, in HP, we include a dummy taking the value 1
if a firm has patented before this date and an average of pre-2009 pat-
enting activity taking the values p = 0.... p.*!

Table 4 gives results for both the product launch dummy (Panel A)
and the count of product launches (Panel B), fitting progressively more
demanding specifications.’” Overall, we find the positive link between
patents and launches predicted in our framework. For our preferred
linear probability model (Panel A, column 4), past patenting increases
launch probabilities by 0.7% points the following year. For trademarks,

17 While the UK Innovation Survey asks many questions about firm spending,
it does not cover advertising.

18 This 15% rate is varied in sensitivity tests.

19 We use filings to these offices as a proxy for invention quality: inventions
filed in international domains rather than to a single country are ‘worth’ more
to applicants (Helmers and Rogers, 2010). Alternatives are triadic patent family
constructs as an ex-ante measure of quality or patent citations as an ex-post
measure.

20 Many of the cited approaches normally include R&D and advertising ex-
penditures. Our data makes this challenging. We do not observe firm-level
advertising spending. The UKIS data contain R&D spend information, and we
match this to our panel, but the sample is small and highly selective. Com-
mercial sources such as Orbis have limited direct coverage (7,600 ‘industrial
companies’ in the UK with R&D expenditures in their annual accounts); UK
SME:s file minimal returns with Companies House, so it is difficult to reconstruct
standard proxies. As an alternative, we follow Audretsch et al. (2020) and infer
the role of R&D activity by subsetting it across industry bins.

21 We estimate using OLS because nonlinear estimates converge to OLS results
once converted to marginal effects (Angrist and Pischke, 2009). OLS is also
more efficient given the very large number of fixed effects in our data. The
functionally ‘correct’ estimation methods are the Zero-inflated Poisson or
Zero-inflated Negative Binomial methods. Angrist and Pischke (2009)
convincingly show that once the raw coefficients produced by these estimators
are converted to marginal effects, the results are essentially identical to those of
OLS.

22 sample size changes drive results in different columns. To make sure the
small differences in the results are driven by sample selection, we run the same
regressions, keeping the sample size constant. Results are qualitatively the
same, with very minor changes to the coefficients.
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Table 5
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Linking launch dummies and firm revenue productivity, SMEs with events, 2014-2017.

Log revenue/worker

Rev/worker growth High-growth episodes

@ (2 3 4 5) 6)
L.new product launch 0.064*** 0.000 -0.006

(0.019) (0.007) (0.005)
12.15% depreciated PCT /EPO/US patent count 0.004 0.005 -0.006* -0.006* 0.002 0.002

(0.007) (0.007) (0.003) (0.003) (0.002) (0.002)
12.15% depreciated TM count 0.081+** 0.081%** 0.002 0.002 0.003 0.003

(0.024) (0.024) (0.005) (0.005) (0.005) (0.005)
Ave pre-2009 patenting 0.072 0.070 0.009 0.009 0.029* 0.029*

(0.057) (0.058) (0.022) (0.022) (0.016) (0.016)
Firm patents pre-2009 -0.223* -0.217* 0.014 0.014 -0.019 -0.020

(0.116) (0.116) (0.043) (0.043) (0.029) (0.029)
Observations 27019 27019 27019 27019 27019 27019
R? 0.166 0.165 0.010 0.010 0.023 0.023

Source: BSD / CH / GI / Orbis / UKIPO. The dependent variables are log revenue per worker, annual growth in revenue per worker, and a dummy for whether a firm has
a high-growth episode, per the OECD definition. L2 is the stock of patents or trademarks two years before. All models fit controls for log turnover and employment, age,
firm size dummies, company legal status and structure dummies and an urban TTWA dummy. Controls are lagged one year except age. All models also fit TTWA, 2-digit
industry and year dummies. Pre-sample patenting levels effects detailed in the main text. Standard errors are clustered on firms.

" Denotes a result significant at 1%
**Significant at 5%.
" Significant at 10%. Constant not shown.

conversely, the overall relationship is close to zero and non-significant:
this varies when we decompose trademarks by type and scope, as seen
below. Consistent with our framework, historical patenting predicts
current launch activity: firms with some historical IP are 9.7 percentage
points more likely to have a launch in any sample year. The number of
historical patents is a significant negative predictor, however, consistent
with depreciation from bigger stocks of older patents. We see similar
patterns for the launch count model (Panel B): 10 additional patents in a
given year are linked to over 0.5 extra launch events the following year,
while trademarks have no effect. Here, historical patenting has no sig-
nificant link with the intensive margin of launches.*

Then, we focus on other predictions. We re-estimate (3) separately
for product, service and specialised trademarks — defined using NICE
codes (see Appendix 2 for details). Table B8 shows the results. We find
larger IP-launch dummy coefficients for service trademarks than for
product trademarks, although we have significantly fewer of the
former.”* In line with Flikkema et al. (2019), for specialised trademarks,
the links are larger still and are marginally significant.

We also divide the panel into manufacturing and services subsamples
(based on SIC1 classifications) and subgroups based on firm size
(following OECD definitions of sole traders, micro, small and medium-
sized firms) and age (those under 10 years old, the youngest 25% of
the sample, and the remainder). The results are given in Tables B9 and
B10. Although we do not observe R&D costs directly, we can infer them
from sectoral information (Audretsch et al 2020): as expected, we find
stronger links between patents and launches in the services sector,
where R&D capital costs are lower than they are in the manufacturing
sector. Consistent with Argente et al. (2019), since larger firms file more
patents per launch, the coefficients of patents on launch probabilities
and launch counts are overall increasing with firm size. There is one
exception: micro firms (with 1-9 staff) are more likely than

23 These results survive an extensive set of sensitivity checks and re-running
on different samples. In Table B5 we vary the lags for patents and trade-
marks; in Tables B6-B7 we add controls for past high-growth episodes; add
technology field fixed effects; re-specify patents using cumulative patent counts;
and use 40% depreciation rates, following Li and Hall (2020).

24 See Table B1. We have 8,493 trademarks across 5,189 firms, of which 4,744
have only product NICE codes and 1,969 have only service NICE codes. When
we re-run this test for all SMEs, we find the same pattern of results, but effect
sizes are larger and all significant. Launch activity is unaltered, so this is driven
by the larger sample plus more variation in trademarking activity. Results are
available on request.

medium-sized firms (with 25-249 staff) to launch with a prior patent,
and they generate more launches per patent. Consistent with our
framework, we also find that the youngest 25% of firms have higher
probabilities of launching (per their past IP) and lower returns to pat-
enting than more established businesses (nonsignificant coefficients of
IP on launch count, versus a link that is significant at the 1% level for the
oldest 75%).%°

There are three main caveats to these exercises. First, although our
results are robust to varying the lag, the true time decay function be-
tween IP and launches is unclear. Second, measurement error on both
sides of Eq. (3) affects our estimates. The majority of UK innovations are
not protected with formal IP (Hall et al, 2013). Many new pro-
ducts/services involve multiple patents; for instance, the iPhone
reportedly has over 100 (Mazzucato, 2013). We also test aggregate links
for each firm using many years of patents and trademarks, but only two
financial years’ worth of reported launches. While measurement error
related to patents and trademarks may downward bias the estimates, we
can consider the error in product launches to be as good as random
conditional on observables.

Third, even conditioning on event exposure may not fully control for
unobservables. Per our framework, past IP should have a stronger link
with launch activity than with other types of events, such as mergers or
staff changes. However, if any kind of event exposure is a proxy for
underlying knowledge capabilities (Klette and Kortum, 2004), it may
affect both IP and launch activity differently across individual firms. We
test this in Table B13, restricting to the set of SMEs with event exposure
but no launches, then regressing this alternative event count on IP.
Reassuringly, we find that recent patenting and trademarks are not
associated with non-launch event counts. Additionally, we find positive,
significant links between firms’ historic patenting and other event
exposure. This provides further evidence that we are estimating a link

25 In Table B11, we examine links between past IP activity and launch quality/
importance measures, but we find no significant linkages, and these factors are
instead linked to revenue per worker (Section 6). In Table B12, we rerun our
main analysis on all single-plant SMEs (Panel A) and on all firms with event
exposure (Panel B). For all SMEs, we find slightly smaller coefficients, with a
significant link to both patenting and trademarking; for all firms with events,
we find similar results on the extensive margin, but nonsignificant links to
launch counts. This implies that in explaining the IP-launch relationships across
the examined population of firms, event exposure may be less salient than the
role of firm size, although as explained in Section 2, in our all-firm sample, we
risk error in ascribing launches to specific plants and locations.
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Table 6

Linking launch counts and firm revenue productivity, SMEs with events, 2014-2017.
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Log revenue/worker

Rev/worker growth High-growth episodes

@ (2 [©)] 4 5) 6)
L.new product launch count 0.017*** 0.000 0.001

(0.005) (0.001) (0.001)
L2.15% depreciated PCT 0.004 0.005 -0.006* -0.006* 0.002 0.002
/ EPO / US patent count (0.007) (0.007) (0.003) (0.003) (0.002) (0.002)
L2.15% depreciated TM 0.081%** 0.081%** 0.002 0.002 0.003 0.003
count (0.024) (0.024) (0.005) (0.005) (0.005) (0.005)
Ave pre-2009 patenting 0.073 0.070 0.009 0.009 0.029* 0.029*

(0.058) (0.058) (0.022) (0.022) (0.016) (0.016)
Firm patents pre-2009 -0.220% -0.217* 0.014 0.014 -0.020 -0.020

(0.116) (0.116) (0.043) (0.043) (0.029) (0.029)
Observations 27019 27019 27019 27019 27019 27019
R? 0.167 0.165 0.010 0.010 0.023 0.023

Source: BSD / CH / GI / Orbis / UKIPO. Notes as in Table 5.

between past IP and launches specifically, which is not affected by in-
dividual variation in other types of event exposure, and that our
individual-level effects capture relevant firm-level heterogeneity.

5.2. Linking IP, launches and firm performance

To explore links between IP/launch activity and firm performance,
for SMEs with events, we estimate:

Yims =a+ bLi,,l + CPATS,-,,Z + dTM,’,,Z + HPe,» + X]‘;'ffn + T; + Aa + SS
+ Uity
(5)

This function allows us to study the link between launch activity and
subsequent performance changes at the firm level, conditional on pre-
vious patenting and trademarking. As before, we then examine sub-
samples to explore heterogeneity in the innovation-launch-performance
relationship. As in existing studies, we specify Y as revenue per worker
(Mohnen and Hall, 2013; Klette and Kortum, 2004). We fit Y in both
levels (log revenue/worker) and changes (% revenue worker growth/-
year). Alternately, we specify Y as a dummy indicating whether a firm
has at least one ‘high-growth’ revenue growth episode — per the OECD
definition — during the sample period. This last specification focuses on
the most dynamic firms in the sample. Given the short panel, levels is
likely to be more informative than changes or growth episodes.

Controls, lagged launches,® patents and trademarks are specified as
in the previous subsection: we lag the latter two periods to allow ‘up-
stream’ IP to influence ‘downstream’ launches. Given the short panel,
we use each firm’s pre-2009 patenting activity as a proxy for firm-level
heterogeneity.

Tables 5 and 6 give results for the subsample of firms with event
exposure. For each outcome, we fit the model with launches (columns 1,
3, and 5) and without launches (columns 2, 4 and 6). We interpret co-
efficients of b as expressing the association between launches and rev-
enue productivity, conditional on media exposure.

As suggested by our framework, Table 5 shows that product launches
have a positive, significant relationship with log revenue productivity.
Specifically, SMEs with launches have 6.4% more revenue per worker
than firms with other types of event exposure (column 1): a 1 standard
deviation (0.42) increase in the average launch probability is associated
with a 2.7% increase in revenue productivity. While recent patenting
has no relationship with revenue per worker, recent trademarking has a

26 We can only lag launches by one year. We are aware that any estimated
correlations may be industry-specific. We do not run each regression separately
by sector, although we control for industry fixed effects (and in some specifi-
cations, for industry-by-year fixed effects) to account for average sectoral
heterogeneity.

10

positive, significant association, as each additional trademark is linked
to an 8.1% increase in revenue productivity (column 1). This result is in
opposition to our earlier IP-launch results, suggesting both that patents
affect revenue per worker through launches and that patents and
trademarks are complements, consistent with De Vries et al (2017). We
speculate that the two-year lagged trademark results may partly reflect
revenue markups from launches prior to 2014, which we do not observe
in our data. We find no link between launch activity and revenue pro-
ductivity growth or high-growth episodes; patent and trademark links
are also weak or non-significant here (columns 3 and 5). Given our short
panel, this is, perhaps, not surprising.

Table 6 gives results for launch counts. Each additional launch is
linked to a 1.7% increase in revenue productivity (column 1), and this
significant at the 1% level. As in Table 5, we find no link with recent
patenting, but we see a clear, positive link with recent trademarks,
which is larger than that with launches. Removing launches from the
model (column 2) reduces the model fit, as before. As before, we find
that launch counts do not predict revenue per worker growth or high-
growth episodes.

These results are robust to a battery of robustness checks. Tables B14-
B16 in the Appendix give results for our three dependent variables.
Table B17 reruns the levels result for alternate samples. For all SMEs
(Panel A), selection into the events sample drives many of the major
associations in our main results. Firms with product launches have 45%
higher revenue productivity than those without, and this is significant at
the 1% level (column 1). We find similar results regarding the launch
count, which has a positive, significant relationship with log revenue
productivity. As expected, not controlling for underlying media expo-
sure substantially strengthens the launch count-performance link. Spe-
cifically, each additional launch increases revenue productivity by
4.7%, though underlying media exposure is uncontrolled. In contrast,
adding in larger, multiplant firms with events (Panel B) only increases
the launch-performance link to 8.5%, from 6.4% in our main results, and
there is now a nonsignificant link between revenue productivity and the
number of launches. Per our framework and Cavenaile and Roldan
(2020), this is consistent with larger firms being more likely to have
other sources of revenue such as advertising and with the presence of
spillover effects from existing products and services.

6. Extensions

We extend our main results in four ways. First, we decompose
trademarks into product, service and specialised categories, as before
(Table B18). We find that coefficients of launch activity are essentially
unchanged; however, consistent with Castaldi et al. (2020), counts of
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Table 7
Launch quality, launch importance and firm revenue productivity, SMEs with
events, 2014-2017.

Log rev/ Rev/worker High growth
worker growth episodes
m 2) 3
A. L.total launch reports, main 0.0007""* -0.000%* -0.000
topic
(0.000) (0.000) (0.000)
R? 0.166 0.010 0.023
B. L.weighted launch reports, 0.000 -0.000 -0.000
main topic
(0.000) (0.000) (0.000)
R? 0.165 0.010 0.023
C. L.firm has important 0.168%** -0.027 -0.007
launch, main topic
(0.052) (0.018) (0.013)
R? 0.166 0.010 0.023
D. L.count of important 0.218*** -0.014 -0.002
launches, main topic
(0.069) (0.016) (0.014)
R? 0.166 0.010 0.023
Observations 27019 27019 27019

Source: BSD/CH/GI/Orbis/UKIPO. Each panel of the table represents a different
regression for Eq. (2), with dependent variables specified A-D. For each panel,
each cell is a different specification showing the coefficient of b in Eq. (2), with
standard errors in parentheses and R? in italics. All models fit controls for log
turnover and employment, age, firm size dummies, company legal status and
structure dummies and an urban TTWA dummy. Controls are lagged one year
except age. All models also fit TTWA, 2-digit industry and year dummies, plus
pre-sample patenting levels effects detailed in the main text. Standard errors are
clustered on firms.

" Denotes a result significant at 1%.

" Significant at 5%.

*Significant at 10%. Constant not shown.

specialised trademarks are more strongly linked to revenue per worker
than the simple trademark count is.?” Second, we split the events sub-
sample to examine the launch-revenue productivity links in
manufacturing and services industries. Tables B19 and B20 give results
for the linear probability and count models, respectively. In both cases,
overall, positive links are driven by firms in the services sector. Service
firms also drive the trademark results, consistent with previous studies
(Castaldi et al., 2020; Flikkema et al., 2019). For manufacturing firms,
recent patenting is linked to lower revenue productivity growth, but
historical patenting is correlated with higher revenue per worker
growth. Overall, these results are consistent with Audretsch et al.
(2020), who suggest that barriers to (reported) innovation are lower for
service firms than manufacturing firms.

Third, we investigate the role of firm size and age in explaining our
results (Table B21). As before, we group firms into size bins using OECD
definitions, and define young firms as the youngest 25% of firms in the
events sample. For launch dummies, we first fit our main regression with
age and size dummies (column 1), then add size and age group in-
teractions (columns 2 and 3, respectively). In columns 4-6, this is
repeated for launch counts. Overall, the results are driven by medium-
sized firms, while there is no effect of age. Specifically, for the exten-
sive margin, we find a positive revenue/worker link for small firms, but
this is half as strong as that found for medium-sized firms.

Finally, we examine the link between launch quality and revenue
productivity. We use the number of media reports per event as a proxy
for quality, as detailed in Section 2. We re-estimate Eq. (5) using four
alternative quality measures in separate regressions: 1) a simple count of
the number of reports across each firm’s launches per year; 2) firm-year

27 As before, when we rerun this test for all SMEs, we find the same pattern of
results but with larger, more robust effect sizes. These results are available on
request.
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counts weighted by the number of launches; 3) a dummy for whether a
firm has an ‘important’ launch with many mentions; and 4) the number
of important launches per firm per year. Table 7 gives the results when
we look at counts for the main event topic (using counts across all topics
and counts weighted by topics give identical findings). We find very
small positive links between the report counts and levels of revenue
productivity and very small negative links to revenue productivity
growth. We do not find links for weighted report counts. We find large,
significant associations between having an important launch and reve-
nue per worker and between having an important launch and the count
of important launches. Specifically, SMEs with at least one important
launch have approximately 17% higher revenue productivity than other
SMEs with media exposure; each additional important launch increases
revenue per worker by nearly 22%. This suggests that our main results,
which link launch activity to SME revenue productivity, are significantly
driven by a small set of high-profile, important product and service
launches.

7. Conclusions

A vast field of literature explores the links between innovation and
economic performance (Romer, 1990; Aghion and Howitt, 1992; Coad,
2009; Akcigit, 2017). Four streams of empirical work unpack connec-
tions at the firm level. An established set of studies uses R&D, patents
and innovation surveys; newer analyses use trademarks, text-based
measures or product-level data. However, this body of work has two
constraints: the informality of much innovative activity (Hall et al,
2014) and practical limits in processing richer text or product-level in-
formation. Our paper makes three practical and empirical advances on
this literature. First, we develop novel product-level innovation metrics
that extend existing studies. Second, we show that our new measures
complement existing, formal IP metrics. Third, we find positive links
between SME launch activity and revenue per worker. Importantly, we
also find that industry, size, IP strategy and launch quality differences
moderate our main results.

We highlight three main lessons for existing research, and for prac-
tice. First, our results further confirm the overall positive links between
firm-level innovation and growth found in many previous studies
(Audretsch et al, 2014). Our findings are also consistent with more
recent work on trademarks and innovation (Castaldi et al, 2020). Sec-
ond, however, and consistent with extreme heterogeneity, we show that
a subset of high-growth firms can drive overall innovation and growth
outcomes (Nightingale and Coad, 2013). Developing policy tools to
identify and support such firms is both important and highly chal-
lenging. Third, we show the value of monitoring innovations not
captured by formal IP or surveys — and the rich potential of text-based
sources to achieve this (Gentzkow et al, 2019).

Four limitations of our work may inform future research. First, we
explore heterogeneity mainly via subsamples. One could instead use
data-driven approaches to identify high-growth businesses, as in Coad
et al. (2016a), or richer firm-level information that covers management
strategy, as in Grillitsch et al. (2019). Second, it would be valuable to
link our data to information on firm advertising, capital intensity and
R&D, as in Hall et al. (2013) and Cavenaile and Roldan (forthcoming).
Third, we utilize a short timeframe; a longer time series would allow an
analysis of macro conditions, as in Spescha and Woerter (2019). Finally,
our analysis is not causal. Future work could improve on this issue by
exploiting policy evaluation settings or finding viable instruments.
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