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Abstract

Recent empirical evidence finds positive associations between digitalisation and industry
concentration. However, ICT may not be all alike. We investigate the effect of the
purchase of cloud services on the long run size growth rate of French firms. Our findings
suggest that cloud services positively impact firm growth rates, with smaller firms
experiencing more significant benefits compared to larger firms. This evidence suggests
that the diffusion of cloud technologies may help mitigate concentration in the era of the
digital transition by favouring the digitalisation and growth of smaller firms, especially
when the cloud services provided are more advanced.
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1 Introduction

Recent studies have established a positive association between digitalisation and intangible
assets on one side, and industry concentration on the other (see e.g., Bessen 2020, Bajgar
et al. 2021, Lashkari et al. 2024), showing that the use of information and communication
technologies (ICT) benefits larger firms to a greater extent (Brynjolfsson et al. 2023, Babina
et al. 2024). However, ICTs may not be all alike. In particular, cloud computing services
promote key organisational changes within firms by substituting the costly IT investments
complementary to several digital technologies (Bloom & Pierri 2018), such as AI (see also
McElheran et al. 2023, Calvino & Fontanelli 2023b). Furthermore, its use allows firms to ex-
pand operations with fewer constraints (see Jin & McElheran 2019), scaling their production
without requiring large investments in IT assets (Brynjolfsson et al. 2008) and producing
positive effects on both size and productivity (Gal et al. 2019, Duso & Schiersch 2022, Jin
2022). This positive link has been found to be more pronounced for younger firms (Bloom &
Pierri 2018, Jin & McElheran 2019, DeStefano et al. 2023), suggesting that these firms dispro-
portionately benefit from the use of cloud services by gaining access to otherwise inaccessible
IT complementary assets.

Yet, to our knowledge, there is no evidence exploring whether also smaller firms enjoy
higher benefits from cloud use than larger firms, conditional on age. First, small firms may
struggle to invest into IT assets and to navigate through the current digital paradigm. Cloud
technologies represent a crucial service for these firms as it lowers the fixed costs of digi-
talisation, allowing to store data and files, operate software and undertake computationally
intensive activities without owning the underlying physical IT facilities. Second, the purchase
of cloud services in a market dominated by few large providers (e.g., Google and Amazon)
implies the existence of positive markups on the cost of using providers’ IT assets via cloud
service. This suggests that, when the need for IT assets is compelling as it is the case for
large firms, the purchase of cloud services may not be cost-effective.

In this work, we explore the heterogeneous impact of cloud technologies on the size growth
rate of firms based on a unique combination of four sources of micro data for French firms
between 2005 and 2018 – French ICT surveys (2016 and 2018), administrative data from
French firms’ balance sheets (2005–2019), French matched employer-employee data (2005–
2019) and the French business register (2005–2019). We focus on long run growth rates, in
line with the idea that the effects of digital technologies may take time to materialise due to
large and complex organisational changes characterised by uncertainty and implementation
lags (Brynjolfsson & Hitt 2003, Brynjolfsson et al. 2018, Acemoglu & Restrepo 2020).

We find that cloud has a positive relationship with the growth rates of firms, which is less
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pronounced for large firms. We address potential endogeneity issues by adopting a causal
identification strategy based on an endogenous treatment model (ET henceforth, see Heck-
man 1976, 1978, Maddala 1983, Vella & Verbeek 1999), where the purchase of cloud services
is our endogenous treatment variable. This latent variable model is widely used in research
(e.g., Shaver 1998, King & Tucci 2002, Campa & Kedia 2002) as it addresses the issue of
self-selection of firms into treatment (Hamilton & Nickerson 2003, Clougherty et al. 2016).
We employ lighting strikes per capita at the municipality (French commune) level, a source of
spatial exogenous variation associated to investments in IT infrastructure (also see Andersen
et al. 2012, Guriev et al. 2021, Caldarola et al. 2023), as the exclusion restriction variable. In
order to adopt cloud technologies, firms need to have access to reliable, fast, and state-of-art
internet connection (Nicoletti et al. 2020, Garrison et al. 2015, Ohnemus & Niebel 2016,
DeStefano et al. 2023). However, by causing energy spikes and dips, lightning strikes may
increase the maintenance costs of IT infrastructure, slowing down their diffusion (Andersen
et al. 2012). Furthermore, lighting strikes lower the quality associated to broadband internet
services, producing a four times larger frequency of broadband network failures during thun-
derstorms, if not adequately mitigated (Schulman & Spring 2011). Overall, our measure of
lighting strikes per capita reflects the trade-off faced by internet providers who will have to
balance the costs of expanding the broadband network and the potential benefits that can
be harvested by expanding the network, given by the number of potential customers in each
geographical area.

Results from the endogenous treatment models show that the purchase of cloud technolo-
gies has a positive effect on firms’ long run growth rates. However, the effect diminishes for
larger firms, suggesting that the diffusion of cloud services can help smaller firms narrow their
size gap. This finding holds up across several robustness checks, including the change in the
definition of size, the period wherein growth rates are computed, the econometric specifica-
tion, and sample. Furthermore, when breaking down cloud purchases by specific applications
– data and file storage, software use, and computational power -— we find that leveraging
cloud technologies for more advanced applications (which are likely associated with higher
fixed costs) tends to enhance the growth benefits of cloud adoption reaped by smaller firms.

We provide evidence of a possible mechanism explaining the heterogeneous effect of cloud
on firm-level growth rates. Several works find that firms adopting digital technologies tend
to be smaller (Zolas et al. 2020, Calvino & Fontanelli 2023b, Cirillo et al. 2023). We show
that the purchase of cloud services by firms is positively linked to long run changes in digital
intensity and that this relation tends to be stronger for smaller firms. Such evidence suggests
that cloud services may be complementary to the use of other digital technologies, and the
more so when firms are small, highlighting that cloud services purchase could grant the access

2



to IT assets and boost the adoption of other digital technologies, positively affecting small
firms’ growth rates.

Finally, we examine whether the share of cloud-using firms and long run changes in
concentration of individual industries are related by aggregating our data to the 2-digit
sectoral level (see Brynjolfsson et al. 2023, Bessen 2020, Babina et al. 2024). Our analysis
uncovers a negative correlation between the two, suggesting that the greater impact of cloud
on size growth rate of smaller firms may mitigate increasing concentration trends (Bajgar
et al. 2021).

Our findings have significant policy implications in the current context of increasing trends
in industry concentration at play in many countries (see e.g., Bajgar et al. 2019, Grullon et al.
2019, Gutiérrez & Philippon 2017, Autor et al. 2020). ICT diffusion policies that support
the digital transition could worsen the current state of competition, if they fail to differen-
tiate between small and large firms, as ICT adoption has been linked to increased industry
concentration (Brynjolfsson et al. 2023). However, our evidence suggests that smaller firms,
which are generally less digitalised, have substantial untapped growth potential that could
be unlocked through the broader diffusion of cloud technologies.

The remainder of the paper is organised as follows. Section 2 analyses the existing evi-
dence on the use of cloud computing technologies by firms. Section 3 discusses the sources of
data used for the analysis and reports key summary statistics. Section 4 describes the econo-
metric framework and identification strategy applied in Section 5, where the main results of
the analysis are reported. Section 6 estimates the cloud-concentration relation. Section 7
summarises the key findings and discusses possible avenues for future research.

2 Literature review

The OECD defines cloud technologies as "a service model for computing services based on
a set of computing resources that can be accessed in a flexible, elastic, on-demand way with
low management effort" (OECD 2014). The primary applications of cloud computing for
firms involve the virtualisation of physical machines and software, and the provision of digital
services as a local public utility. Some examples of cloud services include mailing software,
file and data storage, online software, and access to computational power.

Fulfilling the early predictions put forward decades ago by ICT pioneers, cloud computing
has revolutionised the acquisition of IT assets by firms and ’democratised’ access to ICT for
businesses (Bloom & Pierri 2018).1 IT assets, whether physical (e.g., computers) or intangible

1In 1961, Professor John McCarthy predicted that “computing may someday be organised as a public
utility just as the telephone system is a public utility”.
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(e.g., ICT human capital), are indeed costly both in terms of money and time, with high
fixed cost of adoption and large implementation lags (Brynjolfsson et al. 2018). However,
these are needed by firms to reap the full benefits brought by digital technologies usage.
In this respect, the purchase of cloud services – in place of IT investments – is an enabler
for other digital technologies, due to prominent complementarities in the ICT domain. The
purchase of cloud services is indeed associated with the use of other digital technologies
(see Cho et al. 2022, DeStefano et al. 2022, Calvino & Fontanelli 2023b, Goos & Savona
2024). Yet, cloud services may not function as a ’prêt-à-porter’ technology, so firms may
incur in significant adoption costs. The use of cloud is indeed positively related with several
complementary assets, including fast broadband availability, managerial quality, ICT skills,
and IT capabilities (Nicoletti et al. 2020, Garrison et al. 2015, Ohnemus & Niebel 2016).

Notwithstanding the significant decline of cloud service prices in the 2010s (Byrne et al.
2018, Coyle & Nguyen 2018), the diffusion of cloud technologies appears to be still limited
and heterogeneous across sectors (see Section 3.1 and Jin 2022). Furthermore, cloud users are
larger, to some extent younger, and more digitalised (Zolas et al. 2020, Acemoglu et al. 2022).
On the one hand, this evidence suggests the existence of large potential gains stemming
from the adoption of cloud technologies by smaller firms in less digital-intensive sectors.
On the other hand, it indicates relevant complementarities between cloud and other digital
technologies. As a matter of fact, firms may use cloud because it complements various other
digital technologies (e.g., AI) and facilitates leveraging physical IT capital, IT personnel,
and data sharing across large facilities or within the same firm across different plants. This
may underlie the observation that cloud users may not invest less in IT equipment (Duso &
Schiersch 2022).

By substituting IT investments, the diffusion of cloud technologies promotes key organi-
sational changes within firms (see the discussion in Jin & McElheran 2019). Their use allows
a shift from a structure based on physical IT capital (assets ownership, high fixed costs,
and irreversibility) to one based on intermediate IT costs (on-demand services, intermediate
costs, and flexibility) – for example, from physical storage facilities to Google Drive services.
Thanks to cloud computing, IT resources become easily accessible, scalable, and flexible for
firms. Access to IT assets is on-demand and – virtually – does not imply any problem of
capacity utilisation. Furthermore, the use of cloud services reduces the implementation lags
of IT infrastructures and lowers maintenance costs. Economies of scale to the advantage of
firms also increase, as they can leverage the same IT structure (e.g., data and IT personnel)
beyond spatial borders.

For these reasons, positive effects in terms of both size and productivity at the firm
level are expected to emerge from the diffusion of cloud technology adoption, as it allows
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scaling production without heavy investments in IT assets. This is referred to as the ’scale
without mass’ hypothesis: firms can expand operations with fewer constraints, thanks to
the digitalisation of production (Brynjolfsson et al. 2008). It has indeed been found that the
purchase of cloud services has a positive effect on users’ size and productivity (Jin 2022, Duso
& Schiersch 2022, Gal et al. 2019). Furthermore, this positive effect has been found to be more
pronounced for younger firms (Bloom & Pierri 2018, DeStefano et al. 2023, Jin & McElheran
2019). In fact, younger actors may have a disproportionate advantage from the availability
of cloud services due to improvements in access to IT resources and lower path dependency
on pre-existing organisational settings?. This access is crucial as a complementary asset and
may not be otherwise accessible for younger firms.

Yet, to our knowledge, there are no contributions to the literature exploring whether the
positive effects of cloud services on firms are mediated by their size as well, conditional on
age. However, the scope of cloud services may be larger in smaller firms, as they are less
digitised (Zolas et al. 2020). Furthermore, cloud services are provided in a market dominated
by few large providers (i.e., Amazon, Microsoft, and Google – see discussion in Crémer et al.
2024), suggesting the presence of a positive markup on the cost of IT assets provision via
cloud services. Accordingly, purchases of cloud services are characterised by larger costs than
IT proprietary assets, whose amount is likely larger in firms of greater size.

In this respect, the positive link between cloud and size may be only partially consistent
with existing evidence on ICTs. Firm-level IT intensity has a positive effect on the size growth
of firms, but its returns increase with firm size (Babina et al. 2024, Brynjolfsson et al. 2023).
Accordingly, the diffusion of ICT technologies may generate concentration increases in many
countries, in line with the positive sector-level link between intangibles and concentration
found in similar settings (Bajgar et al. 2021).

Nevertheless, the use of cloud services by firms could represent a departure from this ev-
idence, with key implications for the current trends in industry concentration. More specifi-
cally, our results suggest that the diffusion of cloud technologies among firms could mitigate
concentration trends by benefiting more smaller firms in terms of size growth by boosting
their digitalisation.

3 Data

In this section, we discuss the data employed in the analysis and present key summary
statistics. Our analysis is based on four sources of microdata.

First, we use the 2016 and 2018 versions of the French ICT survey ("Enquête sur les Tech-
nologies de l’Information et de la Communication (TIC)"), which is managed by the INSEE
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(the French statistical office).2 Each wave of the survey includes a rotating sample counting
approximately 9000 firms from both manufacturing and non-financial market-services sectors.
The sample is representative for firms with 10 or more employees and is exhaustive for those
with over 500 employees.3 We exclude firms belonging to sectors 62 ("Computer Program-
ming, Consultancy And Related Activities") and 63 ("Information Service Activities") of the
NACE classification. The possible positive effect of cloud adoption on the performance of
these firms could indeed be driven by the sales of cloud services to other firms, rather than by
increases in digital intensity. The survey questions focus on the utilisation of advanced digital
technologies in 2015 and 2017, respectively captured by the 2016 and 2018 survey waves.4

This dataset is characterised by a greater level of detail and representativeness when com-
pared to other commercial surveys. Additionally, it can be merged to other sources of French
firms’ data thanks to the Siren code, a unique identifier attributed to French companies at
their birth.

Part of the ICT survey is dedicated to questions on cloud use by firms. Specifically, firms
are asked whether they used cloud technologies in the previous year.5 Firms are asked the
following question:

“Did your enterprise buy cloud computing services? (Excluding cloud services provided for
free.)”.

Cloud services are defined as follows in the survey:

“Cloud computing (or cloud) refers to computing services used over the internet to access
software, computing power, storage capacity, etc. These services must have the following
characteristics:

• They are delivered by servers from service providers.

• They are easily scalable up or down (for example, the number of users or changes in
storage capacity).

2Further information about each ICT survey can be found here for 2016 and here for 2018.
3It is therefore challenging to exploit the panel dimension of these datasets. Less than three of thousands

firms are present in both the waves of the survey, and are mostly large firms.
4The questions about advanced digital technologies are updated annually, although the ICT surveys run

in different years may not include questions about the same technologies.
5Additional questions about cloud technologies are present in the 2020 and 2021 waves, relative to the

years 2019 and 2020 respectively. However, in the context of our identification strategy (see Section 4), the
use of these waves implies the inclusion of the COVID-19 pandemic years in the dataset. The pivotal role
of digital technologies during the pandemic makes it challenging to precisely estimate the effect of cloud on
performance in normal times. We chose to employ the 2016 and 2018 ICT surveys accordingly. We provide a
robustness check confirming our results and estimated in the periods 2009–2019 (using ICT survey versions
2016, 2018, and 2020) and 2009–2020 (using ICT survey versions 2016, 2018, 2020, and 2021) in the Appendix
(see Table A6).
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• Once installed, they can be used "on-demand," without human interaction with the
provider.

• They are paid either by the user or based on the capacity used or services provided.

Cloud computing may include connections via a virtual private network (VPN).”

Furthermore, the survey provides information on the different types of cloud services
purchased by firms, distinguishing them into six non-exclusive categories: mail, data storage,
file storage, accounting software, office software, CRM software, and computing power. We
define a cloud user as a firm that purchases cloud services in at least one of the latter five
categories. We discard the first category of cloud usage (i.e., mail), as it is unlikely conducive
to producing organisational changes in the firm’s structure and, therefore, may not capture
the effects of cloud on firm performance. Our main cloud use variable thus takes the form of
a dummy, indicating whether firms use cloud technologies or not. Additionally, we provide
results for different categories of cloud usage. We define the dummy variables ‘Cloud -
Storage’, ‘Cloud - Software’, and ‘Cloud - Computing Power.’ A firm is considered to use
cloud for storing data (‘Cloud - Storage’) when it purchases cloud services for storing data or
files, to use cloud for software (‘Cloud - Software’) when using cloud services for accounting,
office, or CRM software, and to use cloud for computing power (‘Cloud - Computing Power’)
when it purchases cloud services for borrowing external IT processing capacity.

Second, we match the ICT survey with the administrative data from French firms’ balance
sheets (FARE) covering the 2018-2005 period.6 This dataset provides information on firm
sales, age, employment, and exporter status, as well as physical and intangible capital.7

Intangible capital is not available before 2009; this will limit our baseline estimation to
the 2009–2018 period.8 These variables allow us to portrait a complete picture of firms
buying cloud technologies, and to control for potential links between size growth and firm
characteristics otherwise conflated with cloud usage, for instance the age of firms.

Third, we employ the information on the stocks of establishments by firm from the French
business register. This data is used to build a binary variable indicating if the firm is multi-
plant.

Finally, we match the ICT survey with French employer-employee data (DADS) in 2005–
2017.9 This data allow us to build the firm-level share of hours worked by ICT workers

6Additional details about this dataset can be accessed here: https://doi.org/10.34724/CASD.42.3654.
V1.

7Data on sales and capital are in real terms. Sales and physical capital have been deflated at the 2-digit
sector level. Data on intangible capital have been deflated exploiting the deflators provided by INTANPRO-
EUKLEMS (Bontadini et al. 2023).

8However, in Section 5.3 we discuss a series of robustness checks on the 2005–2018 period.
9Further information about DADS here.
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hired by the firm (named ICT share hereafter). We consider ICT workers to be employees
falling within the 4-digit classes 388a, 388b, 388c, 388d, 388e, 478a, 478b, 478c, 478d, and
544a of the 2003 French PCS classification.10 These classes specifically target occupations
with a significant focus on ICTs. The ICT share serves as a proxy for the intensity of
digitalisation within the firm and, in a regression setting, cleans the relationship between
cloud and performance from the correlation between cloud and other performance-enhancing
digital technologies.

3.1 Who are cloud users?

Before investigating the relationship between cloud adoption and firm growth, we sketch out
the characteristics of the sample under consideration, highlighting some general differences
between cloud users and non-users. To start with, the upper block in Table 1 shows the
share of cloud-adopting French firms grew of a remarkable 23 percent in only two years
(from 26.5% in 2015), indicating a speedy diffusion of cloud technologies. The bottom panel
of the table indicates that the share of cloud adopters increases by sales quintiles: more than
a half of the firms in the top quintile adopted cloud technologies (53.2% in 2015), increasing
to almost to two thirds in 2017 (64.5%). However, adoption has steadily increased across the
size distribution over time.

Foreseeably, but notwithstanding the exclusion of IT services from the sample, cloud
technologies are most commonly adopted by firms in the ICT sector: their adoption grew
from 39.5 percent of total firms in 2015 to 57.8 percent in 2017. A similar increase – of
around one third – is registered in real estate and transportation activities. Professional and
scientific firms are the second highest adopter in 2017 (44,7%), although cloud adoption grew
at a slower pace despite comparable shares of adopters to ICT in 2015. Low-productivity
sectors such as accommodation services and administrative activities display lower levels of
adoption, with limited growth over time. Unlike wholesale and retail trade services, which
despite starting with low adoption rates, experienced higher diffusion of cloud technologies
after two years (from 23.1% in 2015 to 29.5% in 2017). The most represented industry in
the sample, manufacturing, also experienced sizeable growth in the use of cloud technologies,
moving from 26.5 percent of adopters in 2015 to 32.6 percent in 2017 – a growth rate of 17
percent.

We now describe the general characteristics of cloud users versus non-users. As shown
10It is worth noting that, except for class 544a, this classification aligns with the techies definition used

in Harrigan et al. (2021). The techies definition encompasses all occupations within the 2-digit classes 38
(executives and engineers) and 47 (Technicians) of the 2003 French PCS classification. The mentioned PCS
codes cover roles such as R&D personnel in IT, computer engineers, developers, database administrators,
and IT technicians. Further details and information on the PCS classification can be found here.
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in Table 2, the most common use of cloud technologies in both years is to store data and
files, although this particular type of cloud exhibits little growth between 2015 and 2017.
This is likely due to the fact that cloud technologies for data storage were the first to be
commercialised, and have reached earlier maturity. This is followed by office and CRM
software applications – which increased from 66,2 percent to 76,9 percent – and lastly by
ICT applications, such as the acquisition of computational power available to the firm. The
latter type is the fastest growing cloud technology type among adopters, increasing of 22.64
percent in two years (from 21.2% in 2015 to 26% in 2017). Overall, Table 2 also shows
that cloud-adopting firms tend to be older and remarkably larger in terms of both sales and
employment. They also own a bigger stock of physical and intangible capital, employ a higher
share of ICT workers (more than twice as bigger than non-adopters), and are more likely to
export. Finally, cloud adopting firms are also more likely to deploy more than one productive
plant.

Shares of Cloud Users
France 2015 2017

Share Share
All firms .265 .326

Sales Quintile 2015 2017
Share Share

0-20% .101 .132
20%-40% .172 .18
40%-60% .193 .261
60%-80% .328 .418
80% .532 .645

Industry 2015 2017
Accommodation & Food .183 .202
Administrative .296 .326
ICT .396 .578
Manufacturing .28 .341
Professional & Scientific .388 .447
Real Estate .292 .418
Transportation & Storage .218 .313
Utilities & Construction .177 .244
Wholesale & Retail .231 .295

Table 1: Share of cloud users in 2015 and 2017: total for France, by sales quintile and by
industry.

To confirm that the differences between the two types of firms in the sample are statis-
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Summary Statistics
Year 2015 2017

Cloud 0 1 0 1
Cloud – Storage 0 .873 0 .889
Cloud – Software 0 .662 0 .769
Cloud – ICT 0 .212 0 .26
Age 28.75 32.57 29.04 33.37
Sales 90311.84 335754.36 66600.45 356113.05
Employment 234.65 957.85 184.76 982.62
Physical Capital 33251.89 168873.2 19753.02 182073.1
Intangible Capital 393.66 2277.7 194.61 2231.73
ICT Share .024 .052 .02 .052
Exporter .441 .64 .419 .64
Multi-Plant .436 .693 .414 .663

Table 2: Summary statistics by cloud user and year.

tically significant, we run a Probit regression to predict the likelihood of cloud adoption as
a function of firm-level characteristics, including regional, industry (2 digits), and time fixed
effects:

Pr(Cloudi,t) =

Φ(Log-Salesi,t, Log-Agei,t, ICT Sharei,t, Log-Physical Capitali,t,

Log-Intangible Capitali,t, Exporteri,t, Multi-Planti,t, 2-digit Ind.i, Regioni, Yeart)

(1)

Results of this exercise are shown in Table 3, which displays the marginal effects of firm
characteristics as per Equation 1 on the probability of adopting any type of cloud technology.
Most of the differences revealed by Table 2 are confirmed. Higher sales, higher share of ICT
employees, higher intangible capital, exporting, and being a multi-plant firm are associated to
a higher probability of adopting cloud are all associated to a greater probability to purchase
cloud services. There are some notable exceptions with respect to Table 2. Interestingly,
the log of physical capital is very small and not significant when controlling for the log of
sales (Models 4, 5, and 7 in Table 3). This suggests that physical capital also captures a size
effect. Furthermore, Models 2 to 7 indicate that after controlling for firm size, younger firms
are more prone to adopt cloud technologies. A possible reason for this is that older firms had
already established their own data storage facilities, designed or purchased tailored software,
or set up the required hardware to acquire computing power. These are all irreversible
investments, which provide negative incentives to purchase their cloud equivalent. In sum,
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these descriptive results show that cloud adopters tend to be remarkably different from non-
adopters, hinting towards a possible self-selection of firms into the use of cloud technologies.

Probit Margins
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Log Sales 0.072*** 0.073*** 0.073*** 0.061*** 0.061*** 0.055***
(0.002) (0.002) (0.002) (0.003) (0.003) (0.003)

Log Age -0.014** -0.012* -0.021*** -0.019*** -0.027*** -0.020***
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

ICT Share 0.175*** 0.174*** 0.164*** 0.158***
(0.038) (0.038) (0.038) (0.038)

Log Physical Capital 0.004 0.004 0.018*** 0.003
(0.004) (0.004) (0.004) (0.004)

Log Intangible Capital 0.008** 0.008** 0.029*** 0.007**
(0.004) (0.004) (0.004) (0.004)

Exporter 0.074*** 0.051***
(0.008) (0.008)

Multi-Plant 0.066*** 0.044***
(0.008) (0.008)

Observations 14,594 14,594 14,594 14,594 14,594 14,594 14,594
Ind. FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes Yes Yes
Pseudo R2 0.164 0.164 0.165 0.165 0.166 0.166 0.170

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table 3: Margins based on the Probit estimation results of Equation 1.

4 Methods

In this work we aim at studying the effects of cloud purhcases on firms’ sales growth. To this
purpose, observing short term (e.g. one year) growth rates as the independent variable would
not capture the relation at stake. Indeed, as suggested by several works (e.g. Brynjolfsson &
Hitt 2003, Brynjolfsson et al. 2018, Acemoglu & Restrepo 2020, Babina et al. 2024), the effects
of digital technologies diffusion may take time to materialise due to uncertainty characterising
and implementation lags induced by the large and complex organisational changes associated
to the adoption of ICTs. This holds true for cloud technologies as well. Indeed, as discussed in
Section 2, the adoption of cloud involves a transition from investments in physical IT capital
to intermediate IT costs, and therefore a complex change of the adopters’ organisational
structure. The impact of this change on firm performance may therefore take several years
to manifest. Moreover, the ICT surveys fail to provide precise information on the first year of
cloud adoption. Consequently, an estimation involving short-term growth rates may conflate
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the effects for firms that have been using cloud services for several years with those that have
recently adopted cloud technology. In the former scenario, our observations would reflect
not the cumulative impact of cloud usage but rather the impact of just one year, potentially
leading to an underestimation of its effect on firm performance. In the latter scenario, the
impact of cloud usage could be negligible due to the lags in the materialisation of the impact
of cloud on firm performance. However, we know that the purchase of cloud services by firms
before 2009 was highly improbable in the US (Bloom & Pierri 2018), probably due to the
high prices associated with cloud service provision until the 2010s (Byrne et al. 2018, Coyle
& Nguyen 2018). This suggests that the adoption of cloud technology by French firms, as
observed in our sample for the years 2015 and 2017, very likely started after 2009.

For these reasons, we test the cloud-growth relation in the long run. Specifically, in our
baseline estimations we choose as the dependent variable the largest logarithmic difference
in sales allowed by our data, which corresponds to a 7-year lag.11. The baseline model will
therefore be estimated over the 2009–2018 period. As cloud use before 2009 was very unlikely
due its high price, our estimation captures the vast majority of the performance gains from
cloud use for the firms included in our sample. According to this interpretation, our regression
results estimate the effect of adopting cloud technologies, rather than using them, as if the
dummy switched from 0 to 1 for cloud users in the period considered. In addition, the control
variables are measured at the beginning of the period (i.e. 2009 and 2011) and consequently
at a moment when cloud diffusion may have only exerted a negligible effect on them because
its usage unlikely. This implies that the cloud-growth relationship estimated by our model
is safe from bad controls bias (Angrist & Pischke 2008).12

Our baseline regression model reads as follows:

Sales Growthi,t+1,t−6 =

a + β1Cloudi,t + β2Cloudi,t · Log-Salesi,t−6 + β3Log-Salesi,t−6+

+ β4Log-Agei,t−6 + β5ICT Sharei,t−6+

+ β6Log-Physical Capitali,t−6 + β7Log-Intangible Capitali,t−6 + β8Exporteri,t−6+

+ β9Multi-Planti,t−6 + βI2-digit Ind.i + βRRegioni + βY Yeart + ϵi,t

(2)

where Sales Growthi,t+1,t−6 is the logarithmic difference between sales in t + 1 and t − 6,
11The intangible capital variable is unavailable before 2009 and the first year in which information on cloud

purchases by firms is available in the ICT surveys is 2015. We also test the relation with a 5-years difference
(in the 2010–2018 sample) and, dropping the intangible capital variable, between 2005 and 2018 (see the
discussion in Section 5.3)

12Our model is very similar to the one employed in Babina et al. (2024), wherein the long run effect of
changes in AI investments on growth rates of size is tested by controlling for firm characteristics at the
beginning of the period.
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Cloudi,t is the cloud dummy, Log-Salesi,t−6 are the lagged sales of firms in logarithmic scale,
Log-Agei,t−6 is the logarithm of the lagged age of firms, ICT Sharei,t−6 is the lagged share
of hours worked by ICT personnel in the firm, Log-Physical Capitali,t−6 is the logarithm
of lagged physical capital, Log-Intangible Capitali,t−6 is the logarithm of lagged intangible
capital, Exporteri,t−6 is a dummy equal to 1 if a firm exported in t − 6, Multi-Planti,t−6 is
a dummy equal to 1 if a firm had more than one establishment in t − 6, and 2-digit Ind.i,
Regioni and Yeari are 2-digit industry, regional and year dummies.

The coefficient on Cloudi,t captures the average increase in sales due to cloud use, condi-
tional on the aforementioned controls. Furthermore, the interaction term between sales and
cloud enables us to account for potential (dis)economies of scale in cloud usage, as thoroughly
discussed in Section 2. Due to the inclusion of the lagged value of sales in logarithmic scale,
Equation 2 can be interpreted as a Beta-Convergence model.

Finally, we also add a series of additional covariates defining a complete characterisation
of firms. These variables serve as controls, allowing us to account for various crucial firm
characteristics that could potentially confound the relationship between sales growth and
cloud adoption. The ICT share variable addresses the self-selection bias of more digitalised
firms into cloud usage. Cloud technology is known to complement several digital technolo-
gies (McElheran et al. 2023, Calvino & Fontanelli 2023b), which, in turn, may inherently
impact firms’ growth rates. Additionally, larger firms are more likely to adopt digital tech-
nologies (Zolas et al. 2020, Calvino & Fontanelli 2023a). Hence, the inclusion of sales as
a control addresses both the self-selection of larger firms into cloud use and the potential
utilisation of other digital technologies. The inclusion of age among the controls accounts
for the self-selection of firms with new managerial ICT capabilities into cloud usage (Bloom
& Pierri 2018). The age-capabilities link may also influence the odds of using other digital
technologies, such as AI (Calvino & Fontanelli 2023a), and its presence therefore mitigates
the potential bias introduced by omitted variables. The inclusion of firm age as control also
helps clear the size-cloud interaction. The presence of a variable controlling for firm capital
addresses the self-selection of firms into cloud use: first, intangible capital may correlate with
the availability of other digital technologies and complementary assets, such as proprietary
data and software. Second, physical capital affects the feasibility of using cloud technologies,
with firms possessing lighter capital structures potentially having higher adoption potential.
Third, a large availability of intangible capital may positively affect the growth of firms,
because associated to other digital technologies (Corrado et al. 2021). Dummies identifying
firms that conduct export activities, and that hold multiple plants are included to control for
the exploitation of multiple markets, addressing the self-selection of firms with larger growth
potential into cloud usage. A set of dummies capturing the average characteristics of 2-digit
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NACE sectors, French regions, and years is incorporated.

4.1 Identification strategy

We first estimate Equation 2 via Ordinary Least Squares (OLS). Notwithstanding the pres-
ence of several controls and fixed effects, the estimation could still exhibit biases owing to
endogeneity in the relationship between cloud and size growth, because the adoption of the
former may be associated with unobserved characteristics of the firms, such as their man-
agerial and productive capabilities. In order to address the remaining sources of endogeneity
linked to the self-selection of firms into the adoption of cloud technologies, we exploit a source
of spatial exogenous variation associated to the costs and quality of IT investments. We build
on evidence by Andersen et al. (2012) that IT investments are slowed down by the incidence
of a natural phenomenon: lightning strikes. The argument proposed by Andersen is based
on the correlation between lightning strikes density and productivity across US states which
emerged in the 1990s, years in which ICTs started to diffuse more widely. By causing energy
spikes and dips, lightning strikes increase the cost of digital infrastructures and technologies,
slowing down their diffusion. The incidence of lighting strikes also reduces the quality of
broadband connections; it has been shown that broadband network failures are four times
more likely during thunderstorms (Schulman & Spring 2011). However, in order to adopt
cloud technologies, firms need to have access to reliable, fast and state-of-art internet connec-
tion (Nicoletti et al. 2020, Garrison et al. 2015, Ohnemus & Niebel 2016), which is fostered
by the presence of physical infrastructures providing high-quality broadband connections.
This, in turn, is more likely to be available in areas with lower density of lightning strikes
per capita. As a matter of fact, a measure of lightning strikes density per capita reflects
the trade-off faced by internet providers who will have to balance the costs of expanding
the broadband network (influenced by the disruption caused by lightning-related spikes and
dips) and the potential benefits that can be harvested by expanding their services, given by
the number of potential customers in each geographical area (Guriev et al. 2021, Caldarola
et al. 2023).

We report in Table 4 the estimated margins of a Probit model employing the presence of
fast broadband as dependent variable and the log of lighting strike density as the dependent
variable. Fast broadband is a dummy variable taking value 1 when firms broadband connec-
tion is faster than 100 mbit per second. We source this information from the ICT surveys
described at the beginning of Section 3. Information on lightning strike density is obtained
from the World Wide Lightning Location Network (WWLLN) Global Lightning Climatology
and Timeseries (Kaplan 2023). The raw WWLLN data is a grid of 5-arcminute cells, each
containing information on the count of daily lightning strikes per square kilometer. Data
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Fast broadband and lighting strike density
Model 1 Model 2

Log Lighting Strike Density -0.006*** -0.004***
(0.001) (0.001)

Log Sales 0.013***
(0.002)

Log Age -0.003
(0.002)

ICT Share 0.073**
(0.029)

Log Physical Capital -0.000
(0.003)

Log Intangible Capital -0.001
(0.003)

Exporter 0.021***
(0.004)

Multi-Plant 0.010**
(0.004)

Observations 14,294 14,294
Ind. FE Yes Yes
Year FE Yes Yes
Reg. Fe Yes Yes
Pseudo R2 0.0487 0.103

Table 4: Models 1 and 2 are probit margins estimation using the use of fast broadband by
the firm as a dependent variable.

collection occurs daily and spans from 2008 to 2020. Building on evidence that the incidence
of lightning strikes is a stationary phenomenon (Andersen et al. 2012), we are interested in
constructing a measure that captures the geographical exposure of geographical areas to this
phenomenon (in our case, the French municipality where firms are located).13 We there-
fore calculate the average lightning strike density for each French municipality, based on the
density values contained in the cells that fall within each municipality over the period 2008
– 2017.14 The resulting metric, representing daily lightning strikes per square kilometer in
each municipality, is further transformed into daily lightning strikes per inhabitant. This
conversion involves multiplying the density by the municipality’s surface area and dividing
it by its population.15

13French municipalities, or communes, are the smallest administrative subdivision in France, acting as local
authorities. There are 34,826 communes in the country.

14In the case of cells that fall over a border between two or more communes, the cropped cells weight in
each commune based on the percentage of the cell falling within each of them.

15We source the population data at the municipality level from French official statistical sources at this
link.
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As shown in Table 4, lighting strike density is negatively associated to the use of fast
broadband connections by firms, in line with our discussion above. The relation is strongly
significant, even when additional controls are included. Among these, we also find that the
direct (ICT share) and indirect (sales) proxies of digitalisation have positive and signifi-
cant association with fast broadband, suggesting that the lighting strike density is directly
correlated with the presence of fast broadband.

Following the same rationale, we employ per-capita lightning strikes to identify cloud
adoption in Equation 2 in an Endogenous Treatment regression framework (referred to as
ET hereafter Heckman 1976, 1978, Maddala 1983), a latent variable approach widely used in
research (e.g., Shaver 1998, King & Tucci 2002, Campa & Kedia 2002) and closely related to
conventional instrumental variable (IV) models such as two-stage least squares (2SLS) (Vella
& Verbeek 1999). This model allows to address the issue of self-selection among firms engag-
ing into treatment (Hamilton & Nickerson 2003, Clougherty et al. 2016) – cloud use in our
case – by simultaneously estimating a selection and an outcome model via Maximum Likeli-
hood Estimation (MLE). Furthermore, the ET method offers the advantage of employing a
Probit model for the selection equation, which does not generate predicted values outside the
unity range of the probability space – unlike Linear Probability Models. This is particularly
relevant in our case, where the endogenous variable – cloud adoption – is dichotomous.

In the context of the ET framework, Equation 2 reads as follows:

Sales Growth Ratei,t+1,t−6 = α + β1Cloudi,t + β2Cloudi,t · Log-Salesi,t−6 + βXXi,t−6 + ϵi,t

Cloudi,t =

1, if βZLog-Lighting Densityi + βXXi,t−6 + ωi,t > 0

0, otherwise
(3)

where Cloudi,t is the endogenous dummy variable for the use of cloud, Xi,2011 is a vector of
controls including the same variables of Equation 2 and the variable Log-Lighting Densityi,
which is excluded from the outcome equation. The estimation of the ET model employs the
Full Information Maximum Likelihood (FIML) method, concurrently estimating the selection
equation (using the dummy variable for cloud use as the dependent variable) and the outcome
equation (i.e., the sales growth rate regression).16 The ET model produces estimates robust
to the presence of specification errors when an additional variable is incorporated into the
selection equation, but omitted from the outcome equation. This variable must adhere to two
conditions (Puhani 2000), similarly to the standard IV conditions of 2SLS: it must strongly
predict the endogenous dummy variable (i.e., exhibit relevance) and must be exogenous (i.e.,

16This process assumes the joint normality of errors (ϵi, ωi)
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satisfy the exclusion restriction) in the presence of other controls.

The exclusion restriction of lighting density
Model 1 Model 2

Log Lighting Density 0.005 -0.004
(0.003) (0.003)

Log Sales -0.053***
(0.004)

Log Age -0.108***
(0.005)

ICT Hours Share 0.381***
(0.048)

Log Physical Capital 0.017***
(0.006)

Log Intangible Capital -0.010
(0.006)

Exporter 0.043***
(0.011)

Multi-Plant 0.014
(0.011)

Observations 14,605 14,605
R-squared 0.036 0.103
Ind. FE Yes Yes
Year FE Yes Yes
Reg. Fe Yes Yes
Adj R2 0.0314 0.0983

Table 5: Checks on the exclusion restriction condition of the lighting strike density. Models
1 and 2 are OLS estimation where the sales growth rate is the dependent variable.

We provide evidence in favour of the exclusion restriction hypothesis of lighting strikes
density on Table 5. We report two regressions employing the long run sales growth rate as
dependent variable and the log of lighting density as the dependent variable. Independently
from the presence of the controls of Equation 2, the relation between firm growth and lighting
density is not significant. This suggests that the spatial variation in this natural phenomenon
does not affect directly the location choice of high growth firms, as their distribution is
independent of the exposure of their location to lightnings. While the validity of the exclusion
restriction cannot be tested against an alternative hypothesis, these results support the idea
that the lighting strike density at the municipality level is exogenous, and that it affects sales
growth only via cloud adoption, which as discussed, relies heavily on the availability of a fast
and reliable broadband connection.
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5 Results

In this section we discuss our estimation results. In Section 5.1, we discuss the estimation of
of the econometric models described in Section 4. Next, in Section 5.2 we explore the effect of
different types of cloud technologies (i.e. cloud for storage, software use and computational
power). Finally, in Section 5.3 we discuss a battery of robustness checks.

5.1 Cloud adoption and firm growth

Sales growth (long differences): OLS
Model 1 Model 2 Model 3 Model 4 Model 5

Cloud 0.064*** 0.155*** 0.140*** 0.418*** 0.389***
(0.014) (0.012) (0.012) (0.053) (0.049)

Log Sales -0.068*** -0.061*** -0.059*** -0.053***
(0.003) (0.003) (0.003) (0.003)

Cloud*Log Sales -0.027*** -0.025***
(0.005) (0.004)

Log Age -0.105*** -0.106***
(0.006) (0.006)

ICT Share 0.357*** 0.345**
(0.110) (0.111)

Log Physical Capital 0.016* 0.016**
(0.008) (0.007)

Log Intangible Capital -0.010 -0.009
(0.007) (0.007)

Exporter 0.036*** 0.034***
(0.008) (0.008)

Multi-Plant 0.009 0.009
(0.008) (0.009)

Observations 14,605 14,605 14,605 14,605 14,605
R-squared 0.038 0.084 0.114 0.086 0.115
Ind. FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes
Adj R2 0.0337 0.0790 0.109 0.0809 0.110

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table 6: Results of estimation Equation 2.

We discuss the association between adoption of cloud technologies and growth of French
firms in 2015 and 2017, using the long differences strategy set out in Section 4. It is worth re-
calling that, in our baseline model, we consider the growth rate in terms of the (log differences
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of) sales of the firm between 6 years before the survey period (2015 or 2017) and one year
after – an approach that we refer to as long differences (Acemoglu & Restrepo 2020). The
main explanatory variable identifies firms that use cloud technology on the survey year. All
covariates are measured six years before the one of the survey. The results of the estimation
are summarised in Table 6.

Model 1 of the table shows that there is a positive and statistically significant relationship
between the use of cloud technologies and the long run growth of sales. Adding the log of
sales (Model 2) leads to a notable increase in the magnitude of the coefficient on cloud.
This may be due to the higher frequency of cloud use among larger firms (see Section 3.1),
coexisting with a smaller impact of cloud use on their performance. This hints to the fact
that possible effects of cloud on firm performance may be mediated by their size. Moreover,
this proxy for firm size enters with a negative sign, consistently across specifications (Models
2 to 5), and suggesting the presence of decreasing marginal returns on growth based on firm
size. This result is robust to the addition of relevant covariates (Model 3). Analogously, age
has a negative relation with firm performance. The ICT share is positively related with firm
performance in the long run, in line with existing evidence (Acemoglu et al. 2022, Brynjolfsson
et al. 2023). Physical capital is positive and significant, whereas the performance-intangible
capital link is not significant. The latter relation could be due to the presence of ICT share
as a control, that is highly correlated with the presence of intangibles. Finally, exporting
firms are characterised by better long run performance, as they are able to leverage a larger
number of markets.

We are particularly interested in understanding whether the adoption of cloud technolo-
gies affects differently smaller and larger firms. This has a key policy relevance, because the
use of cloud technologies could mitigate the increases in concentration related to the diffu-
sion of ICTs and intangibles (Brynjolfsson et al. 2023, Babina et al. 2024, Bajgar et al. 2021)
due to the joint action of scale without mass and large fixed costs in IT investments. To
test this hypothesis, we focus on the interaction term between cloud adoption and log sales
(Models 4 and 5 in Table 6). In both specifications, the interaction term takes a negative
sign, confirming that larger firms benefit less – in terms of sales growth – than smaller firms.
Thanks to the diffusion of cloud technologies, smaller firms have access to affordable means
to increase the scale of their operations by digitalising production processes. They can exter-
nalise digital storage space, software tools and computing power, thus avoiding irreversible
investments into the physical facilities (such as servers or computing clusters) or specialised
employees (engineers specialised in ICT, such as computer networks engineers) required to
this aim.

As shown in Section 3.1, cloud adopting firms are systematically different from non adopt-
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Sales growth (long differences): Endogenous Treatment
Model 1 Model 2

Performance Adoption Performance Adoption

Cloud 0.122*** 0.435***
(0.022) (0.045)

Log Sales -0.059*** 0.193*** -0.055*** 0.192***
(0.003) (0.012) (0.004) (0.013)

Cloud*Log Sales -0.026***
(0.004)

Log Age -0.105*** -0.060*** -0.105*** -0.060***
(0.006) (0.013) (0.006) (0.014)

ICT Share 0.360*** 0.506** 0.338*** 0.506**
(0.110) (0.227) (0.107) (0.227)

Log Physical Capital 0.016** 0.028 0.016** 0.027
(0.008) (0.018) (0.007) (0.018)

Log Intangible Capital -0.010 -0.014 -0.009 -0.013
(0.007) (0.016) (0.006) (0.016)

Exporter 0.037*** 0.180*** 0.033*** 0.179***
(0.008) (0.028) (0.008) (0.028)

Multi-Plant 0.010 0.140*** 0.007 0.140***
(0.008) (0.031) (0.009) (0.031)

Log Lighting Strike Density -0.053*** -0.054***
(0.011) (0.011)

Observations 14,605 14,605 14,605 14,605
Ind. FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table 7: Results of estimation Equation 3.

ing ones, revealing the possible presence of self-selection into the use of this technology. In
order to address this concern, and to offer a causal interpretation of the effect of cloud tech-
nologies on firm growth, we proceed by illustrating the results of estimating the Endogenous
Treatment model described by Equation 3. This empirical approach has been designed fol-
lowing the identification strategy illustrated in Section 4.1, based on the spatial exogenous
variation in the density of lightning strikes to address the self-selection of firms into the
adoption of cloud technologies. In this way, we are able to estimate the causal effect of the
adoption of cloud on sales growth. The ATE corresponds to the cloud coefficient, absent
interaction with size.

The results of the ET estimation are reported in Table 7. We start by focusing on Model
1, which shows two columns: "Adoption" for the selection equation of the ET (i.e. the
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Endogenous Treatment equation in the second row of Equation 3), and "Performance" which
displays the results of the outcome equation (first row of Equation 3). We start from the
adoption equation in Model 1. As expected, the coefficient on our instrument based on the
average lightning strike density per capita between 2008 and 2017 shows a negative sign and
strong statistical significance, indicating that firms located in areas with high incidence of
lightnings per inhabitant are less likely to adopt cloud technologies.

The Performance column in Model 1 shows the results of the outcome equation in the
ET model. The ATE of cloud on firm growth turns out to be positive and statistically
significant, and of a magnitude very close to the one of the OLS coefficient in Table 6, Model
3. The results for Model 2 in Table 7 include the interaction term between firm size and cloud
adoption, and are very much in line with the OLS model 5 in Table 6, as they also indicate
that smaller firms reap relatively more benefits in terms of sales growth after adopting cloud
technologies, when compared to larger ones.

The evidence discussed in this section confirms the existence of a scale without mass
dynamic concerning the diffusion of cloud technologies among French firms (see also Jin &
McElheran 2019, Duso & Schiersch 2022, DeStefano et al. 2023). Nevertheless, we show that
the returns to cloud become smaller as size increases. In light of the existing evidence on
the higher returns gained by larger firms adopting digital technologies (Brynjolfsson et al.
2023, Babina et al. 2024), our evidence suggests that the intrinsic characteristics of cloud
technologies make them different from other ICTs, and that their diffusion among firms may
help in levelling the playing field by helping smaller firms to compete by adopting advanced
and complementary digital technologies, such as AI.

5.2 Heterogeneous effects by cloud type

In this section we explore the heterogeneity of the effect of cloud on the performance of
firms. More specifically, we delve into the impact that different types of cloud technologies
produce on the performance of firms. Different types of cloud technologies enable different
complementary ICTs and operations in the firm. They are therefore likely to affect the growth
of firms’ sales with different intensity. We test this conjecture by estimating Equations 2
and 3 for storage, software, and ICT cloud technologies separately. To recall, the first one
includes data storage services; the second one groups together office and customer relations
management software services; and the third one refers to services through which the firm
can acquire computing power.

Results of the ET estimation for the three different classes of cloud services are shown
in Table 8, The respective OLS results are reported in the Appendix (Table A1). Overall,
the findings discussed in Section 5.1 are confirmed by the results in Table 8, showing that
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cloud is found to have a positive effect decreasing with firm size. Furthermore, models 1,
3, and 5 indicate that the strongest effect on firms’ sales growth is given by the purchase
of cloud services for storing data and files, followed by the ones for using software and
borrowing external computational power. However, as shown by Models 2, 4, and 6 in
Table 8, this order is reverted after adding the interaction term between size and cloud by
type: cloud services for software and computational power increase remarkably their size
effect with respect to storage technologies. Conversely, the point estimate of the (negative)
interaction term increases following the same order. This indicates that the returns to cloud
fall more rapidly for larger firms when the sophistication and cost of the investment that
would be needed to implement in-house the substitute digital operation increases.17 In a
policy perspective, this suggests that the diffusion of cloud technologies should focus on
advanced cloud services to mitigate the increasing trends in concentration.

17The same pattern is confirmed by the results shown in Table A1, which displays the OLS coefficient
estimates of the impact of the three cloud types on firm growth.
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Sales growth (long differences) by cloud type: Endogenous Treatment Model
Cloud type Cloud for Storage Cloud for Software Cloud for Computational Power

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Performance Adoption Performance Adoption Performance Adoption Performance Adoption Performance Adoption Performance Adoption

Cloud 0.111*** 0.458*** 0.050* 0.499*** 0.065*** 0.688***
(0.024) (0.044) (0.027) (0.044) (0.024) (0.115)

Log Sales -0.058*** 0.174*** -0.054*** 0.174*** -0.054*** 0.177*** -0.051*** 0.177*** -0.053*** 0.156*** -0.052*** 0.155***
(0.003) (0.010) (0.004) (0.011) (0.004) (0.011) (0.004) (0.012) (0.003) (0.012) (0.003) (0.011)

Cloud*Log Sales -0.028*** -0.035*** -0.049***
(0.004) (0.005) (0.010)

Log Age -0.105*** -0.065*** -0.105*** -0.065*** -0.107*** -0.054*** -0.106*** -0.053*** -0.107*** -0.046** -0.106*** -0.045**
(0.006) (0.014) (0.006) (0.014) (0.007) (0.010) (0.006) (0.010) (0.007) (0.019) (0.006) (0.019)

ICT Share 0.365*** 0.442* 0.341*** 0.442* 0.373*** 0.542** 0.341*** 0.542** 0.376*** 0.513** 0.352*** 0.511**
(0.109) (0.261) (0.106) (0.262) (0.113) (0.243) (0.109) (0.243) (0.115) (0.201) (0.115) (0.202)

Log Physical Capital 0.016** 0.031** 0.016** 0.030** 0.017** 0.012 0.017** 0.011 0.017** 0.016 0.018** 0.014
(0.008) (0.015) (0.007) (0.015) (0.008) (0.016) (0.007) (0.017) (0.008) (0.020) (0.008) (0.019)

Log Intangible Capital -0.010 -0.017 -0.009 -0.016 -0.010 -0.005 -0.009 -0.004 -0.010 -0.014 -0.010 -0.013
(0.007) (0.014) (0.006) (0.014) (0.007) (0.010) (0.007) (0.011) (0.007) (0.020) (0.007) (0.020)

Exporter 0.038*** 0.159*** 0.034*** 0.158*** 0.041*** 0.206*** 0.035*** 0.205*** 0.042*** 0.120*** 0.040*** 0.119***
(0.007) (0.029) (0.007) (0.029) (0.008) (0.031) (0.008) (0.032) (0.007) (0.045) (0.007) (0.045)

Multi-Plant 0.011 0.136*** 0.008 0.136*** 0.013 0.165*** 0.009 0.164*** 0.014* 0.143*** 0.011 0.144***
(0.008) (0.024) (0.009) (0.023) (0.008) (0.018) (0.009) (0.018) (0.009) (0.032) (0.010) (0.032)

Log Lighting Strike Density -0.052*** -0.053*** -0.051*** -0.052*** -0.050*** -0.052***
(0.012) (0.012) (0.011) (0.011) (0.010) (0.010)

Observations 14,605 14,605 14,605 14,605 14,605 14,605 14,605 14,605 14,605 14,605 14,605 14,605
Ind. FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Reg. FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table 8: Results of estimation Equation 3, for different cloud types
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5.3 Robustness checks

We conduct a battery of robustness checks, in order to further support the results summarised
in the previous subsection. For the sake of conciseness, the results of this final exercise are
shown in the Appendix.

First, we adopt an alternative measure of firm size based on the size of firms’ employment
rather than sales. We replace the new firm size measure as i) both the outcome and depen-
dent variables (Table A2) or ii) the dependent variable only (Table A3) in both equations 2
and 3, and re-estimate both long differences models using OLS and ET. As shown in Tables
A2 and A3, the results are perfectly consistent with the patterns observed in Tables 6 and
7: firms with more employees grow less rapidly after adopting cloud technologies when com-
pared to firms with fewer employees.18 The latter are likely to benefit more of the adoption
of cloud technologies and will be able to hire more employees relative to their size. This
result is particularly interesting to understand the mitigating effect of cloud technologies on
concentration trends: not only these apply to firm’s total production, but also to their ability
to hire new employees.

The second robustness check consists of changing the time interval initially chosen to
set up the long-difference approach outlined in Equations 2 and 3. First, we repeat the
estimation of the OLS and ET long-difference models computing growth between t + 1 and
t − 5, instead of t − 6. Second, we increase the period of the long difference by computing it
between t + 1 and t − 10. Table A4 shows the results of this exercise; for both OLS and ET,
we find substantial consistency with the long difference approach based on 7-years growth
intervals.

As a third exercise, we follow the long differences approach by (Acemoglu & Restrepo
2020). This approach allows to take longest possible time interval given the data, which is
now constructed by calculating firm growth between the first year available in the data for
each firm at each time period (t0) and the last one (t1 + 1):

Sales Growthi,t1+1,t0 =

a + β1Cloudi + β2Log-Salesi,t0 + β3Log-Agei,t0 + β4ICT Sharei,t0+

+ β5Log-Physical Capitali,t0 + β6Log-Intangible Capitali,t0 + β7Exporteri,t0+

+ β8Multi-Planti,t0 + βI2-digit Ind.i + βRRegioni + βY Yeari

(4)

where Cloudi indicates whether cloud was adopted between t1 + 1 and t0 (i.e. either in 2015
18Our results are broadly in line with results from studies estimating a positive relation between digital

investments and employment dynamics (e.g. Domini et al. 2021, Bisio et al. 2023, Ughi & Mina 2023)
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or in 2017). We test the regression using 2005 and 2009 as the base year. Results are shown
in Table A5 and prove to be robust to the new specification, for both base years.

Finally, we conduct an additional check by adding two additional waves of the ICT survey,
collected in 2019 and 2020 (Tables A6). Despite the significant disruption brought by the
global COVID-19 pandemic that started in early 2020, once more the estimation results re-
main perfectly consistent with the original findings, where cloud affects positively the growth
of firms, but more so for smaller firms.

5.4 Mechanisms

In this subsection we discuss the mechanism driving the findings discussed above. In particu-
lar, we study whether firms using cloud are associated to higher long-run increases in digital
intensity, enabled by cloud adoption, and if this association depends on initial firm size.

We estimate the baseline equation 2 using the long run growth of the digital intensity as
the dependent variable:

ICT Share Growthi,t+1,t−6 =

α + β1Cloudi,t + β2Cloudi,t · Log Salesi,t−6+

+ βXControlsi,t−6 + ϵi,t

(5)

Where the share of ICT hours worked is our measure of digital intensity and included controls
are the same discussed in Section 4. As in Equation 3, we instrument the use of cloud with
the logarithm of lighting strikes per capita.

We report the estimates for Equation 5 in Table 5.4. The relation between the use of cloud
technologies and the long-run growth rates of the share of hours worked by ICT employees is
positive (Model 1), suggesting that the purchase of cloud services helps firms to increase their
digital intensity. We introduce the interaction between initial size and cloud in Model 2. The
coefficient on the interaction has term is negative and significant, whereas the one on cloud
remains positive and significant. This result reveals that cloud purchases are associated to
long-run increases in digital intensity, which are larger for smaller firms. When estimating
the endogenous treatment model (Model 3 and 4), cloud turns out to have a positive effect
on the growth rate of firm-level digital intensity, with larger firms being less affected.

These results highlight that the use of cloud enables the digitalisation of firms, as it
increases the share of hours worked by ICT workers as compared to non-ICT ones. Indeed,
the use of cloud may shift the large fixed costs incurred by firms investing in IT assets to
intermediate costs, lowering barriers to digitalisation. However, we also find that smaller
firms benefit more from cloud services by increasing their digital intensity to higher extents.
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Share of ICT hours worked growth (long differences)
Model 1 Model 2 Model 3 Model 4

Cloud 0.006*** 0.026** 0.006*** 0.028**
(0.002) (0.011) (0.002) (0.011)

Log Sales -0.000 0.000 -0.000 0.192*** 0.000 0.192***
(0.001) (0.001) (0.001) (0.023) (0.001) (0.023)

Cloud * Log Sales -0.002** -0.002**
(0.001) (0.001)

Log Age -0.002* -0.002* -0.002* -0.062*** -0.002* -0.062***
(0.001) (0.001) (0.001) (0.018) (0.001) (0.018)

Share of ICT hours -0.259*** -0.260*** -0.259*** 0.500** -0.260*** 0.500**
(0.033) (0.033) (0.033) (0.206) (0.033) (0.206)

Log Physical Capital 0.001 0.001 0.001 0.025 0.001 0.025
(0.001) (0.001) (0.001) (0.018) (0.001) (0.018)

Log Intangible Capital -0.002 -0.002 -0.002 -0.011 -0.002 -0.011
(0.001) (0.001) (0.001) (0.025) (0.001) (0.025)

Exporter 0.002 0.001 0.002 0.180*** 0.001 0.180***
(0.001) (0.001) (0.001) (0.067) (0.001) (0.067)

Multi-Plant 0.002 0.002 0.002 0.142*** 0.002 0.142***
(0.001) (0.001) (0.001) (0.027) (0.001) (0.027)

Log Lighting Strike Density -0.053*** -0.053***
(0.010) (0.010)

Observations 14,591 14,591 14,591 14,591 14,591 14,591
Adj R2 0.143 0.144
Ind. FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes Yes
ρ -0.00140 -0.00140 -0.0124 -0.0124

Table 9: Estimation results of Equation 5.

This is particularly relevant since smaller firms are often less digitalised (Zolas et al. 2020).
Accordingly, in light of the heterogeneous relation between size and cloud discussed in Section
5.1, cloud services may help smaller firms boost their sales by supporting their digitalisation,
thus leveling the playing field with larger competitors.

6 Cloud and industry concentration

In Section 5, we demonstrated that the adoption of cloud services positively impacts firms’
long-term sales growth rate, with smaller firms growing more by leveraging cloud technologies
to narrow their digital gap. While this finding may seem to contradict those studies that hint
towards a positive link between ICT and industry concentration (Bajgar et al. 2021, Babina
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et al. 2024, Brynjolfsson et al. 2023), the widespread adoption of cloud technologies could
counteract the increasing concentration trends observed in several economies (Bajgar et al.
2019).

Accordingly, we aggregate our data and estimate the following Equation (Bessen 2020,
Brynjolfsson et al. 2023):

Concentration Growths,t+1,t−6 =

α + β1Cloud Shares,t + β2Controlss,t−6 + 2-digit Ind.s + Yeart

(6)

Where s are 2-digit sectors and t is either 2015 or 2017, Concentration Growths,t+1,t−6 is
the percentage change in the HHI (Herfindahl-Hirschman Index) between t − 6 and t + 1,
Cloud Shares,t is the share of firms in each industry that purchased cloud services at or before
time t, Controlsi,t−6 include the logarithm of the share of ICT workers in each industry, the
sum of the firm-level sales and the sum of employees of firms active in sector s, 2-digit Ind.s
and Yeart are industry and year fixed effects.19

Table 10 reports the estimation results of Equation 6. The baseline models (Models 1-2)
reveal a negative relationship between the growth of concentration and the share of firms
adopting cloud services. This relationship remains consistent even after the inclusion of in-
dustry and year fixed effects. The robustness of these results is confirmed across different
specifications: when observations are weighted by industry sales share (Model 3), and when
the 2-digit HHI is calculated as a weighted average of the HHI at the 4-digit level (Model
4). Furthermore, when estimating the share of cloud adopters across different size thresh-
olds (Models 5, 6, 7), the results remain positive and significant for firms with less than 250
employees. However, the relationship weakens as the size threshold increases, and its signifi-
cance wanes for firms with more than 250 employees. This result aligns with the discussion
in Section 5, suggesting that the adoption of cloud technologies by small firms is negatively
related with concentration. This result also confirms that larger firms reap fewer competi-
tive advantages from cloud adoption, as concentration among larger firms does not change
significantly after they adopt the technology.

7 Conclusions

In accordance with the extant literature on the impact of cloud adoption on firm growth,
our paper has shown that cloud technologies have a positive effect on the sales growth of

19We observe industries at the 2-digit level as the low number of firms in the sample does not allow us to
measure the share of firms purchasing cloud at lower levels of aggregation. We excluded sectors 12 (tobacco
products) and 19 (coke and refined petroleum products).
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Baseline Weighted 4-digit HHI
Model 1 Model 2 Model 3 Model 4

Cloud Share -0.760** -0.480*** -0.453** -0.378***
(0.314) (0.170) (0.214) (0.097)

Observations 118 118 118 118
Ind. FE No Yes Yes Yes
Year FE No Yes Yes Yes
Other Controls Yes Yes Yes Yes
Adj R2 0.0764 0.629 0.669 0.744

Cloud Share
<50 <100 <250 250+

Model 5 Model 6 Model 7 Model 8

Cloud Share -0.571** -0.496** -0.446** -0.008
(0.274) (0.222) (0.189) (0.270)

Observations 118 118 118 118
Ind. FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Other Controls Yes Yes Yes Yes
Adj R2 0.638 0.632 0.629 0.618

Table 10: Estimation result of Equation 6. Model 1-2 use the HH index computed at the
2-digit level, Model 3 weights observations by the market share of sectors, Model 4 estimates
the 2-digit HH as the weighted average of the HH at the 4-digit level, Model 5-8 estimate
the share of firms adopting cloud in firms below 50, 100 and 250 employees, or in firms with
more than 250 employees.

the average firm. Consequently, their diffusion and adoption should be encouraged, and even
more so if we consider the distinction between small and large firms. Indeed, our results
expand the extant literature by showing that small firms benefit more in terms of size growth
than larger ones from adopting cloud services. Furthermore, not all cloud technologies work
in the same way. Returns to the use of cloud technologies tend to be larger for smaller firms
when the cloud applications involved become more advanced, and substitute investments
related to higher fixed costs.

We show that digital gaps between firms of different size could explain the cloud-growth
of size relation. The use of cloud helps firms to go digital, and smaller ones benefit from
cloud to higher extents.

Finally, in line with emerging evidence (see for instance Lu et al. 2024), we show that the
higher benefits reaped by smaller firms counteracts the rising trends in industry concentra-
tion. Our findings in fact indicate that industries with a higher share of cloud-using firms
tend to be less concentrated.

Investigating the firm-level relation between cloud and performance as mediated by size
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holds key policy relevance in the current economic context, characterised by increasing trends
in industry concentration (see e.g., Gutiérrez & Philippon 2017, Bajgar et al. 2019, Grullon
et al. 2019, Autor et al. 2020). In this regard, existing evidence suggests that digitalisation
may positively affect concentration by favouring more firms which are larger. Intangibles
assets and concentration are positively linked at the industry level (Bajgar et al. 2021). Also,
several measures related to the IT dimension of firms have been found to generate higher
returns for larger firms (Bessen 2020, Brynjolfsson et al. 2023, Babina et al. 2024, Lashkari
et al. 2024).

The relationship between IT and performance, as mediated by firm size, can therefore be
recognised as one of the causes of the concentration increases observed in several countries.
However, the use of cloud by firms may be the exception to the rule. Contrary to the evidence
from other ICTs and as suggested by our empirical findings, the diffusion of cloud technologies
among firms has the potential to mitigate the worrying trends of industrial concentration by
enhancing the digitalisation and growth of smaller firms more than larger ones, ensuring
a more inclusive digital transition. The adoption of cloud services – in particular of more
sophisticated ones – should be encouraged in order to support the digitalisation and growth of
smaller firms, and to mitigate the ever-growing concentration within industries where larger
(and fewer) actors increasingly dominate the market.

Future research will be aimed at investigating the broader implications of the Industry
4.0 transition beyond cloud services. Emerging digital tools such as AI and 3D printing
have the potential to reshape firm performance, particularly in terms of size, productivity,
and survival. Such an exploration would contribute to the understanding of the firm-level
determinants of existing trends in productivity divergences and business dynamism, that have
both been linked to digital intensity at the sector level (Calvino & Criscuolo 2019, Calvino
et al. 2020, Corrado et al. 2021). Moreover, these technologies may yield different impacts
depending on firm characteristics, as observed with cloud services, potentially accelerating
or mitigating the aforementioned trends. Understanding how these new digital technologies
interact with firm-specific factors is crucial, as technological adoption increasingly becomes
a key determinant of market competitiveness in the current digital transition.
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A Appendix

Sales growth (long differences) by cloud type: OLS
Cloud type Storage Software ICT

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Cloud 0.136*** 0.405*** 0.119*** 0.471*** 0.126*** 0.639***
(0.012) (0.054) (0.008) (0.064) (0.014) (0.141)

Log Sales -0.059*** -0.052*** -0.058*** -0.050*** -0.054*** -0.051***
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Cloud*Log Sales -0.027*** -0.034*** -0.048***
(0.005) (0.005) (0.011)

Log Age -0.105*** -0.105*** -0.106*** -0.106*** -0.107*** -0.107***
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

ICT Share 0.361*** 0.348*** 0.361*** 0.344** 0.371*** 0.355**
(0.108) (0.110) (0.111) (0.113) (0.116) (0.118)

Log Physical Capital 0.016* 0.016* 0.017** 0.017** 0.017* 0.018**
(0.008) (0.007) (0.008) (0.007) (0.008) (0.008)

Log Intangible Capital -0.010 -0.009 -0.010 -0.009 -0.010 -0.010
(0.007) (0.007) (0.007) (0.007) (0.007) (0.007)

Exporter 0.037*** 0.036*** 0.037*** 0.036*** 0.041*** 0.040***
(0.007) (0.007) (0.008) (0.008) (0.007) (0.007)

Multi-Plant 0.010 0.009 0.010 0.010 0.014 0.012
(0.009) (0.009) (0.009) (0.009) (0.009) (0.010)

Observations 14,605 14,605 14,605 14,605 14,605 14,605
R-squared 0.113 0.114 0.109 0.112 0.106 0.108
Ind. FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes Yes
Adj R2 0.108 0.110 0.105 0.107 0.101 0.104

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table A1: Results of estimation Equation 2, for different cloud types
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Employment growth (long differences): OLS and ET
OLS ET

Model 1 Model 2 Model 3 Model 4
Performance Adoption Performance Adoption

Cloud 0.148*** 0.195*** 0.231*** 0.314***
(0.012) (0.033) (0.021) (0.017)

Log Employment -0.105*** -0.101*** -0.111*** 0.216*** -0.108*** 0.217***
(0.006) (0.007) (0.006) (0.012) (0.007) (0.012)

Cloud*Log Employment -0.010* -0.013***
(0.005) (0.004)

Log Age -0.113*** -0.113*** -0.111*** -0.066*** -0.110*** -0.065***
(0.005) (0.005) (0.005) (0.013) (0.005) (0.013)

ICT Share 0.246* 0.242* 0.232** 0.457** 0.222* 0.457**
(0.126) (0.128) (0.118) (0.224) (0.119) (0.224)

Log Physical Capital 0.033*** 0.033*** 0.032*** 0.029 0.032*** 0.029
(0.007) (0.006) (0.006) (0.019) (0.006) (0.019)

Log Intangible Capital -0.008 -0.008 -0.008 -0.015 -0.008 -0.014
(0.005) (0.005) (0.005) (0.018) (0.005) (0.018)

Exporter 0.029*** 0.028*** 0.024*** 0.214*** 0.022*** 0.214***
(0.008) (0.008) (0.008) (0.028) (0.008) (0.028)

Multi-Plant 0.050*** 0.049*** 0.047*** 0.097*** 0.046*** 0.097***
(0.007) (0.006) (0.007) (0.036) (0.007) (0.036)

Log Lighting Strike Density -0.057*** -0.057***
(0.012) (0.012)

Observations 14,667 14,667 14,648 14,648 14,648 14,648
R-squared 0.129 0.130
Ind. FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes Yes
Adj R2 0.125 0.125

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table A2: Results of estimation Equation 2, using long differences in employment growth as
dependent variable and employment as the measure of size.
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Sales growth (long differences): OLS and ET
OLS ET

Model 1 Model 2 Model 3 Model 4
Performance Adoption Performance Adoption

Cloud 0.134*** 0.235*** 0.139*** 0.282***
(0.011) (0.019) (0.019) (0.030)

Log Employment -0.052*** -0.043*** -0.052*** 0.208*** -0.046*** 0.208***
(0.005) (0.005) (0.006) (0.013) (0.006) (0.013)

Cloud*Log Employment -0.022*** -0.024***
(0.004) (0.004)

Log Age -0.103*** -0.103*** -0.102*** -0.068*** -0.102*** -0.068***
(0.006) (0.006) (0.006) (0.013) (0.006) (0.013)

ICT Share 0.366*** 0.355*** 0.365*** 0.463** 0.348*** 0.463**
(0.110) (0.110) (0.109) (0.230) (0.105) (0.230)

Log Physical Capital 0.012 0.013 0.012 0.030 0.012 0.030
(0.008) (0.008) (0.008) (0.019) (0.008) (0.019)

Log Intangible Capital -0.015** -0.015** -0.015*** -0.011 -0.015*** -0.011
(0.005) (0.005) (0.005) (0.018) (0.005) (0.019)

Exporter 0.023** 0.022** 0.023*** 0.208*** 0.019** 0.207***
(0.008) (0.008) (0.008) (0.028) (0.008) (0.028)

Multi-Plant 0.012 0.012 0.012 0.101*** 0.010 0.100***
(0.009) (0.009) (0.009) (0.037) (0.009) (0.037)

Log Lighting Strike Density -0.057*** -0.057***
(0.012) (0.012)

Observations 14,605 14,605 14,605 14,605 14,605 14,605
R-squared 0.108 0.110
Ind. FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes Yes
Adj R2 0.104 0.105

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table A3: Results of estimation Equation 2, using long differences in sales growth as depen-
dent variable and employment as the measure of size.
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Sales growth (long differences, 10 years and 5 years): OLS and ET
OLS (2005) ET (2005) OLS (2009) ET (2009)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Performance Adoption Performance Adoption Performance Adoption Performance Adoption

Cloud 0.225*** 0.610*** 0.290*** 0.982*** 0.103*** 0.290*** 0.078*** 0.308***
(0.020) (0.133) (0.046) (0.152) (0.009) (0.043) (0.020) (0.037)

Log Sales -0.123*** -0.110*** -0.127*** 0.187*** -0.126*** 0.192*** -0.038*** -0.032*** -0.037*** 0.194*** -0.033*** 0.194***
(0.008) (0.009) (0.009) (0.011) (0.012) (0.012) (0.003) (0.004) (0.003) (0.010) (0.004) (0.010)

Cloud*Log Sales -0.039*** -0.047*** -0.019*** -0.019***
(0.011) (0.010) (0.004) (0.004)

Log Age -0.128*** -0.128*** -0.126*** -0.064*** -0.123*** -0.061*** -0.079*** -0.079*** -0.079*** -0.064*** -0.079*** -0.064***
(0.005) (0.005) (0.005) (0.013) (0.004) (0.014) (0.006) (0.006) (0.006) (0.015) (0.006) (0.015)

ICT Share 0.402*** 0.388*** 0.395*** 0.272* 0.355*** 0.273* 0.286** 0.277** 0.291*** 0.607*** 0.274*** 0.607***
(0.066) (0.068) (0.063) (0.149) (0.054) (0.147) (0.096) (0.097) (0.097) (0.165) (0.095) (0.165)

Log Physical Capital 0.014 0.017* 0.014 0.013 0.016* 0.010 0.017* 0.017* 0.017* 0.030* 0.017* 0.029*
(0.009) (0.008) (0.009) (0.013) (0.008) (0.014) (0.009) (0.009) (0.009) (0.017) (0.009) (0.017)

Log Intangible Capital -0.014 -0.013 -0.014* -0.011 -0.013* -0.010
(0.008) (0.008) (0.008) (0.011) (0.008) (0.010)

Exporter 0.036** 0.033* 0.032* 0.179*** 0.018 0.175*** 0.019** 0.017* 0.020** 0.195*** 0.016** 0.195***
(0.016) (0.016) (0.017) (0.035) (0.018) (0.034) (0.008) (0.008) (0.008) (0.030) (0.008) (0.030)

Multi-Plant 0.042*** 0.041*** 0.039*** 0.119*** 0.030*** 0.114*** -0.004 -0.005 -0.003 0.135*** -0.005 0.135***
(0.011) (0.011) (0.011) (0.029) (0.010) (0.029) (0.006) (0.006) (0.006) (0.034) (0.006) (0.034)

Log Lighting Strike Density -0.066*** -0.067*** -0.052*** -0.052***
(0.015) (0.016) (0.010) (0.010)

Observations 12,568 12,568 12,568 12,568 12,568 12,568 14,248 14,248 14,248 14,248 14,248 14,248
R-squared 0.178 0.180 0.084 0.086
Ind. FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj R2 0.173 0.175 0.0792 0.0804

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table A4: Results of estimation equations 2 and 3, using long differences as in Acemoglu & Restrepo (2020)
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Sales growth (long differences as in Acemoglu & Restrepo (2020)): OLS and ET
OLS (2005) ET (2005) OLS (2009) ET (2009)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Performance Adoption Performance Adoption Performance Adoption Performance Adoption

Cloud 0.320*** 0.631*** 0.394*** 0.802*** 0.174*** 0.424*** 0.161*** 0.454***
(0.030) (0.122) (0.038) (0.095) (0.024) (0.051) (0.033) (0.049)

Log Sales -0.127*** -0.115*** -0.133*** 0.230*** -0.124*** 0.230*** -0.073*** -0.064*** -0.072*** 0.241*** -0.066*** 0.241***
(0.009) (0.007) (0.009) (0.012) (0.007) (0.012) (0.009) (0.008) (0.009) (0.013) (0.007) (0.013)

Cloud*Log Sales -0.032*** -0.035*** -0.025*** -0.026***
(0.010) (0.008) (0.006) (0.006)

Log Age -0.118*** -0.120*** -0.117*** -0.069*** -0.117*** -0.069*** -0.111*** -0.112*** -0.111*** -0.073*** -0.111*** -0.073***
(0.005) (0.005) (0.004) (0.013) (0.004) (0.013) (0.006) (0.006) (0.006) (0.012) (0.006) (0.012)

ICT Share 0.357*** 0.345*** 0.355*** 0.363*** 0.333*** 0.363*** 0.467*** 0.459*** 0.470*** 0.502*** 0.455*** 0.504***
(0.077) (0.077) (0.077) (0.135) (0.079) (0.135) (0.108) (0.106) (0.108) (0.189) (0.102) (0.190)

Log Physical Capital 0.004 0.006 0.003 0.016 0.005 0.015 0.027* 0.027* 0.027** 0.035 0.027** 0.035
(0.005) (0.004) (0.005) (0.013) (0.004) (0.013) (0.013) (0.013) (0.013) (0.022) (0.013) (0.022)

Log Intangible Capital -0.019 -0.017 -0.019* -0.020 -0.018 -0.020
(0.012) (0.011) (0.012) (0.024) (0.011) (0.024)

Exporter 0.021 0.017 0.018 0.162*** 0.011 0.162*** 0.033* 0.030* 0.033** 0.175*** 0.029* 0.174***
(0.014) (0.014) (0.014) (0.030) (0.014) (0.030) (0.016) (0.015) (0.016) (0.029) (0.015) (0.029)

Multi-Plant 0.025 0.025 0.020 0.165*** 0.017 0.164*** 0.004 0.003 0.005 0.164*** 0.002 0.165***
(0.020) (0.019) (0.021) (0.019) (0.020) (0.019) (0.009) (0.009) (0.009) (0.026) (0.009) (0.027)

Log Lighting Strike Density -0.078*** -0.078*** -0.067*** -0.068***
(0.015) (0.015) (0.014) (0.014)

Observations 12,521 12,521 12,503 12,503 12,503 12,503 13,715 13,715 13,696 13,696 13,696 13,696
R-squared 0.168 0.169 0.122 0.123
Ind. FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj R2 0.162 0.164 0.117 0.118

Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1

Table A5: Results of estimation equations 2 and 3, using long differences as in Acemoglu & Restrepo (2020)

39



Sales growth, long differences including cloud purchases in years 2019 and 2020: OLS and ET

OLS (2019) ET (2019) OLS (2020) OLS (2020)
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

Performance Adoption Performance Adoption Performance Adoption Performance Adoption

Cloud 0.140*** 0.429*** 0.12122*** 0.47674*** 0.143*** 0.418*** 0.12932*** 0.45380***
(0.0139) (0.0630) (0.02415) (0.06409) (0.0156) (0.0876) (0.03435) (0.10133)

Log Sales -0.0634*** -0.0527*** -0.06186*** 0.18569*** -0.05420*** 0.18584*** -0.0648*** -0.0534*** -0.06367*** 0.18618*** -0.05463*** 0.18618***
(0.00194) (0.00177) (0.00224) (0.00830) (0.00182) (0.00832) (0.00376) (0.00161) (0.00488) (0.00812) (0.00179) (0.00814)

Cloud * Log Sales -0.0295*** -0.03061*** -0.0285*** -0.02927***
(0.00530) (0.00509) (0.00732) (0.00727)

Share of ICT Hours 0.392*** 0.379*** 0.40111*** 0.57579*** 0.37612*** 0.57532*** 0.362*** 0.351*** 0.37293*** 0.62058*** 0.35175*** 0.62008***
(0.0775) (0.0793) (0.07702) (0.20837) (0.07460) (0.20917) (0.0514) (0.0547) (0.05225) (0.21893) (0.05272) (0.21965)

Log Age -0.110*** -0.111*** -0.11080*** -0.08349*** -0.11014*** -0.08351*** -0.119*** -0.120*** -0.11891*** -0.09317*** -0.11873*** -0.09334***
(0.00680) (0.00679) (0.00685) (0.01083) (0.00677) (0.01107) (0.00965) (0.00968) (0.00932) (0.01196) (0.00935) (0.01218)

Log Physical Capital 0.0152 0.0157 0.01541 0.03030** 0.01551* 0.03001** 0.0154 0.0159 0.01555 0.03166*** 0.01578 0.03152***
(0.00947) (0.00914) (0.00957) (0.01272) (0.00912) (0.01291) (0.0106) (0.0104) (0.01074) (0.01183) (0.01045) (0.01188)

Log Intangible Capital -0.0100 -0.00879 -0.01038 -0.00583 -0.00916 -0.00545 -0.0126 -0.0113 -0.01286 -0.00362 -0.01155 -0.00338
(0.00819) (0.00821) (0.00841) (0.01247) (0.00829) (0.01274) (0.0101) (0.0102) (0.01021) (0.00975) (0.01032) (0.00988)

Exporter 0.0384*** 0.0366*** 0.03882*** 0.18106*** 0.03406*** 0.18051*** 0.0433*** 0.0413*** 0.04364*** 0.18505*** 0.03926*** 0.18480***
(0.00925) (0.00965) (0.00916) (0.02528) (0.00946) (0.02532) (0.00811) (0.00842) (0.00849) (0.02149) (0.00860) (0.02153)

Multiplant 0.0127 0.0123 0.01392* 0.14860*** 0.01077 0.14853*** 0.0211*** 0.0207*** 0.02209*** 0.15281*** 0.01952*** 0.15292***
(0.00725) (0.00782) (0.00735) (0.02653) (0.00773) (0.02659) (0.00667) (0.00655) (0.00652) (0.01913) (0.00668) (0.01917)

Log Lighting Density (2008-2017) -0.05769*** -0.05787*** -0.05574*** -0.05594***
(0.00829) (0.00822) (0.00738) (0.00736)

Observations 20,658 20,658 20,622 20,622 20,622 20,622 27,581 27,581 27,532 27,532 27,532 27,532
R-squared 0.131 0.133 0.149 0.151
Ind. FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Reg. Fe Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj R2 0.128 0.130 0.146 0.148

Table A6: Results of estimation Equations 2 and 3, using long differences including the information on cloud purchases in years
2019 and 2020
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Cloud and Concentration
Baseline Weighted HH 4-digit Cloud Share

<50 <100 <250 250+
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

Cloud Share -0.760** -0.480*** -0.453** -0.378*** -0.571** -0.496** -0.446** -0.008
(0.314) (0.170) (0.214) (0.097) (0.274) (0.222) (0.189) (0.270)

Log ICT Intensity 0.061 0.270* 0.250 0.064 0.239 0.264* 0.267* 0.309*
(0.043) (0.145) (0.178) (0.092) (0.143) (0.144) (0.144) (0.158)

Log Total Sales 0.191*** 0.543** 1.078** 0.811*** 0.628*** 0.589*** 0.548** 0.404
(0.066) (0.218) (0.486) (0.182) (0.215) (0.207) (0.225) (0.281)

Log Total Employment -0.275*** -1.208 -2.183* -0.264 -1.206 -1.240 -1.180 -1.115
(0.077) (0.814) (1.102) (0.543) (0.787) (0.799) (0.815) (0.846)

Observations 118 118 118 118 118 118 118 118
Ind. FE No Yes Yes Yes Yes Yes Yes Yes
Year FE No Yes Yes Yes Yes Yes Yes Yes
Adj R2 0.0764 0.629 0.669 0.744 0.638 0.632 0.629 0.618

Table A7: Full estimation result of Equation 6. Model 1 and 2 use the HH index computed
at the 2-digit level, Model 3 weights observations by the market share of sectors, Model 4
estimates the 2-digit HH as the weighted average of the HH at the 4-digit level, Model 5-8
estimate the share of firms adopting cloud in firms below 50, 100 and 250 employees, or in
firms with more than 250 employees.
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