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This paper estimates the impact of technology sophistication pre-COVID-19 on

the performance of firms during the early stages of the pandemic. We exploit a

unique data covering firms from Brazil, Senegal, and Vietnam using a treatment

effect mediation framework to decompose the results into a direct and an indi-

rect effect. Increasing pre-pandemic technology sophistication by one standard

deviation is associated with 3.8pp higher sales. Both effects are positive, but the

direct effect is about 5 times larger than the indirect effect. The total effect on

sales is markedly nonlinear with significantly smaller estimates of the reduction

in sales for firms with more sophisticated pre-pandemic technology. Our results

are robust to different measures of digital responses and matching estimators.

1 Introduction

The COVID-19 pandemic and the measures adopted to mitigate the spread of the virus changed

dramatically the conditions in which businesses operated. Firms experienced simultaneously sup-

ply and demand shocks. Businesses faced closure of operations, bottlenecks on inputs, and reduced

mobility for their workers worldwide. Consumers’ mobility was also restricted and demand for

most firms was negatively affected through different channels, including uncertainty and household

income losses. The severity of the effect of these shocks on businesses has been well-documented
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across countries (1–7).

Despite the global nature of the shock, the impact of the pandemic has varied significantly

across firms. While some economic activities, such as tourism, have been hit hard by the restric-

tive mobility measures, there is a large variation in performance within sectors and regions, which

suggests that some firms have been more resilient in the face of a similar exogenous shock. Un-

derstanding the factors driving firms’ resilience in the pandemic is essential in designing more

effective policies, and potentially reducing the economic costs of measures to mitigate the health

costs of any present and future pandemic. This goal is particularly relevant for developing countries

where public resources are more limited and businesses are less likely to receive direct government

support (8).

There are many factors that might explain cross-firm differences in performance during the

pandemic. One that has received much attention in the literature is the use of digital technologies,

such as online and integrated digital management systems, supply chain management systems, or

online sales. Recent evidence on the increased use of digital technologies in response to COVID-

19 (1, 9, 10) supports the notion that the pandemic increased the returns to digitalization. Yet we

know little about why certain firms implemented digital technologies while others did not. More

importantly, research has so far not examined the extent to which firms’ resilience to the COVID-

19 shock is due to their adoption of digital technologies, as opposed to the direct effect on firm

performance of pre-COVID firm characteristics (which also influence digitization).

The goal of this paper is to understand one of the sources of firm resilience during the COVID-

19 pandemic. The specific question we explore here is how pre-pandemic technology sophisti-

cation - denoted as technology readiness - affected firm performance during the early stage of

the pandemic. Our analysis relies on a treatment effect mediation framework (11–14) that has

been used to disentangle the channels by which stimuli affect behavior. In our context, exogenous

variation in pre-pandemic technology sophistication may affect firm resilience both directly, by

facilitating operations and interactions with workers, customers, and suppliers in a context of an

unexpected shock that abruptly reduce mobility and increase transaction costs among these actors,
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and indirectly via its effect on the adoption of additional digital technologies during the pandemic.

Two conditions are necessary for the adoption of digital technologies to be a mediator in the re-

lationship between technology readiness and firm resilience. First, that pre-pandemic technology

sophistication is associated with an increasing use of digital technologies during the pandemic.

Second, that variation in the adoption of digital technologies during the pandemic is significantly

associated with firm resilience.

To estimate this statistical model, we use unique firm-level datasets that include firms in Brazil,

Senegal, and Vietnam. The data provide granular pre-pandemic measures of the sophistication

of the technologies used by firms in conducting seven key business functions - business admin-

istration, production/service planning, supply chain management, marketing, sales, payments and

quality control - combined with information on whether firms started or increased the use of digital

technology during the early stages of the pandemic; as well as their respective sales performance.

Our analysis controls for several observable characteristics of the firm (e.g., age, size, exporting

status, foreign ownership), including manager’s human capital (e.g., level of education and work

experience) and managerial practices (e.g., incentives to workers and performance indicators) that

could simultaneously influence digital adoption and performance of the firm. In addition, we use

high-frequency measures of urban mobility and disaggregated sectoral information to control for

the heterogeneity in the stringency of the measures adopted and the severity of the shock.

Our findings show that technology readiness helped firms to offset some of the initial negative

impact of the pandemic on sales not only directly, but also indirectly by facilitating the use of

additional digital tools. Increasing pre-pandemic technology sophistication by one standard devia-

tion is associated with 3.8 percentage points (pp) higher monthly sales, relative to the same period

in 2019. We decompose this estimate into the direct (3.1 pp) and indirect (0.7 pp) effects. The

indirect effect results from the fact that increasing pre-pandemic technology readiness by one stan-

dard deviation is associated with an increase in the likelihood that firms increase the use of digital

technologies during the pandemic by 10 pp. Furthermore, the marginal likelihood of increasing

digitization is higher for the firms with higher pre-pandemic technology sophistication. Both the
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direct and indirect effects on sales are larger among firms in the top quintiles of technology readi-

ness. Our findings are robust to using different measures of digital response as a mediator, as well

as to using propensity score or nearest-neighbor matching estimators for the indirect effect.

Previous studies have investigated the effects of work-from-home feasibility based on occupa-

tion of workers (15), and technology diversification based on the scope of patent applications (16)

on firm performance during the COVID-19 pandemic or other natural disasters. Our analysis con-

tributes to this literature on the effects of technology on firm resilience in three ways. First, we

provide evidence on the positive relationship between pre-pandemic technology and firm resilience

by using direct, granular measures of the sophistication of technologies, instead of proxies based

on occupations or patents. Second, we decompose the effect of technology readiness on firm per-

formance into a direct effect and an indirect effect through the adoption of digital technologies

that allow firms to better cope with the shock. Third, we assess the possibility of a non-linear

relationship between pre-pandemic technology and both resilience in sales and digital adoption.

The rest of the paper is structured as follows. Section 2 describes the data. Section 3 explains

our hypothesis and empirical strategy. Sections 4 and 5 present the results and robustness checks.

Section 6 concludes.

2 Description of the data

Our analysis exploits data for Brazil (State of Ceará), Senegal, and Vietnam from the Firm-level

Adoption of Technology Survey (FAT) and the COVID-19 Business Pulse Survey (COV-BPS). In

this section we describe each survey, summarize the preparation of our data, and provide some

descriptive statistics.

2.1 The FAT data

The FAT data is a nationally representative survey to measure firm-level technology adoption,

which was first implemented in Ceará-Brazil, Senegal, and Vietnam on businesses with 5 or more

employees in agriculture, manufacturing, and services (17). This new survey collects data on the
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technologies used more often (from a list of relevant technologies available) in every general and

sector-specific business function. The potential technologies associated with each business func-

tion follow a ladder of sophistication ranging from the most basic to the most sophisticated (from

handwritten processes to Enterprise Resource Planning in the business administration function, for

example). In this paper we exploit the firm-level technology sophistication measure for general

business functions (GBFs) proposed by (17).

GBFs are tasks common across firms regardless of their sector. They include: business admin-

istration, production planning, sourcing and supply chain management, marketing and product de-

velopment, sales, payments, and quality control.1 With the exception of the most basic option (e.g.,

handwritten processes for business planning), the technologies available to perform GBFs are pre-

dominantly digital. Thus, our measure captures the level of sophistication of digital technologies,

whenever they are used to perform these tasks. The technology measure for each business function

ranges from 1 to 5 to capture the different levels of sophistication of the most frequently used tech-

nology for every business function, and then averages these sophistication measures across GBFs

within each firm. This average is our measure of pre-pandemic technology sophistication.2

The FAT data also includes information about the characteristics of the manager of the firm and

about some management practices. Both the human capital of the manager and the management

practices potentially determine the capacity of the business to adjust to the COVID-19 shock, and

we therefore include these variables in our specifications. The measures of the human capital of

the manager are the years of experience in the sector; whether he or she has a post-graduate de-

gree; whether he or she studied abroad; and whether he or she has worked in a multinational or a

large business before. The indicators on management practices in the FAT are whether the busi-

1Business administration corresponds to human resources, finance, and accounting. Appendix A lists each tech-
nology associated with each GBF in the FAT survey. See also (17).

2The list of key business functions and technologies associated with each of them were developed in collaboration
of over 50 sector and technology experts. The FAT survey follows several procedures to minimize bias and measure-
ment errors, both in its design and implementation. Moreover, several ex-post robustness checks for Brazil, Senegal,
and Vietnam, including validation of the technology sophistication measures with external data are described by (17).
Data were collected through face-to-face interviews with top managers. The survey was implemented by the General
Statistics Office (GSO) in Vietnam, by the State Industry Association (FIEC), in Ceará-Brazil, and by Kantar-public,
in Senegal.
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ness offers incentives to improve performance; the number of key performance indicators (KPI)

monitored; the frequency of measurement of KPI; and the time horizon of production targets.3 We

follow (18) and combine these four measures into a z-score, which we then include in our linear

regressions.4

Our specifications control for other pre-pandemic characteristics also available in the FAT: the

age, size, and sector of the business; whether the business is an exporter; and whether the business

is foreign owned.

2.2 The COV-BPS data

The COV-BPS is an initiative of the World Bank Group to track the impact of the COVID-19

pandemic on the private sector across the world (1). In Ceará-Brazil, Senegal, and Vietnam, the

COV-BPS was applied on a sub-sample from the FAT. Combined, the FAT and COV-BPS data offer

a representative sample of businesses in each country right before and soon after the COVID-19

shock.5

Our measure of business performance from the COV-BPS is the reported percentage change

in sales in the 30 days prior to the interview relative to the same period of 2019. The COV-BPS

also tracks the use of digital technologies to respond to the crisis: whether the business started

to use or increased the use of digital platforms since the beginning of the pandemic; whether the

business has invested in new equipment, software, or digital solutions since the beginning of the

pandemic; whether the share of online sales in total sales increased during the 30 days prior to the

interview; and whether the share of employees working from home increased during the 30 days

3See Appendix A for more details on these questions.
4The answers to each question in the management module take values in ascending order starting with 1 for no,

none, or never (see Appendix A). We compute the mean and the standard deviation of each indicator in each country
(with sampling weights), and use these moments to convert each measure into a z-score. Our management score is the
simple average of the four z-scores within a firm.

5The FAT sample is a representative sample drawn from the most recent and comprehensive establishment census
available in each country (see (17)). The COV-BPS sub-sample was similarly randomly selected to remain nationally
representative for Senegal and Vietnam, and representative at the state level in the case of Ceará-Brazil. We provide
a description of the sampling strategy in Appendix A. Data collection was conducted by the same agencies that
implemented the FAT data in each country. Unless we note otherwise, we do not weight our calculations with sampling
weights.
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prior to the interview.6 Our preferred specifications combine these responses in a single binary

indicator that equals 1 when the business reports at least one of the four digital adjustments and

0 if the business did not implement any digital response, but we present results for each digital

adjustment separately in our robustness checks.

2.3 The severity of the COVID-19 shock

Data for the FAT survey was collected in face-to-face interviews between August and De-

cember of 2019 in Ceará-Brazil; between August of 2019 and February of 2020 in Senegal; and

between November of 2019 and February of 2020 in Vietnam. Data for the COV-BPS was col-

lected in phone interviews in the early months of the COVID-19 pandemic: between the end of

May and the end of July of 2020 in Ceará-Brazil; between the end of April and beginning of May

of 2020 in Senegal; and between mid-June and early July of 2020 in Vietnam. Figure A2 in the

appendix shows the exact collection period for the COV-BPS in each country with daily average

mobility trends around transit stations, which we compute using the data collected by Google in

their COVID-19 Community Mobility Reports (19).7

Mobility trends likely reflect both, lockdown restrictions and voluntary reductions in interac-

tions out of fear of the virus, and help proxy for the severity of the COVID-19 shock on economic

activity (1). In Senegal, average mobility in the period covered in the COV-BPS reached the low-

est level recorded for 2020; in Brazil, mobility around transit stations was increasing after a sharp

reduction the first weeks of the pandemic; in Vietnam, mobility was almost back to pre-pandemic

levels after a v-shape recovery early in the crisis. We include the 30-day mobility average in our

estimations to correct for these cross-country differences in the potential severity of the pandemic

measures adopted by public authorities at the time of the COV-BPS. Notice the mobility indica-

tor resembles a country fixed effect in our linear regressions because most of the variation occurs

across countries, with smaller differences across firms within a country when businesses were

6The question on digital platforms in the COV-BPS also includes the use of internet, online social media, and
specialized apps. Appendix A describes the questions.

7In the figure we use average mobility during the 30 days before because our measure of performance in the
COV-BPS (the reduction in sales) spans the 30 days prior to the date of the interview.
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interviewed at different dates.

One of the salient features of the COVID-19 pandemic has been the heterogeneous impact

across industries. We construct a second indicator of potential exposure to the shock for narrowly

defined sectors using publicly available aggregate data from the Small Business Pulse Survey in the

U.S. (SBPS-US; (20)). We first compute the share of firms in each 3-digit NAICS sector reporting

in the SBPS-US that they have experienced a “large overall negative effect from the pandemic”

averaging the weekly averages published by the U.S. Census Bureau for the period April-June

2020.8 We sort sectors into two categories for potential exposure, low and high, depending on

whether the average fraction of firms reporting a large overall negative effect is below or above the

U.S. national average (which we obtain for the period April-June 2020 also averaging the weekly

averages publicly available). The list of less/more exposed sectors is available in the appendix A

(see tables A2 and A3).9 In our specifications we include the interaction of this binary variable

with fixed effects for broad sector and country.

2.4 Descriptive statistics

Table 1 shows the characteristics of our sample across quintiles of the distribution of tech-

nology sophistication pre-pandemic (Q1-Q5). Our sample covers around 1,000 businesses. As

documented in (17), the right tail of the distribution of technology sophistication in our data is

characterized by relatively larger firms; a higher management z-score; and managers compara-

tively more likely to have a post-graduate degree, to have studied abroad, and to have experience

working in a multinational or a large firm.

The average pre-pandemic technology sophistication index in our sample is 1.78 with a stan-

dard deviation of 0.62. The typical business with that level of technology sophistication mostly

employs computers with standard software (e.g., Excel) to perform business administration (e.g.,

8The exact wording of the question is “Overall, how has this business been affected by the COVID-19 pandemic?
Select only one: large negative effect; moderate negative effect; little or no effect; moderate positive effect; large
positive effect.” The SBPS-US is implemented weekly, and the U.S. Census Bureau makes publicly available the
estimated fraction of businesses in each response for each question of the survey every week. The averages are
available at the national level and for each 3-digit NAICS sector. Estimates are not available for July 2020.

9We matched the 3-digit NAICS list with the ISIC classification in our FAT data.
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HR processes, finance, and accounting), production and service operations planning, or sourcing

and procurement.10 They would obtain information from customers mostly through face-to-face

interactions or basic online tools (e.g., WhatsApp). Their sales are mostly at the establishment, by

phone or email, while their most prevalent payment methods are by check or debit/credit cards.

They rely mostly on manual or visual process for quality control. These firms are relatively similar

to the median firm (1.71) or the average in the middle 20% (Q3).

In our sample businesses use digital technologies with increasing level of sophistication as we

move from Q3 to Q5 (the top 20%). On the other hand, firms in the bottom 40% of the technology

readiness distribution (Q1 and Q2) mostly rely on manual pre-digital technology to perform their

tasks. Although firms in the second quintile (Q2) are already using standard computers for business

administration and planning, the method they use more intensively is handwritten processes.11

In the early months of the COVID-19 pandemic, more relatively sophisticated businesses re-

ported lower declines in sales and exhibited a higher probability of starting to use or increasing the

use of digital technologies. The main digital adjustment was starting to use or increasing the use of

digital platforms (41% of the sample) while comparatively lower fractions of businesses invested

in new equipment, software, or digital solutions (14%); increased home-based work (12%); or re-

ported higher fractions of online sales (13%). 47% of the firms in our sample have increased the use

of digital technologies for at least one of the four dimensions previously. Still, more sophisticated

businesses were relatively more likely to report each individual digital response.

10We describe the technologies in a firm with a level of sophistication of 1.78 using the data from the 19 businesses
with an index between 1.77 and 1.79 in our sample.

11The technologies with increasing levels of sophistication associated with each business function are described in
Figure A1.
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Obs. Total Q1 Q2 Q3 Q4 Q5

(A) FAT: Pre-COVID characteristics

Tech sophistication 1,063 1.78 1.10 1.36 1.73 2.06 2.77
Brazil 1,063 0.12 0.02 0.06 0.09 0.07 0.36
Vietnam 1,063 0.45 0.01 0.31 0.67 0.79 0.52
Senegal 1,063 0.44 0.97 0.63 0.24 0.15 0.13
Small 1,030 0.52 0.71 0.71 0.50 0.45 0.24
Medium 1,030 0.26 0.21 0.21 0.30 0.29 0.30
Large 1,030 0.21 0.07 0.08 0.21 0.26 0.47
Agriculture 974 0.15 0.28 0.17 0.09 0.08 0.09
Manufacturing less exposed 974 0.15 0.07 0.14 0.18 0.17 0.21
Manufacturing more exposed 974 0.18 0.20 0.15 0.18 0.16 0.19
Services less exposed 974 0.32 0.27 0.32 0.35 0.42 0.26
Services more exposed 974 0.12 0.11 0.17 0.12 0.11 0.08
Age 0 to 5 1,030 0.20 0.16 0.21 0.23 0.28 0.14
Age 6 to 10 1,030 0.23 0.18 0.26 0.25 0.21 0.23
Age 11 to 15 1,030 0.20 0.18 0.18 0.21 0.24 0.20
Age 16+ 1,030 0.37 0.49 0.35 0.32 0.27 0.43
Export 1,063 0.21 0.12 0.13 0.23 0.23 0.36
Foreign owned 1,063 0.12 0.02 0.02 0.13 0.23 0.21
Work experience 1,010 17.97 18.61 16.88 15.72 15.88 22.59
Post-graduate degree 1,063 0.11 0.01 0.09 0.10 0.11 0.24
Studying abroad 1,063 0.19 0.04 0.09 0.18 0.33 0.34
Experience in large business 1,033 0.26 0.16 0.18 0.22 0.31 0.46
Management score 1,063 0.13 -0.19 -0.10 0.20 0.25 0.52

(B) COV-BPS: Post-COVID performance and responses

Average change in sales (%) 1,063 -45.32 -53.27 -49.10 -40.30 -38.69 -44.13
Increased use of digital platforms 1,052 0.41 0.12 0.36 0.51 0.53 0.58
New investment in digital solutions 1,058 0.14 0.10 0.15 0.12 0.13 0.21
More work from home 1,016 0.12 0.06 0.17 0.10 0.10 0.19
More online sales 706 0.13 0.07 0.18 0.10 0.09 0.20
Increased use of any digital 1,063 0.47 0.24 0.45 0.53 0.54 0.62
Change in mobility 1,063 -33.81 -56.92 -41.61 -22.81 -17.28 -27.20

Table 1: Descriptive statistics of FAT and COV-BPS data. Computations do not use sampling
weights. Quintiles (Q) are based on technology sophistication pre-COVID-19. Q1 = Bottom 20%;
Q2 = Second quintile; Q3 = Third quintile; Q4 = Fourth quintile; Q5 = Top 20%.
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3 Empirical strategy

Technology readiness pre-pandemic has potentially both direct and indirect effects on the per-

formance of businesses during the COVID-19 shock. We quantify the total effect of technology

sophistication pre-crisis estimating both the direct and indirect effects using the treatment effect

mediation framework first developed by (11) and more recently described in (12) and (14).

The sophistication of technology pre-pandemic T (the treatment) could directly help businesses

to better navigate the shock from COVID-19 and smooth out the drop in sales Y (see the solid

arrow in Figure 1). More sophisticated businesses, for example, could better plan production to

reduce potential supply chain bottlenecks, or more quickly switch to home-based work given they

are more likely to have digital systems in place. Moreover, technology sophistication could also

affect the likelihood of responding to the pandemic increasing the use of digital technologies D

(the mediator), which in turn would indirectly reduce the impact on sales (see the dashed arrows

in Figure 1) by increasing the use of digital platforms to sell their products online, thus reducing

the impact of the slowdown in consumer mobility during the shock.

Technology 
sophistication
pre-pandemic

(T)

Observed change 
in sales

(Y)

Adoption/increased 
use of digital 
technologies

(D)

Indirect effect

Direct effect

Figure 1: Direct and indirect effects of technology sophistication pre-pandemic on the performance
of firms.

The total observed shock to sales (the outcome) depends then on both technology pre-pandemic

and the adoption of additional digital technologies during the shock, which is in turn a function
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of technology sophistication pre-pandemic: Y (T,D (T )). Totally differentiating this relationship

with respect to T breaks down the total effect on sales from increasing the treatment into a direct

impact from increasing T while keeping the mediator D constant, and an indirect effect through

the change in D:

dY

dT
=

∂Y

∂T︸︷︷︸
Direct effect

+
∂Y

∂D

dD

dT︸ ︷︷ ︸
Indirect effect

(1)

The adoption or increased use of digital technologies during the pandemic can be modelled as

a function of technology pre-pandemic:

Di = ν1 + βTi + Φ′
1Xi + δcse + ui. (2)

The vector of firm characteristics X includes dummies for the age of the business (0-5, 6-10,

11-15, 16+); dummies for size (5-19; 20-99; 100+); the z-score for the quality of management

practices and the measures of human capital of the manager to control for managerial ability; a

dummy for whether the business is an exporter; and a dummy for whether the business is foreign

owned. To control for the severity of the shock, we include in X the average mobility around transit

stations the 30 days prior to the interview as reported in Google mobility reports (1,19), in addition

to the country-sector-exposure fixed effects δcse. These fixed effects correspond to the interaction

of the dummies for country (Brazil, Senegal, and Vietnam), sector (Agriculture, Manufacturing,

and Services), and the measure of pandemic exposure described above using the SBPS-US (Low,

High).

The shock to sales during the crisis varies linearly with both technology sophistication pre-

pandemic and the dummy for whether the business increased the use of digital technology to

respond to the shock (with no interaction between the two):

Yi = ν2 + αTi + γDi + Φ′
2Xi + δcse + vi, (3)

Our identification is based on the assumptions that unobservables u and v are not correlated
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with one another nor with the covariates in specifications (2) and (3) above.12 Under these assump-

tions, the total effect of technology pre-pandemic on sales (the total treatment effect) is simply

α + βγ, which we obtain estimating using ordinary least squares each linear model separately. In

our baseline, we use the technology index in levels to estimate average effects.

Our econometric model can be easily adapted to explore the presence of non-linearities by

allowing α and β to vary by quintiles of the distribution of technology sophistication. In this

setting, the total effect of technology sophistication for firms in the kth pre-pandemic technology

sophistication quintile is αk +βkγ. We report our non-linear results relative to the bottom quintile.

4 Estimation results: indirect and direct effects of technology
sophistication

In this section we present our estimates for the indirect, direct, and total treatment effect of

technology sophistication pre-pandemic on the change in monthly sales early on in the COVID-19

pandemic. Table 2 summarizes our main results, followed by the interpretation and discussion

grouped by indirect, direct, and total effects. The full set of results from least squares is avail-

able in the Appendix B. We find positive indirect and direct treatment effects. The direct effect

is significantly larger but the magnitude of both effects increases with pre-pandemic technology

sophistication.

12We assume that COVID-19 shock was an unexpected event that did not affect the decision of firms with respect
to Ti and we control for other factors, such as management and managerial practice characteristics, as well as the
sectoral heterogeneity in the severity of the shock, which could be potential confounders.
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(1) (2) (3) (4) (5)
Marginal prob
of additional

digital
technology

Marginal effect
of additional

digital tech on
sales (pp)

Indirect effect
on sales (pp)

Direct effect on
sales (pp)

Total effect of
technology

sophistication

β̂ γ̂ β̂ × γ̂ α̂
(
β̂ × γ̂

)
+ α̂

Average 0.17*** 6.6*** 1.1 5.4* 6.5
(0.04) (2.2) (2.8)

Q2 0.25***

6.2***
(2.3)

1.5 3.4 5.0
(0.05) (3.8)

Q3 0.35*** 2.2 9.9** 12.1
(0.06) (4.3)

Q4 0.34*** 2.1 9.7** 11.8
(0.07) (4.7)

Q5 0.37*** 2.3 11.4** 13.7
(0.07) (5.1)

Table 2: Direct and indirect effects of technology pre-pandemic on the percentage change in sales.
*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parenthesis. Column 1 reports estimated
coefficients on technology sophistication from ordinary least squares in a linear regression where
the dependent variable is whether the business increased the use of digital technology during the
crisis (Equation 2), using the technology index in levels (Average) and in quintiles in an alternative
specification (Q2-Q5; the omitted category is the bottom 20%). Column 2 show the estimated
coefficient on whether the business increased the use of digital solutions during the crisis in a linear
regression where the dependent variable is the reported percentage change in sales relative to the
same period of 2019 (Equation 3). Column 4 shows the coefficient on technology sophistication in
the same linear regression. Column 3 is the total indirect effect (the product of columns 1 and 2),
whereas column 4 shows the total effect of technology pre-pandemic (the sum of the indirect and
direct effect). The linear regressions control for the age of the business (0-5, 6-10, 11-15, 16+); size
(5-19; 20-99; 100+); the z-score for management practices and the measures of human capital of
the manager; a dummy for whether the business is an exporter; a dummy for whether the business
is foreign owned; average mobility around transit stations the 30 days prior to the interview; and
country, sector, exposure, and country-sector-exposure fixed effects. Full set of results available in
the Appendix B.

The indirect effect

Firms with higher levels of technology pre-pandemic were significantly more likely to start or

increase the use of digital technologies during the COVID-19 crisis. On average, a change in one

14



standard deviation in pre-pandemic technology sophistication is associated with an increase of 10

percentage points (pp) in the likelihood of starting or increasing the use of digital technology. The

least squares estimate for a one unit increase in the technology index (β in Equation 2) amounts to

17 pp, a statistically significant coefficient (see Table 2, column 1).13

Table 2 also shows the estimates for the effect of technology sophistication on the likelihood

of adopting digital solutions in the specification with quintiles. The marginal likelihood rapidly

increases with technology sophistication in the left tail of the distribution and slows down after

the third quantile. While businesses in the second quintile of technology sophistication were 25 pp

more likely to start or increase the use of digital solutions relative to the bottom 20%, the additional

likelihood for businesses in quintiles 3-5 is at least 35 pp.

In turn, adopting digital technology during the crisis is associated with percentage changes in

sales 6.6 points higher on average, and 6.2 pp when using quintiles for the tech sophistication index

instead of levels (γ in Equation 3) (see Table 2, column 2). The total indirect effect of technology

pre-pandemic on sales averages 1.1 pp (0.66 pp with an increase in tech sophistication of one

standard deviation), but increases to 1.5 pp when comparing businesses in the second quintile to

those in the bottom 20%, and to 2.3 pp among the most technologically sophisticated firms (see

Table 2, column 3).

The direct effect

The direct impact of technology sophistication pre-pandemic on sales (α in Equation 3) is

significantly larger than the indirect effect through the adoption of digital solutions. On average,

increasing technology sophistication in one standard deviation is associated with sales around 3.1

pp higher relative to the same period of 2019. The least squares estimate for a one unit increase in

the technology index is 5.4 pp (with a p-value of 5.1%), and ranges from 3.4 pp when comparing

13Firms with one standard deviation (0.62 points) higher than the average technology sophistication index (1.78)
tend to rely on specialized software to perform business administration, standard software for production planning and
sourcing, online chat or Internet to interact with costumers, debit/credit card and online payment, and use of computers
for quality control. Firms with 1 point higher than the average technology sophistication index (2.78) tend to be very
close to the frontier on performing tasks such as business administration and planning (e.g., use ERP systems) and use
basic to more sophisticated digital technologies in all other GBFs.
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the second quintile of the distribution to the bottom 20% (a difference that is not statistically

significant), to 11.4 among the most sophisticated businesses, which we show in Table 2, column

(4).

The total treatment effect of technology sophistication

Both direct and indirect effects on sales are positive and their magnitude increases with pre-

pandemic technology sophistication. The resulting total effect averages 6.5 pp (3.8 pp for an

increase of one standard deviation in technology sophistication), and ranges from 5 pp when com-

paring businesses in the second quintile to those in the bottom 20%, to almost 14 pp for businesses

in the fifth quintile (see Table 2, column 5). The direct effect accounts for most of the impact of

technology sophistication pre-pandemic, as we show in Figure 2, since the impact of additional

technology adoption on sales (6.6 pp on average) is mediated by an estimated probability of ad-

ditional adoption that increases with technology sophistication but averages only 37% among the

most sophisticated firms.
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Figure 2: Indirect, direct, and total effects of technology pre-pandemic on the percentage change
in sales. Percentage change in sales relative to the same period of 2019. See Table 2 for details on
the computations of the direct and indirect effects.

The only other covariate with statistically significant indirect and direct effects on the shock to
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sales, in addition to technology sophistication, is the size of the firm (see Tables B1, B2, B3, and

B4 in the appendix). Whether the manager has a post-graduate degree has an indirect effect on

performance during the pandemic, but the direct effect is not statistically significant. In contrast,

the dummy for whether the business is part of a multi-national has a direct effect but the indirect

effect is not statistically significant. The z-score for management practices is not statistically sig-

nificant in the equation for additional use of digital technology during the pandemic (the mediator)

nor in the equation for the shock to sales.

5 Robustness checks

Our estimations combine the four digital responses available in the COV-BPS data in a single

binary indicator. In this section we show results for each digital adjustment separately. We also

present results for the indirect effect using matching estimators.

5.1 The treatment effect under different mediators

Our estimation results are robust to different definitions of the mediator. Figure 3 shows esti-

mates for the direct and indirect effects using each potential digital response as an indirect channel

for the effect of technology sophistication. The total effect remains close to 6.5 pp when the re-

sponse is the additional use of digital platforms or the new investment in equipment, software, or

digital solutions. When the response is more home-based work the effect increases in 1 pp, and in

close to 2 pp when we consider the higher share of online sales.
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Figure 3: Indirect, direct, and total effects of technology pre-pandemic on the percentage change
in sales. Differences across digital responses. Results from estimating the model separately for
each digital adjustment. Full set of results available in the appendix B. Percentage change in sales
relative to the same period of 2019.

5.2 Matching estimations for the indirect effect

One potential caveat of the estimates of the indirect effect above is that other factors differ-

ent from technology readiness may explain both adoption of digital technologies and performance

through COVID-19. To minimize this risk, we estimate the indirect effect matching on existing ob-

servable characteristics pre-pandemic comparing businesses that adopted digital technology during

the pandemic to a counterfactual with a similar likelihood of adoption or with similar character-

istics.14 Table 3 shows estimates for the effect of additional digital technology adoption on the

shock to sales (γ) using both propensity score (PSM) and nearest-neighbor matching (NNM).15

Unlike least squares, matching estimators compare samples that are comparatively balanced in

their composition, based on observable characteristics.16

Specification in Equation 2 is used to estimate the propensity score using a Probit model, and

14Our identification assumption is that selection in digital response Di is based on observable characteristics and
that we control for the variables that influence treatment assignment and potential outcomes simultaneously.

15Table B5 and Table B6 of appendix B show the PSM and NMM estimates.
16The balance on observable characteristics (common support) ensures that firms with similar observable charac-

teristics have a positive probability of being both participants and non-participants (21).
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use a caliper of 0.03 to match observations. The effect on sales increases from 6.6 pp with least

squares to 7.6 pp. with PSM. Under this alternative estimate for γ the indirect effect of technology

sophistication would increase to 1.3 and the total effect to 6.7.17

In the NNM specification, we pair observations exactly on country, major sector (agriculture,

manufacturing, services), and exposure to the COVID-19 shock (the dummy indicator), and use

Mahalanobis distance to find the nearest neighbors on the remaining covariates (22).18 The esti-

mated average effect of additional digital adoption increases to 8.8 pp for a total indirect effect of

technology sophistication of 1.5 and a total effect of 6.9 (Table 3).

Thus, the indirect effect of technology readiness via the increase in the use of digital technolo-

gies is robust across specifications, and ranges between 1.1 and 1.5.

OLS PSM NNM

Marginal effect of additional digital tech on sales (pp) γ̂ 6.6*** 7.6*** 8.8***
(2.2) (2.8) (2.8)

Indirect effect of tech sophistication on sales (pp) β̂ × γ̂ 1.1 1.3 1.5

Table 3: Least squares and matching estimates for the effect of additional digital adoption during
the pandemic on the percentage change in sales. *** p<0.01, ** p<0.05, * p<0.1. Standard errors
in parenthesis. Full set of results available in the appendix B. Percentage change in sales the 30
days prior to the interview relative to the same period of 2019.

6 Concluding remarks

This paper presents new evidence on the importance of technology readiness on firm resilience

during the COVID-19 pandemic. We show that the pre-pandemic level of technology sophistica-

tion had both direct and indirect effects on firm sales in the early stage of shock. The indirect

channel operates through firms speeding up the introduction of or increasing the use of digital

technologies in response to the crisis. The results also suggest heterogeneity across firms: those in

17Figure B1 of the appendix shows the distribution of propensity score for treated (increase the use of any digital)
and untreated groups. Table B7 and Table B8 of Appendix B compare the differences across variables between treated
and untreated groups for the original (unbalanced) and the balanced sample matched through PSM.

18We follow the Mahalanobis nearest-neighbor algorithm implemented in STATA where the distance between the
covariates of individuals i and j is {(xi − xj)

′
S−1 (xi − xj)}12, with the variance-covariance matrix of the covariates

in the sample as the weighting matrix S.
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the bottom quintile of technology readiness (i.e. firms that were rarely adopting any digital tech-

nology) were significantly less likely to adjust and were harder hit by the shock (controlling for

observable characteristics such as size, sector, region, and management quality).

Our results suggest that an important additional benefit from upgrading technology might be

an increase in the resilience of businesses to shocks. Given the increasing interest by government

agencies in implementing technology upgrading programs to support digitization, it is important

to emphasize this additional benefit in order to increase the incentives to upgrade and maximize

program take up.
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Supplementary materials

Appendix A - Data referred to in Section 2

A1. General business functions in the FAT survey

Figure A1 lists the general business functions included in FAT and the technologies associ-

ated with them. The General Business Support Functions (GBFs) are commonly available across

all firms and are therefore comparable across firms, sectors, and countries. The GBFs are: 1)

Business Administration; 2) Production Planning; 3) Sourcing and Procurement; 4) Marketing and

Customer Information; 5) Sales; 6) Methods of Payment; and 7) Quality Control. The technologies

associated with each business function follow a ladder of sophistication that goes from the most

basic to the most sophisticated level. This ranking was developed in consultation with several

sector experts.19

1. Administration (HR 
processes, Finance, 

Accounting)

Handwritten 
processes

Computers with 
standard 

software (e.g.
Excel)

Mobile Apps 
or Digital 
platforms

Computers with 
specialized installed 

software

Enterprise 
Resource Planning 
(ERP) or equivalent 

software 
integrated with 

other back-office 
functions

2. Production or 
service operations 

planning

Handwritten 
processes

Computers 
with standard 

software

Mobile Apps 
or digital 
platforms

Specialized software 
for demand planning, 

demand forecast

Enterprise Resource 
Planning (ERP) or 

equivalent software 
integrated with 

other back-office 
functions

3. Sourcing and 
Procurement

Manual search of 
suppliers, without 

centralized 
database.

Computers with 
standard software

Online social 
media, specialized 

Apps or digital 
platforms

Supplier Relation 
Management 

(SRM) not 
integrated with 

production 
planning

Supplier Relation 
Management 

(SRM) integrated 
with production 

planning

4. Marketing/ 
Costumer 

information

Informal chat 
(face-to-face)

Online chat 
(e.g., 

WhatsApp or 
Internet)

Structured 
costumer 
surveys

Costumer 
Relationship 
Management 

(CRM) 
software

Big data 
analytics / 
Artificial 

intelligence

5. Sales

Direct sales at 
the 

establishment

Direct sales by 
phone or e-

mail

Sales through 
social media 
platforms or 

apps

Online sales using 
external digital 
platforms (e.g., 
Amazon, eBay, 

Alibaba)

Online sales (e-
commerce) using 
its own website

Electronic orders 
integrated to 

specialized supply 
chain management 

systems

6. Payment 
methods

Cash

Cheque, 
voucher or 
bank wire

Prepaid, credit 
or debit card

Online or 
electronic 
payment

Online through 
platform

Virtual or 
cryptocurrency

7. Quality control

Manual, visual 
or written 
processes 

without the 
support of 

digital 
technologies

Manual, visual 
or written 

processes with 
the support of 

digital 
technologies

Statistical 
process 
control

Automated 
systems for 
inspection

Figure A1: General Business Functions (GBF) Technologies in the FAT. Digital technologies are
highlighted in yellow. Light yellow boxes refers to technologies that can rely directly or indirectly
on digital (e.g., consumer surveys conducted online, email for sales, or use of credit card through
digital sales’ platforms).

19A full description of the FAT survey and the technology sophistication index we use can be found in (17).
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Technology sophistication measure (Technology readiness) The Pre-pandemic technology in-

dex used in this paper reflects the sophistication of the most widely used technology in a business

function, as described in Figure A1. Following (17), based on the experts’ assessment, we order

the technologies in each function f according to their sophistication, and assign each a rank rf ∈

1, 2, ..., Rf , from least to most advanced. Because several technologies may have the same sophis-

tication, the highest rank in a function Rf may be smaller than the number of possible technologies

Nf . We define the relative rank of a technology as r̂f =
rf−1

Rf−1
. Note that r̂f ∈ [0, 1]. The tech-

nology sophistication of business function f in firm j is a monotonic increasing function of the

relative rank of the most widely used technology of firm j in function f (r̂f,j). For example, our

baseline sophistication measure is

sf,j = 1 + 4 ∗ r̂f,j. (4)

The technology sophistication measure is scaled between 1 and 5. For example, if the firm

is mostly using a frontier technology (e.g., ERP for business administration), it takes the value

of 5, while if it is mostly using the most rudimentary technology (e.g., handwritten processes for

business administration), it takes the value of 1. The information of the average index and its dis-

tribution across quintiles, combined with the standard deviation, provided in Table 1 may provide

a good intuition of the specific technologies used by those firms. For example, the average of 1.1

for firms in Q1 with a standard deviation of 0.02 suggests that these firms are mostly relying on

manual methods to perform GBFs with little variation among them. (17) provides several robust-

ness checks to show the measure is robust to alternative plausible cardinalizations of the ordinal

rankings.

A2. The FAT and COV-BPS questionnaires

The management questions and the questions on skill of the top manager in the FAT are:

• Does this establishment provide formal incentives for workers in the form of money, gift, or

recognition to suggest and/or use better ways to produce goods or provide services? Yes/No.
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• In the year 2019, how many key performance indicators were monitored at this establish-

ment? 1-2/3-9/10+/None.

• In the year 2019, how frequently were the key performance indicators reviewed by man-

agers at this establishment? Yearly/Quarterly/Monthly/Weekly/Daily/Hourly or more fre-

quently/Never.

• In the year 2019, what best describes the time frame of production targets at this establish-

ment? Short-term/Long-term/Both/None.

• How many years of experience working in this sector does the top manager have?

• What is the highest level of education of the top manager? Primary school/Secondary

school/Complete high school/College degree/Post-grad.

• Did the top manager study abroad for more than a month? Yes/No.

• Does the CEO or top manager of this establishment have previous experience working in a

multinational or a national firm with more than 50 employees in the same sector? Yes/No.

The COV-BPS questions on sales and digital responses are:

• Change in sales: Comparing this establishment sales for the last 30 days (before this inter-

view) with the same period of 2019, did the sales increase/remain the same/decrease, and by

how much?

• Use of digital platforms: Has this establishment started using or increased the use of internet,

online social media, specialized apps, or digital platforms in response to the COVID-19

outbreak? Yes, it started/Yes, it increased/No.

• Investment in digital solutions: Has this establishment invested in any new equipment, soft-

ware or digital solution in response to COVID-19? Yes/No.

• Online sales: In the last 30 days, has the share of sales of this establishment using digital

platforms increased or decreased? Increase/Decrease/No change.
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• Home-based work: In the last 30 days, has the share of workers working from home in-

creased or decreased? Increase/Decrease/No change.

A3. Sampling frame of the FAT and COV-BPS Surveys

For both Firm-level Adoption of Technology Survey (FAT) and Business Pulse Survey (COV-

BPS), the sampling strategy was based on the latest establishment census available from national

statistical agencies or administrative business register. The sampling frame for the state of Ceará

in Brazil was the 2017 Relação Anual de Informações Sociais (RAIS) managed by the Ministry

of Economy (MoE); the 2018 Establishment Census from the General Statistical Office (GSO) for

Vietnam; and the 2016 Recensement Général des Entreprises (RGE) from the Agence Nationale

de la Statistique et de la Démographie (ANSD) in Senegal. Each database covers all registered

establishments operating in each country.

(17) drew a nationally representative sample of establishments with 5 or more employees in

agriculture, manufacturing, and services. The sample was randomly selected based on three strata:

region, size, and sector. The FAT data for the State of Ceará in Brazil, Vietnam, and Senegal were

collected between August 2019 and February 2020, and most observations were collected before

December 2019. For Ceará-Brazil, Senegal, and Vietnam, the BPS survey was implemented on a

nationally representative sub-sample of FAT data. This data was collected between April and July

2020.

The FAT-BPS data covers around 1,000 businesses both before and after the COVID-19 pan-

demic crisis. Table A1 provides the sample size of the linked FAT-COV-BPS data and the interview

periods in each country. Figure A2 shows the interview period of the COV-BPS survey in each

country and the average mobility trend as a proxy for the severity of the COVID-19 shock over

this period.

Sample size FAT COV-BPS
Brazil-Ceara 124 08/2019-12/2019 05/26/20 - 07/24/20
Senegal 464 08/2019-02/2020 04/28/20 - 05/08/20
Vietnam 475 11/2019-02/2020 06/12/20 - 07/07/20

Table A1: Sample size and interview dates for the FAT and BPS surveys.
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(a) Brazil.

-6
0

-4
0

-2
0

0

M
ob

ilit
y 

ar
ou

nd
 tr

an
si

t s
ta

tio
ns

 (b
as

el
in

e=
0)

 

01/20 04/20 07/20 10/20 01/21

BPS Average mobility around transit stations
the 30 days prior

(b) Senegal.
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(c) Vietnam.

Figure A2: Timing of the COV-BPS in the context of the COVID-19 mobility shock in each
country. We first compute the average for the daily mobility trends around transit stations across
locations in each country from Google’s COVID-19 Community Mobility Reports (19), and then
smooth the time series using 7-day moving averages. The red line shows for each date the average
of the past 30 days of this smoothed out time series.
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A4. List of less exposed and more exposed ISIC-3 sectors

ISIC-3 Code Description

011 Growing of non-perennial crops
012 Growing of perennial crops
013 Plant propagation
014 Animal production
015 Mixed farming
016 Support activities to agriculture and post-harvest crop activities
018 Hunting, trapping and related service activities
031 Fishing
161 Sawmilling and planing of wood
162 Manufacture of products of wood, cork, straw and plaiting materials
170 Manufacture of paper and paper products
201 Manufacture of basic chemicals, fertilizers and nitrogen compounds, plastics and synthetic rubber in primary forms
202 Manufacture of other chemical products
203 Manufacture of man-made fibres
210 Manufacture of pharmaceuticals, medicinal chemical and botanical products
221 Manufacture of rubber products
222 Manufacture of plastics products
239 Manufacture of non-metallic mineral products n.e.c.
242 Manufacture of basic precious and other non-ferrous metals
251 Manufacture of structural metal products, tanks, reservoirs and steam generators
259 Manufacture of other fabricated metal products; metalworking service activities
261 Manufacture of electronic components and boards
263 Manufacture of communication equipment
271 Manufacture of electric motors, generators, transformers and electricity distribution and control apparatus
273 Manufacture of wiring and wiring devices
275 Manufacture of domestic appliances
281 Manufacture of general-purpose machinery
282 Manufacture of special-purpose machinery
291 Manufacture of motor vehicles
292 Manufacture of bodies (coachwork) for motor vehicles; manufacture of trailers and semi-trailers
293 Manufacture of parts and accessories for motor vehicles
301 Building of ships and boats
310 Manufacture of furniture
331 Repair of fabricated metal products, machinery and equipment
332 Installation of industrial machinery and equipment
381 Waste collection
410 Construction of buildings
421 Construction of roads and railways
422 Construction of utility projects
429 Construction of other civil engineering projects
432 Electrical, plumbing and other construction installation activities
433 Building completion and finishing
439 Other specialized construction activities
451 Sale of motor vehicles
452 Maintenance and repair of motor vehicles
453 Sale of motor vehicle parts and accessories
454 Sale, maintenance and repair of motorcycles and related parts and accessories
464 Wholesale of household goods
465 Wholesale of machinery, equipment and supplies
466 Other specialized wholesale
472 Retail sale of food, beverages and tobacco in specialized stores
473 Retail sale of automotive fuel in specialized stores
474 Retail sale of information and communications equipment in specialized stores
475 Retail sale of other household equipment in specialized stores
478 Retail sale via stalls and markets
521 Warehousing and storage
532 Courier activities
582 Software publishing
620 Computer programming, consultancy and related activities
791 Travel agency and tour operator activities
952 Repair of personal and household goods

Table A2: ISIC-3 sectors less exposed to the COVID-19.
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ISIC-3 Code Description

101 Processing and preserving of meat
102 Processing and preserving of fish, crustaceans and molluscs
103 Processing and preserving of fruit and vegetables
105 Manufacture of dairy products
106 Manufacture of grain mill products, starches and starch products
107 Manufacture of other food products
108 Manufacture of prepared animal feeds
110 Manufacture of beverages
131 Spinning, weaving and finishing of textiles
139 Manufacture of other textiles
141 Manufacture of wearing apparel, except fur apparel
143 Manufacture of knitted and crocheted apparel
151 Tanning and dressing of leather; manufacture of luggage, handbags, saddlery and harness; dressing and dyeing of fur
152 Manufacture of footwear
181 Printing and service activities related to printing
321 Manufacture of jewellery, bijouterie and related articles
324 Manufacture of games and toys
431 Demolition and site preparation
462 Wholesale of agricultural raw materials and live animals
463 Wholesale of food, beverages and tobacco
471 Retail sale in non-specialized stores
476 Retail sale of cultural and recreation goods in specialized stores
477 Retail sale of other goods in specialized stores
492 Other land transport
501 Sea and coastal water transport
502 Inland water transport
522 Support activities for transportation
551 Short term accommodation activities
552 Camping grounds, recreational vehicle parks and trailer parks
561 Restaurants and mobile food service activities
562 Event catering and other food service activities
612 Wireless telecommunications activities

Table A3: ISIC-3 sectors more exposed to the COVID-19.
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Appendix B - Results referred to in Sections 4 and 5

(1) (2) (3) (4) (5)
Increased

use of
digital

platforms

New
investment
in digital
solutions

More
work from

home

More
online
sales

Increased
use of
digital
tech

Tech Sophistication 0.14*** 0.08*** 0.10*** 0.04 0.17***
(0.04) (0.03) (0.03) (0.03) (0.04)

Medium 0.03 0.10*** 0.04* 0.02 0.04
(0.04) (0.03) (0.02) (0.03) (0.04)

Large 0.10** 0.12*** 0.06** 0.03 0.08*
(0.05) (0.04) (0.03) (0.04) (0.05)

Age 6 to 10 -0.03 0.01 -0.00 -0.05 0.06
(0.05) (0.03) (0.03) (0.03) (0.05)

Age 11 to 15 -0.03 -0.03 -0.03 -0.05 -0.00
(0.05) (0.03) (0.03) (0.04) (0.05)

Age 16+ -0.01 0.00 -0.03 0.02 -0.02
(0.05) (0.04) (0.03) (0.04) (0.05)

Export 0.00 0.01 0.04 0.04 0.06
(0.04) (0.03) (0.03) (0.04) (0.05)

Foreign owned -0.02 -0.05 -0.02 0.04 -0.05
(0.07) (0.06) (0.05) (0.06) (0.07)

Change in mobility -0.03 -0.02 -0.03* -0.01 -0.02
(0.02) (0.02) (0.02) (0.02) (0.02)

Work experience -0.00 -0.00 -0.00 -0.00** -0.00
(0.00) (0.00) (0.00) (0.00) (0.00)

Post-graduate degree 0.16*** 0.07 0.03 -0.01 0.15***
(0.06) (0.05) (0.04) (0.04) (0.05)

Studying abroad 0.09 0.06 0.02 0.06 0.06
(0.05) (0.05) (0.04) (0.05) (0.05)

Experience in large business 0.04 0.02 0.04 0.00 0.05
(0.04) (0.03) (0.03) (0.03) (0.04)

Management Z-score 0.02 0.00 0.01 -0.01 0.00
(0.03) (0.02) (0.02) (0.02) (0.03)

Country-sector fixed effects YES YES YES YES YES
Observations 885 891 853 605 892
R-squared 0.16 0.12 0.19 0.19 0.12

Table B1: Regressions of digitalization on technology sophistication. Note: ∗ ∗ ∗p < 0.01, ∗ ∗ p <
0.05, ∗p < 0.1 Robust standard errors in parentheses. The average marginal effects of independent
variables are reported.

30



(1) (2) (3) (4) (5)
Increased

use of
digital

platforms

New
investment
in digital
solutions

More
work from

home

More
online
sales

Increased
use of
digital
tech

2 quantile 0.19*** 0.12*** 0.22*** 0.14*** 0.25***
(0.05) (0.04) (0.04) (0.05) (0.05)

3 quantile 0.32*** 0.13*** 0.22*** 0.11** 0.35***
(0.06) (0.05) (0.05) (0.05) (0.06)

4 quantile 0.29*** 0.15*** 0.24*** 0.09 0.34***
(0.06) (0.05) (0.05) (0.06) (0.07)

5 quantile 0.31*** 0.17*** 0.26*** 0.13** 0.37***
(0.07) (0.05) (0.05) (0.06) (0.07)

Medium 0.03 0.10*** 0.04* 0.02 0.04
(0.04) (0.03) (0.02) (0.03) (0.04)

Large 0.10** 0.13*** 0.06** 0.03 0.09*
(0.05) (0.04) (0.03) (0.04) (0.05)

Age 6 to 10 -0.04 0.00 -0.00 -0.06* 0.05
(0.05) (0.03) (0.03) (0.03) (0.05)

Age 11 to 15 -0.03 -0.03 -0.03 -0.04 -0.00
(0.05) (0.03) (0.03) (0.04) (0.05)

Age 16+ -0.00 0.01 -0.02 0.02 -0.02
(0.05) (0.04) (0.03) (0.05) (0.05)

Export -0.00 0.01 0.04 0.04 0.06
(0.04) (0.03) (0.03) (0.04) (0.05)

Foreign owned -0.01 -0.04 -0.01 0.05 -0.04
(0.07) (0.06) (0.04) (0.06) (0.07)

Change in mobility -0.03 -0.02 -0.03* -0.01 -0.02
(0.02) (0.02) (0.02) (0.02) (0.02)

Work experience -0.00 -0.00 -0.00 -0.00*** -0.00
(0.00) (0.00) (0.00) (0.00) (0.00)

Post-graduate degree 0.16*** 0.07 0.02 -0.01 0.14***
(0.05) (0.05) (0.04) (0.04) (0.05)

Studying abroad 0.09* 0.06 0.02 0.05 0.07
(0.05) (0.05) (0.04) (0.05) (0.05)

Experience in large business 0.05 0.03 0.04 0.01 0.06
(0.04) (0.03) (0.03) (0.03) (0.04)

Management Z-score 0.02 0.01 0.02 -0.00 0.01
(0.03) (0.02) (0.02) (0.02) (0.03)

Country-sector fixed effects YES YES YES YES YES
Observations 885 891 853 605 892
R-squared 0.18 0.12 0.23 0.20 0.14

Table B2: Regressions of digitalization on quantiles of tech sophistication. ∗ ∗ ∗p < 0.01, ∗ ∗ p <
0.05, ∗p < 0.1 Robust standard errors in parentheses. The average marginal effects of independent
variables are reported.
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(1) (2) (3) (4) (5)
Average
change

Average
change

Average
change

Average
change

Average
change

in sales
(%)

in sales
(%)

in sales
(%)

in sales
(%)

in sales
(%)

Tech Sophistication 5.38* 5.82** 6.23** 7.77** 5.38*
(2.75) (2.75) (2.72) (3.14) (2.76)

Increased use of digital platforms 6.80***
(2.34)

New investment in digital solutions 7.20**
(3.38)

More work from home 11.93***
(3.87)

More online sales 16.34***
(4.24)

Increased use of digital tech 6.60***
(2.24)

Medium 2.30 1.98 1.28 2.30 2.46
(2.68) (2.67) (2.72) (3.09) (2.65)

Large 0.85 1.34 1.12 -1.06 1.69
(3.34) (3.45) (3.50) (4.00) (3.37)

Age 6 to 10 -3.97 -4.36 -2.77 -0.28 -4.66
(3.30) (3.32) (3.38) (3.83) (3.30)

Age 11 to 15 -1.84 -2.31 -0.25 1.15 -2.59
(3.67) (3.69) (3.77) (4.19) (3.68)

Age 16+ -0.83 -1.43 0.42 2.39 -1.30
(3.65) (3.67) (3.77) (4.27) (3.68)

Export 3.90 3.53 3.54 2.18 3.19
(3.01) (2.99) (3.07) (3.70) (2.99)

Foreign owned 11.57** 11.34** 8.12* 6.81 11.27**
(4.68) (4.67) (4.76) (5.70) (4.69)

Change in mobility 4.91*** 4.86*** 5.05*** 3.92** 4.90***
(1.52) (1.55) (1.55) (1.89) (1.50)

Work experience -0.02 -0.01 -0.00 0.07 -0.01
(0.12) (0.12) (0.12) (0.15) (0.12)

Post-graduate degree 1.99 2.50 2.98 4.85 2.01
(3.74) (3.73) (3.88) (4.45) (3.70)

Studying abroad -8.14** -8.27** -6.38* -5.48 -8.27**
(3.76) (3.76) (3.85) (4.83) (3.77)

Experience in large business 2.69 2.40 2.12 2.44 2.24
(2.81) (2.81) (2.88) (3.31) (2.81)

Management Z-score 0.28 0.45 0.24 -1.60 0.47
(1.88) (1.88) (1.93) (2.29) (1.89)

Observations 885 891 853 605 892
R-squared 0.20 0.20 0.21 0.23 0.21

Table B3: Regressions of sales on digitalization and tech sophistication. ∗ ∗ ∗p < 0.01, ∗ ∗ p <
0.05, ∗p < 0.1. Robust standard errors in parentheses.
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Average
change

Average
change

Average
change

Average
change

Average
change

in sales
(%)

in sales
(%)

in sales
(%)

in sales
(%)

in sales
(%)

2 quantile 3.77 4.15 2.44 4.26 3.42
(3.79) (3.79) (3.87) (4.79) (3.81)

3 quantile 10.16** 11.13*** 8.97** 11.70** 9.91**
(4.30) (4.25) (4.32) (5.28) (4.29)

4 quantile 9.62** 10.74** 8.30* 12.17** 9.75**
(4.64) (4.68) (4.73) (5.61) (4.67)

5 quantile 11.72** 12.46** 11.15** 14.74** 11.42**
(5.10) (5.08) (5.10) (6.09) (5.12)

Increased use of digital platforms 6.27***
(2.36)

New investment in digital solutions 6.93**
(3.41)

More work from home 11.49***
(3.97)

More online sales 16.20***
(4.31)

Increased use of digital tech 6.16***
(2.26)

Medium 2.08 1.73 1.16 2.01 2.22
(2.69) (2.68) (2.74) (3.13) (2.66)

Large 0.62 1.11 1.02 -1.26 1.47
(3.36) (3.48) (3.53) (4.06) (3.40)

Age 6 to 10 -4.04 -4.40 -2.84 -0.30 -4.65
(3.32) (3.34) (3.40) (3.89) (3.31)

Age 11 to 15 -1.82 -2.30 -0.31 0.90 -2.57
(3.66) (3.69) (3.77) (4.19) (3.67)

Age 16+ -0.78 -1.37 0.34 2.31 -1.26
(3.69) (3.72) (3.81) (4.35) (3.72)

Export 3.64 3.28 3.43 1.91 2.99
(3.01) (2.99) (3.07) (3.70) (2.99)

Foreign owned 11.41** 11.14** 8.13* 6.92 11.07**
(4.65) (4.64) (4.75) (5.67) (4.67)

Change in mobility 4.91*** 4.89*** 4.97*** 3.82** 4.91***
(1.49) (1.52) (1.53) (1.83) (1.48)

Work experience -0.01 -0.01 0.01 0.09 -0.01
(0.12) (0.12) (0.12) (0.15) (0.12)

Post-graduate degree 2.07 2.55 3.25 5.35 2.14
(3.71) (3.69) (3.85) (4.41) (3.67)

Studying abroad -7.92** -8.10** -6.24 -5.49 -8.10**
(3.75) (3.73) (3.84) (4.81) (3.76)

Experience in large business 2.93 2.64 2.44 2.90 2.47
(2.80) (2.78) (2.87) (3.28) (2.79)

Management Z-score 0.34 0.53 0.34 -1.47 0.53
(1.86) (1.87) (1.92) (2.26) (1.87)

Observations 885 891 853 605 892
R-squared 0.21 0.21 0.21 0.24 0.21

Table B4: Regressions of sales on digitalization and quantiles of tech sophistication. ∗ ∗ ∗p <
0.01, ∗ ∗ p < 0.05, ∗p < 0.1 Robust standard errors in parentheses.
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(1) (2) (3) (4) (5)
Average
change

Average
change

Average
change

Average
change

Average
change

in sales
(%)

in sales
(%)

in sales
(%)

in sales
(%)

in sales
(%)

Increased use of digital platforms 7.56***
(3.03)

New investment in digital solutions 17.63***
(5.85)

More work from home 4.05
(8.84)

More online sales 4.39
(7.68)

Increased use of digital tech 7.62***
(2.82)

Country-sector fixed effects YES YES YES YES YES
Basic characteristics YES YES YES YES YES
Management YES YES YES YES YES
Observations 837 882 643 603 889

Table B5: Effects of digitalization on sales, propensity score matched sample. ∗∗∗p < 0.01, ∗∗p <
0.05, ∗p < 0.1 Robust standard errors in parentheses.
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(1) (2) (3) (4) (5)
Average
change

Average
change

Average
change

Average
change

Average
change

in sales
(%)

in sales
(%)

in sales
(%)

in sales
(%)

in sales
(%)

Increased use of digital platforms 8.68***
(2.88)

New investment in digital solutions 11.05***
(5.00)

More work from home 2.9
(7.84)

More online sales 18.28
(6.67)

Increased use of digital tech 8.77***
(2.77)

Country-sector fixed effects YES YES YES YES YES
Basic characteristics YES YES YES YES YES
Management YES YES YES YES YES
Observations 837 882 643 603 889

Table B6: Effects of digitalization on sales, nearest neighbor matched sample. ∗∗∗p < 0.01, ∗∗p <
0.05, ∗p < 0.1 Robust standard errors in parentheses.
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Figure B1: Common Support. Figure shows the extent to which distributions of propensity scores
in treatment and comparison groups overlap.
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(1) (2) (3) (4) (5)
Variable Treated Control Difference t statistic p-value

Tech Sophistication 1.95 1.64 0.31*** 8.33 0.00
Medium 0.27 0.25 0.01 0.51 0.61
Large 0.29 0.15 0.14*** 5.42 0.00
Age 6 to 10 0.25 0.20 0.05** 1.97 0.05
Age 11 to 15 0.19 0.21 -0.02 -0.92 0.36
Age 16+ 0.38 0.37 0.00 0.14 0.89
Export 0.26 0.17 0.08*** 3.35 0.00
Foreign Owned 0.14 0.10 0.04* 1.95 0.05
Change in mobility -32.84 -34.67 1.83 1.24 0.22
Work experience 18.35 17.64 0.72 1.03 0.30
Post-graduate degree 0.16 0.06 0.10*** 5.27 0.00
Studying abroad 0.24 0.14 0.10*** 4.02 0.00
Experience in large business 0.33 0.21 0.12*** 4.47 0.00
Management Z-score 0.21 0.05 0.17*** 4.19 0.00
Senegal Agriculture 0.05 0.12 -0.07*** -3.95 0.00
Vietnam Agriculture 0.06 0.07 -0.01 -0.69 0.49
Brazil Manufacturing less exposed 0.02 0.00 0.01** 2.11 0.04
Senegal Manufacturing less exposed 0.04 0.04 -0.01 -0.75 0.45
Vietnam Manufacturing less exposed 0.12 0.12 0.00 -0.19 0.85
Brazil Manufacturing more exposed 0.06 0.01 0.05*** 4.02 0.00
Senegal Manufacturing more exposed 0.08 0.10 -0.02 -0.98 0.33
Vietnam Manufacturing more exposed 0.06 0.07 -0.01 -0.62 0.54
Brazil Services less exposed 0.02 0.02 0.01 0.97 0.33
Senegal Services less exposed 0.17 0.14 0.02 1.00 0.32
Vietnam Services less exposed 0.19 0.16 0.03 1.23 0.22
Brazil Services more exposed 0.00 0.01 0.00 -0.31 0.76
Senegal Services more exposed 0.06 0.08 -0.02 -1.06 0.29
Vietnam Services more exposed 0.06 0.04 0.02 1.47 0.14

Table B7: Unbalanced Covariate Differences between Treated and Control Group. ∗ ∗ ∗p <
0.01, ∗ ∗ p < 0.05, ∗p < 0.1 Robust standard errors in parentheses. Treatment group is the firms
that increased use of digital technology.
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(1) (2) (3) (4) (5)
Variable Treated Control Difference t

statistic
p-value

Tech Sophistication 1.90 1.89 0.01 0.29 0.77
Medium 0.27 0.25 0.02 0.55 0.58
Large 0.26 0.24 0.02 0.64 0.52
Age 6 to 10 0.25 0.28 -0.03 -0.94 0.35
Age 11 to 15 0.19 0.22 -0.03 -0.94 0.35
Age 16+ 0.36 0.26 0.09*** 2.93 0.00
Export 0.26 0.20 0.06** 2.07 0.04
Foreign Owned 0.13 0.14 -0.01 -0.41 0.68
Change in mobility -30.73 -28.38 -2.35 -1.42 0.16
Work experience 17.83 16.49 1.34* 1.85 0.07
Post-graduate degree 0.16 0.15 0.01 0.58 0.57
Studying abroad 0.22 0.21 0.01 0.34 0.74
Experience in large business 0.31 0.30 0.01 0.45 0.65
Management Z-score 0.20 0.15 0.05 1.03 0.30
Senegal Agriculture 0.06 0.04 0.01 0.80 0.42
Vietnam Agriculture 0.06 0.07 -0.01 -0.42 0.68
Brazil Manufacturing less exposed 0.02 0.03 -0.01 -0.70 0.49
Senegal Manufacturing less exposed 0.04 0.02 0.01 1.01 0.31
Vietnam Manufacturing less exposed 0.11 0.11 0.01 0.44 0.66
Brazil Manufacturing more exposed 0.06 0.07 -0.01 -0.55 0.58
Senegal Manufacturing more exposed 0.08 0.06 0.01 0.80 0.42
Vietnam Manufacturing more exposed 0.06 0.06 0.00 0.00 1.00
Brazil Services less exposed 0.03 0.01 0.02 2.16 0.03
Senegal Services less exposed 0.15 0.15 0.00 0.19 0.85
Vietnam Services less exposed 0.21 0.24 -0.03 -1.16 0.25
Brazil Services more exposed 0.00 0.01 0.00 -0.82 0.41
Senegal Services more exposed 0.05 0.05 0.00 0.00 1.00
Vietnam Services more exposed 0.06 0.08 -0.02 -0.93 0.35

Table B8: PSM Balanced Covariate Differences between Treated and Control Group. ∗ ∗ ∗p <
0.01, ∗ ∗ p < 0.05, ∗p < 0.1 Robust standard errors in parentheses. Treatment group is the firms
that increased use of digital technology.

38


	Introduction
	Description of the data
	The FAT data
	The COV-BPS data
	The severity of the COVID-19 shock
	Descriptive statistics

	Empirical strategy
	Estimation results: indirect and direct effects of technology sophistication
	Robustness checks
	The treatment effect under different mediators
	Matching estimations for the indirect effect

	Concluding remarks



