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Abstract

Expanding market access via digital technologies is seen as a key pathway for
growth, yet adoption remains low among small enterprises. We investigate barri-
ers to entry through two randomized experiments in the country of Georgia. We
find that a ”supply-side” training intervention failed to increase digital participa-
tion, despite high initial interest. On the other hand, a ”demand-side” conditional
purchase order increased market access by 26 percentage points, while a payment
six times larger generated only a modest additional increase. We find no com-
plementarity between training and demand incentives. Together our results high-
light demand-side incentives as a cost-effective policy to kickstart adoption, while
demonstrating that the remaining barriers to growth are behavioral and organiza-
tional frictions rather than simple skill or capital deficits.
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1 Introduction

Well-functioning markets are the foundation of a successful economy. They enable

firms to specialize, compete, and learn from one another, while giving consumers ac-

cess to a wider variety of goods at lower prices. The internet has accelerated this

process by sharply reducing search frictions for buyers and sellers in both domes-

tic and international markets. Yet many small businesses remain offline and unable

to seize these opportunities. Their limited use of digital tools decreases competition,

keeps them from reaching new customers, and slows the spread of ideas and practices

across firms.

Recognizing these constraints, policymakers increasingly view expanding market

access for small firms through digital technologies as a key pathway to raising growth

and productivity (World Bank, 2016). Traditional approaches have largely focused on

the “supply-side”– such as training programs, subsidies for internet, and consulting

designed to improve firms’ capabilities (McKenzie and Woodruff, 2014, Anderson and

McKenzie, 2022, Cusolito et al., 2023) . More recent work has turned to “demand-side”

approaches that aim to stimulate business growth by creating new market opportuni-

ties, such as facilitating connections with large buyers or brokering significant orders

(Atkin et al., 2017, Alfaro-Urena et al., 2022). Which of these two strategies is more

effective? Might combining supply-side and demand-side interventions prove better

than either approach on its own?

Answering these questions is challenging. It requires data on firms digital capa-

bilities and performance as well as plausibly exogenous variation in the costs and/or

benefits of accessing digital markets. To make progress on these questions we imple-

ment two randomized experiments in the country of Georgia with the Georgia Innova-

tion and Technology Agency (GITA), under the Ministry of Economy and Sustainable

Development. In the first experiment we try to address a lack of technical know-how

through a “supply-side” approach, by providing in-person training for small firms

(∼2.5 employees on average) on how to access digital markets by listing their business

on existing platforms. In the second experiment we test a “demand-side” approach,
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by contacting eligible firms and informing them that we would place a sizable order

with them if we were able to do it through an online platform. A subset of our sam-

ple is included in both experiments, giving us the opportunity to test the interaction

of supply- and demand-side support. We develop a simple theoretical framework to

help guide our interpretation of results.

We find that the “supply-side” approach does not increase participation in digi-

tal markets. Only about half of firms participated in the training (despite showing

initial interest by signing up for the course), and even for those that took up the train-

ing, their use of digital commerce strategies in their business did not increase relative

to a control group. On the other hand, we find significant impacts on participation

in digital markets using the “demand-side” approach. About a quarter of firms that

were told about the conditional order responded by making their product or service

available to be purchased online within 2 weeks. This proportion varies from 0.56

to 0.10 based on pre-specified groups organized by self-reported openness to digital

commerce. These results show that supply-side constraints cannot explain low uti-

lization of e-commerce in settings like ours, and that demand-side interventions could

successfully prompt technology adoption.

We test two forms of the conditional demand shock: a “low” offer valued at ap-

proximately $130 and a “high” offer valued at $780. The high offer is large enough to

serve as a plausible “arbitrage opportunity”. A good manager could likely outsource

this task and still profit from it. Despite this, the high offer generates only a slightly

higher response, and is statistically indistinguishable from the lower offer. In the con-

text of our theoretical framework, this lack of price sensitivity allows us to rule out

simple financial fixed costs as the primary binding constraint for non-adopters. The

success of the low offer indicates that for a large share of firms, the intervention was

sufficient to both cover the initial costs of getting online and overcome behavioral in-

ertia via the deadline. The limited marginal impact of the larger incentive implies that

for the remaining firms, the binding constraints are structural organizational frictions

- such as managerial bandwidth - that cannot be resolved simply by increasing the
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financial incentives.

We also consider the potential interaction effect of the training and conditional

demand shock. If the training brought down the cost of getting online for firms, we

would expect that they should be more likely to respond to the demand shock. We find

limited evidence of an interaction effect, with our highest powered test generating a

point estimate of 0.02, which is one tenth the size of the main effect. If one reason why

firms didn’t take advantage of the demand shock is because they thought it would

be too complicated, the training should have made clear that this isn’t a particularly

sophisticated process, making it more likely they would do it or hire someone to do

it. Hence the lack of an interaction effect provides further evidence for organizational

and managerial capacity constraints. However, the standard errors on the interaction

effects are large making it difficult for us to rule out large responses.

We returned to the sample three years later to assess the longer-term impacts of

the interventions. It is possible that it takes longer for the impacts of the training to

manifest in businesses, and that the impact of the one-time demand shock attenuates

over time. We find no evidence that the training changed firm outcomes in the long

term. The point estimate on an index of engagement in digital markets is negative

and not statistically significant. Furthermore we see a much smaller impact of the

demand shock on the ability to purchase goods from the businesses in our sample

online. One reason why the impact dissipates is because the control group is “catching

up”. Among the high propensity group of firms, while none of the control group firms

were online ready at the time of the first follow up, 35% of them were by the time of

our second follow up. The treatment group is still 7.5 percentage points higher, but

this difference is not statistically significant. We continue to see no complementary

effect between supply- and demand-side support in the longer term.

Overall, these results suggest that increasing e-commerce utilization continues to

be a challenge, even after an extended period in which online offerings were consid-

ered to gain in importance due to the COVID-19 pandemic. Many firms that expressed

interest and were trained did not follow through in expanding their online offerings.
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On the other hand, direct and time-limited incentives prove to be more effective, and

in turn a more cost-effective option for increasing firm engagement with digital mar-

kets. Future work may consider different strategies to optimize the effectiveness of

demand-side interventions, including spacing out smaller demand shocks over time

to keep firms from backsliding.

Many papers analyze technology adoption and firm capabilities in low- and middle-

income settings, where low take-up of productivity-enhancing practices is often at-

tributed to deficits in skills, information, or capital and where training-based approaches

are a common policy response (Verhoogen, 2023, McKenzie and Woodruff, 2014, Cou-

ture et al., 2021, Anderson and McKenzie, 2022, Cusolito et al., 2023, Wiles and Houeix,

2025).1 A key challenge in this literature is separating capability constraints from in-

centives: firms may fail to adopt not because they cannot, but because the expected

returns are too uncertain, too delayed, or too small relative to organizational band-

width. Our two-experiment design provides clean experimental variation in both the

cost side (training) and the benefit side (a time-limited, conditional order) of going

online. The pattern of results points to demand and organizational frictions (Atkin

et al., 2017, Kremer et al., 2019) as first-order barriers to e-commerce participation in

this context, rather than a lack of basic technical know-how.

This work also contributes to the small literature on the impact of demand-side

interventions for firms. Atkin et al. (2017) connect rug producers in Egypt to buyers

in foreign markets and find evidence of learning by exporting, resulting in increased

profits and productivity. Ferraz et al. (2015) consider the impacts of winning a govern-

ment procurement contract in Brazil and find that it leads to additional firm growth.

Hardy and Kagy (2018), provide orders to small clothing firms in Ghana, and find

demand constraints bind, especially for women-run firms. We contribute to this lit-

erature by testing whether a conditional demand intervention can lead to increases in

take-up of e-commerce activity for businesses and to use the randomized “dose” of the

offer to learn about mechanisms. Quinn and Woodruff (2019) and Jayachandran (2020)

1A related paper with a different focus is Couture et al. (2021) who assess the impact of a program that
worked to expand access to e-commerce for rural consumers in China.
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provide recent reviews of interventions meant to help small firms. Neither discusses

adoption of e-commerce, showcasing the lack of evidence on this issue.

Finally, McKenzie et al. (2023) have closely related work. They consider a train-

ing vs. pay-for-performance design to encourage firms to adopt digital marketing for

their business in Egypt. Their work differs from ours in a few ways. First, they fo-

cus primarily on getting firms to utilize Facebook business pages and to utilize paid

advertising for their businesses, as opposed to providing training to encourage use of

digital platforms. Second, they compare training to a pay-for-performance arm that

is quite different from our demand-shock arm. The pay-for-performance arm guar-

antees firms specific payments if they create a Facebook page for their business, and

payments for them when they engage in advertising for their business. Their pay-for-

performance arm also provides people with an informational booklet to overcome any

information constraints related to implementation of the digital marketing activities.

Our demand shock does not provide any information and requires the firms to figure

things out on their own. It also does not provide payments for getting online, only the

promise to place an order if they are successfully e-commerce capable.

2 Local Context and Interventions

2.1 Local Context

Since 2007, there has been a significant expansion in broadband infrastructure in Geor-

gia as part of an ambitious strategy of the government to maximize the country’s pro-

ductivity, innovation and growth potential by creating an entrepreneurial and knowledge-

based economy. The Georgia National Innovation Ecosystem (GeNIE) project, sup-

ported by the World Bank Group, complemented this broadband expansion by train-

ing individuals and firms in Georgia to ensure that the significant investments in

broadband infrastructure could be productively used. The project activities were de-

livered through the Georgia Innovation and Technology Agency (GITA).

Using 2018 survey data on 2,180 small businesses outside of Tbilisi, formative work
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for this study (described in Apedo-Amah et al. (2020)) highlights the disconnect be-

tween firm access to broadband internet and their utilization of internet for business

purposes. While 91% of firms in the study sample had internet access for home or

business use and 60% of respondents had their own email address, very few firms

translated this into meaningful activities in digital markets. Only 4% of firms had a

business email, 3% had a website, and 2% used an e-commerce platform (although a

Facebook business page was more common at 11%). Only 6% of all firms had ever

received orders for their goods or services online.

Within this context, GITA delivered tailored training to firms outside of Tbilisi

aimed at increasing take-up of broadband internet, and helping firms make better use

of existing digital tools, establish an online business presence through existing plat-

forms and engage in online retail.

2.2 Interventions

Supply-side Intervention. Drawing from the formative research described in Apedo-

Amah et al. (2020), GITA offered a 3-day face-to-face training on the basics of digital

markets as a way to address supply-side constraints to online business activity. This

was delivered between May and November 2019. The training covered: (Day 1) How

to use Google, Facebook, Instagram and TripAdvisor to increase the visibility of your

business; (Day 2) How to understand customers’ profiles, and how to register in e-

commerce platforms to increase sales (such as Booking.com, Airbnb, hotels.com and

other local platforms) and; (Day 3) How to develop a business model, access financial

opportunities and grants, and participate in public procurement opportunities. The

intervention was initially delivered to small groups of three to five businesses. For

firms that could not attend at the designated times, GITA provided individual training

at their business premises. The average cost of the training was approximately $ 130

per business.

Demand-side Intervention. The demand shock was delivered from March to May

2022 by a local implementing partner (the Caucasus Research Resource Centers, or
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CRRC). First, eligible firms were contacted by phone and told that CRRC would like

to order their goods or services, with the condition that it would have to be done

online. Firms were given two weeks to ensure they had an online business profile that

included, at a minimum, their business name, logo, description of their goods and

services (including photos and/or videos), contact information for how to make an

order, and an option for review feedback on the site. Once the site was in place, CRRC

would place an order. Payments needed to be made by bank transfer or directly on

the website (no cash option), and the firm had to be able to deliver the product to

the CRRC offices in Tbilisi. In the case of services, this would come in the form of

a voucher. Firms were either provided a “high” or “low” demand shock offer. The

“low” demand shock offer was priced to be equivalent to the cost of the e-commerce

training ($130) and the ”high” demand shock was set at $780 - six times the size of the

“low” offer2.

3 Experimental Design, Testable Predictions & Data Col-

lection

3.1 Experimental Design

Supply-Side Experiment. In 2018 we used the Georgian Statistical Agency’s (GeoStat)

business census data to survey 567 firms from six regions of Georgia (Shida Kartli,

Kvemo Kartli, Samegrelo-Zemo Svaneti, Mtskheta-Mtianeti, Samtskhe-Javakheti, and

Kakheti) that indicated that they were interested in participating in an e-commerce

training. After the baseline, but before the training started, GITA opened an online

registration portal where an additional 291 businesses registered interest in the train-

ing. The combined 858 firms were then randomly assigned into two groups: (i) 220

firms to a pure control group and (ii) 638 firms to a treatment group receiving the train-

ing package. The treatment group sample size was chosen based on GITA’s program

2The Georgian Lari values were GEL 400 and GEL 2,400 respectively and we use the prevailing ex-
change rate of 0.325 USD:GEL at the time of the interventions.
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delivery targets.

Demand-Side Experiment. The demand experiment took place after the e-commerce

training was completed. Among the 858 firms in our original training randomization,

we considered firms that (i) completed the follow up survey in July 2021; (ii) were still

operational; and (iii) had products or services available during the planned period of

the intervention, resulting in 205 eligible firms.3 These firms were then complemented

by a top-up sample of 78 firms that met the selection criteria, but were not originally

part of the training experiment. These 283 firms were randomized into three groups:

131 were assigned to the control group, 76 to ‘low’ demand shock, and 76 to ‘high’ de-

mand shock offers. The treatment and control distribution assignment was based on

budget availability for the demand shock intervention. Randomization was stratified

by three levels of firm self-reported willingness to sell online.

3.2 Testable Predictions

We organize our empirical analysis around four conceptual predictions derived from

our framework (described more formally in the Appendix). These predictions allow

us to identify which specific barriers hinder firms from adopting digital technologies

to expand their access to markets.

The model’s first prediction speaks to the role of supply-side skills. We test whether

a lack of technical know-how is the primary barrier to adoption by examining the

impact of the training intervention. If implementation costs are binding, i.e., if lack

of basic skills holds the adoption of digital tools back, the training should lead to an

immediate increase in e-commerce participation. Beyond immediate effects, we also

consider a dynamic “sleeper effect.” Unlike the temporary demand shock, training

represents an accumulation of human capital that lowers the cost of entry over many

time periods. Therefore, even if training does not induce immediate adoption, it may

facilitate entry later as market conditions improve, whereas the temporary demand

shock would not.

3This removed firms that only sold seasonal products outside of the study period.
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Second, we examine the mechanism behind the demand-side intervention to dis-

tinguish between financial constraints and organizational inertia. To do this, we com-

pare the effects of a small guaranteed order versus a large one. If firms are held back

by high fixed costs or low expected profitability, they should be highly sensitive to the

size of the reward, and we would expect a strong dose-response relationship where

the large order induces significantly higher participation. Conversely, if firms face

organizational inertia - such as limited managerial bandwidth or behavioral procras-

tination - the deadline combined with the small guaranteed profit may be sufficient

to trigger adoption. In this view, we would expect a threshold effect where the large

and small orders generate similar adoption rates because the binding constraint is the

firm’s capacity to execute, not the financial return.

Third, we test the structure of these barriers by analyzing the interaction between

the supply- and demand-side interventions. This allows us to distinguish between

information gaps and independent constraints. If firms do not respond to demand

incentives because they overestimate the difficulty of adoption, training should reveal

the true low cost and “unlock” the demand shock. In this scenario, we would expect

positive complementarity, where the combined treatment effect is significantly larger

than the sum of its parts. However, if the binding barrier is simply organizational

inertia, providing technical training will not increase responsiveness to the demand

shock, implying that the two constraints are independent (additive).

Finally, we analyze the durability of adoption and the potential for catch-up to

interpret the long-run treatment effects. By observing firm activity after the initial

intervention ends, we can infer the nature of the induced adoption. If the demand

shock simply subsidizes entry for marginal firms solely due to the one-time profit, we

expect them to exit, or “backslide,” once that profit is realized and they face recurring

maintenance costs that exceed market benefits. Alternatively, if the intervention acts

as a catalyst for capable firms, we expect the treatment group to persist in the market.

In this case, the estimated treatment effect may still narrow over time, but due to catch-

up: as market benefits rise, the control group eventually adopts on their own.
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3.3 Data Collection, Outcomes and Baseline Balance

Data collection. The study includes three surveys, all conducted by phone with busi-

ness owners. The first survey was conducted in 2018 among 2,145 firms where 567

of these firms expressed interest in the training intervention. This provides a baseline

for the training intervention. A second survey of the same firms surveyed at baseline,

including the top-up sample of 291 firms that registered for the training intervention

after the baseline was conducted in July 2021. This survey included 656 firms that

were part of the training intervention, acting as both a short-term follow up for the

training intervention, and as a baseline for the demand-shock intervention. Finally,

a longer-term follow up survey of 616 firms was conducted in March 2025. Attrition

was balanced between treatment and control groups in both follow up surveys.4 These

surveys were complemented by implementation monitoring data to measure training

participation and demand-shock take up.

Outcomes. The three surveys measured basic firm characteristics (e.g., owner gen-

der, number of employees, etc), investment in information and communication tech-

nologies (access to computers and high speed internet), and various measures of e-

commerce engagement. To limit the potential of false positives from multiple hypoth-

esis testing, we compute an index of engagement with digital markets (e-commerce

index). This differs slightly in composition between the 2021 and 2025 surveys due

to changes in the questionnaire over time to capture longer-term e-commerce engage-

ments. The 2021 e-commerce index comprises the following: whether the firm sells

online, if they use computers in business operations, if they use the internet for busi-

ness, if the firm has an “adequate” internet connection, whether they have Facebook

or have used an e-commerce platform, have a business website, email, engage in on-

line banking and whether the firm conducts online marketing or delivers products by

mail. The 2025 index includes whether the firm provides information on their website,

4Appendix Table A1 confirms that response rates among the 858 firms in the study were statistically
equivalent (77% in treatment and 76% in the control) during the 2021 survey, while Appendix Tables
A2 and A3 confirm attrition balance in the 2025 survey respectively for the training intervention (71%
in treatment and 74% in the control) and demand shock (84% in treatment and 86% in the control).
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customers can order on their website, if they have a Facebook or Instagram page, busi-

ness email, website, number of computers, and whether the firm uses online banking.

The index is standardized to have mean of 0 and standard deviation of 1.

Firm Characteristics and Randomization Balance. Table 1 reports the baseline

characteristics of the firms included in both the supply and demand experiments.

Slightly over a third (37%) of firms in the supply experiment were owned by a woman

with 5.6 employees on average. About half of these businesses used computers. Dig-

ital engagement was predominantly driven by the use of online banking (30%) and

owning a business email (20%), but there was little evidence of more substantive dig-

ital participation: One in ten firms used Facebook with only 2% participating in some

other e-commerce platform, and 3% of firms had a business website. In comparison,

the sample included in the demand experiment was smaller (3.3 employees) and more

digitally engaged (65% used a computer for business, half owned a business email,

and a quarter used Facebook). The sub-sample of 205 firms that was included in both

experiments closely resembled the full demand-shock experimental sample across all

of the variables reported.

The supply experimental sample is balanced across all reported measures at base-

line (see Appendix Table A4) with a joint significance F-test p-value = 0.794. The de-

mand experimental sample is also broadly balanced with a joint significance F-test

p-value = 0.206 (Appendix Table A5); however some individual variable imbalances

are worth noting. The control group is approximately 17 p.p. less likely to use online

banking and 15 p.p. less likely to have a business email. Finally, we look at the base-

line balance for the subsample of firms that were included in both experiments and

the results do not differ from the full samples (see Appendix Tables A6 and A7).
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Table 1. Baseline Descriptive Statistics by Sample

(1) (2) (3)
Training Demand Both

Variable Mean Mean Mean

Female owner 0.377 0.415 0.430
Number of employees 5.642 3.312 3.156
Computers are used in the firm 0.482 0.654 0.605
Has a Facebook page 0.097 0.255 0.213
Has a website 0.027 0.047 0.045
Has used e-platforms for business 0.019 0.091 0.095
Has a business email 0.199 0.502 0.446
Used online banking in the past 12m 0.296 0.359 0.333
Has received online order 0.063 0.011 0.015

p-value for joint test of balance (T vs C) 0.866 0.157 0.731
N (Full Sample) 858 283 205
N of obs with baseline 567 283 145
N of obs without baseline 291 0 60

Notes: Column (1)-(3) show baseline characteristics for firms participating in the supply experiment,
demand experiment and both, respectively. Appendix Tables A4 - A7 show the difference between treat-
ment and control for each individual variable in each sample. For the joint test we report the p-value
from a regression of a binary treatment variable on baseline covariates, using randomization inference.
For regressions that include only those that were in both experiments we use the data collected in July
2021 (directly before the demand shock intervention) as the “baseline” for that analysis. Female owner
takes a value of 1 when the owner is female, or when the business is co-owned with at least one female
owner.
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4 Results

Empirical Strategy & Results

To estimate the (short- and longer-term) impacts of randomly assigning small busi-

nesses to the training program, we use the following reduced-form specification:

yi = α + β · Ti + σs + X0PDL + εi (1)

where y is the outcome of interest for business i, Ti is the dummy variable that takes

the value one if business i is assigned to treatment and zero otherwise, σs is a vector

of strata dummies (municipalities), and εi is the error term. To increase precision and

deal with any baseline imbalances, we use the “Post-Double Selection Lasso” method

from Belloni et al. (2014) to select a vector of covariates X0PDL most correlated with

the outcomes of interest.5 Due to imperfect compliance to the treatment, the parame-

ter of interest, β, measures the intention-to-treat (ITT), i.e. the average effect of being

assigned to the treatment. We run the regressions on the 2021 and 2025 samples sepa-

rately to see how treatment effects differ over time.

To estimate the impacts of the demand shock, we use two specifications. The first

pools both treatments to maximize statistical power. The specification is identical to

eq.(1) except that the ITT identifies the average effects of randomly assigning busi-

nesses to receive online orders. To assess whether the impact of the demand shock

varied with the size of the online orders firms received, we split the treatment in low

and high intensity as per the study design. As with the ITT estimates of the training,

we run the regressions on the 2021 and 2025 samples separately due to the unbalanced

panel.

yi = α + βL · TL + βS · TS + σs + X0PDL + εi (2)
5The Post-Double Selection Lasso method identifies covariates that help predict both the treatment
assignment and the outcome variable. For a recent review on the application of PDS Lasso on field ex-
periments, see Cilliers et al. (2024). Our samples are balanced across experimental groups and attrition
except along one dimension in the demand side experiment: those in control are more likely to have
participated in the training. The lasso helps control for this imbalance.
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where TL is a dummy variable that takes the value one if a business was randomly

assigned to receive a large demand shock, whereas TS takes the value one if a business

was randomly assigned to receive a small demand shock. The parameters βL and βS

measure the ITT effects of each treatment respectively. We stratified the sample into

”high-propensity”, ”medium-propensity” and ”low-propensity” firms referring to the

ex-ante likelihood that they would take up the intervention. High-propensity firms

are those that already indicated that they would like to participate in e-commerce and

already had some sort of online profile. Medium-propensity firms are those that indi-

cated interest in participating in e-commerce but did not yet have an online presence.

Low-propensity firms are those that reported they were not interested in participating

in e-commerce. These groupings were based on responses from the training follow up

survey which was conducted in 2021, prior to the demand shock intervention.

4.1 Supply Experiment Impacts

First, we use the follow up data collected in 2021 to estimate the short-term ITT ef-

fects of the training. The proportion of firms that attended the training intervention is

shown in Table 2. Of the firms randomly assigned to be offered the training, we see

that only 56% actually participate. This coefficient is precisely estimated, providing

a strong first-stage (p-value < 0.001), but also highlights the limited demand for the

training, even among firms that had initially expressed interest.

Next we estimate impacts on two outcomes of interest: the e-commerce index that

captures firms’ online presence, and firm size (number of employees) which is a mea-

sure of firm performance. For both, the ITT estimates are small and statistically in-

significant, suggesting that the training did little to encourage firms to engage with

digital markets and to impact firm outcomes. Appendix Table A8 shows the results

from each of the indicators making up the e-commerce index, showing no impact

across any of the individual outcomes measured.

The fourth column of Table 2 shows the longer-term ITT effects of the training in-

tervention using the 2025 endline data, approximately 4 years later. We see similar
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Table 2. Supply Experiment: Short- and Long-term Effects

Short Term (July 2021) Long Term (March 2025)

(1) (2) (3) (4)
Outcomes Control Treatment Control Treatment
Training attended 0.000 0.559*** 0.000 0.563***

(0.022) (0.023)
E-commerce index -0.000 -0.163 0.000 -0.074

(0.101) (0.090)
Number of employees 2.692 0.328 2.607 0.095

(0.378) (0.445)
Online revenue share (%) 5.013 -1.159 4.325 -0.354

(1.608) (1.349)
Observations 656 616
F-test (P-value) 0.860 0.771

Notes: E-commerce index is constructed by standardizing all e-commerce variables (excluding attended
training) reported on in Appendix Tables A8 (2021) and A9 (2025) to have mean 0 and standard devi-
ation 1. Missing values for intervention firms are replaced with 0. The index is calculated as the sum
of all standardized component variables, with higher values indicating greater e-commerce adoption.
Controls selected by Post-Double Selection Lasso. Standard errors in parentheses * p < 0.10, ** p < 0.05,
*** p < 0.01

results, with no observable effects for either the e-commerce index or number of em-

ployees.6 While we were not able to collect data on revenue directly we did ask about

the share of revenue that comes from online sources.7 We estimate a similar impact on

take-up of the training, but again find no evidence of a positive effect of the training.

Overall, these results indicate that the supply-side intervention had no meaningful

impact on small businesses’ technology adoption and business performance.

4.2 Demand Experiment Impacts

We now turn to the impacts of the demand shock. The short-term results are shown

in the top panel of Table 3. The first column presents the results when both treatment

groups are combined, whereas column 2 shows the results for each treatment group

individually. The ITT estimates of the combined treatment point to a 26 percentage

6Appendix Table A9 presents the regression results for each indicator making up the e-commerce index,
with no impacts identified across the board.
7We thought firms would be hesitant to report information about revenues over the phone and so did
not ask a question during the earlier survey rounds. We attempted to collect data on revenue during
the March 2025 round but found that over 60% of firms refused to report any revenue to us, so we do
not analyze this variable.
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point (p.p) increase in the likelihood that a firm is selling online (p-value < 0.001). The

small and large shocks lead to an increase in online sales between 22 p.p. (p-value <

0.001) and 30 p.p. (p-value < 0.001), respectively. The difference between the small

and large demand shocks is not significant and illustrates the diminishing returns to

increases in the size of the incentive.

Table 3. Demand Experiment: Short- and Long-term Effects

Panel A: Short-term Results (April 2022)

Dependent Variable: Full sample Propensity of selling online:
Goods/Services Listed Online =1 High Medium Low

(1) (2) (3) (4) (5) (6) (7) (8)

Treatment (Both) 0.256*** 0.556*** 0.310*** 0.096***
(0.035) (0.084) (0.062) (0.034)

Treatment (Small shock) 0.219*** 0.557*** 0.276*** 0.067*
(0.046) (0.120) (0.085) (0.038)

Treatment (Large shock) 0.301*** 0.649*** 0.345*** 0.127**
(0.053) (0.125) (0.090) (0.063)

Control group mean 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
N 283 283 54 54 87 87 141 141
p-value for T1 = T2 0.249 0.582 0.579 0.436

Panel B: Long-term Results (March 2025)

Dependent Variable: Full sample Propensity of selling online:
Sold Goods/Services Online =1 High Medium Low

(1) (2) (3) (4) (5) (6) (7) (8)

Treatment (Both) 0.018 0.074 -0.098 0.041
(0.045) (0.137) (0.097) (0.049)

Treatment (Small shock) 0.015 0.079 -0.116 -0.019
(0.051) (0.169) (0.108) (0.046)

Treatment (Large shock) 0.028 0.100 -0.083 0.104
(0.057) (0.148) (0.108) (0.079)

Control group mean 0.127 0.127 0.353 0.353 0.190 0.190 0.056 0.056
N 237 237 44 44 69 69 124 124
p-value for T1 = T2 0.830 0.892 0.723 0.140

Notes: Panel A shows short-term effects from April 2022 based on monitoring records when imple-
menting the demand intervention. Panel B shows long-term effects using the endline survey conducted
in March 2025. The dependent variable Sells Good/Service Online takes the value 1 if purchase was
made from the firm (Panel A) or if the firm reported receiving online orders in the 12 months prior to
survey (Panel B). Controls selected by Post-Double Selection Lasso. Standard errors in parentheses. *
p < 0.10, ** p < 0.05, *** p < 0.01

In the second block of results (columns 3 - 8) we split the sample into three groups

of firms based on their self-reported propensity to sell online, which we stratified the
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randomization on. The ITT estimates steadily increase based on these groups. We ob-

serve a 56 p.p. (p-value < 0.001) increase in online presence for high-propensity firms,

31 p.p. (p-value < 0.001) for medium-propensity firms, and 10 p.p (p-value = 0.006)

for low-propensity firms. The pattern of diminishing returns to demand shock size

hold in all three sub-groups. This finding highlights a possible bimodal distribution

with a majority of firms facing a particularly high level of non-monetary constraints to

going online i.e. some combination of behavioral frictions (procrastination) and man-

agerial bandwidth limitations. Together these results imply that conditional demand

intervention shifted a large pool of small firms to invest in their capability to sell their

goods and services online, but that many others continue to face frictions in getting

online.

To assess whether these are sustained or short-lived effects, we estimate longer-

term effects using the 2025 survey data. The results are shown in the bottom panel of

Table 3. In Panel A (short-term impacts) our outcome is a binary indicator for whether

it was possible for our team to find the business online and place an order. For Panel

B (long-term impacts) we ask firms if they are selling their goods and services online

at the time of the 2025 survey.

The longer-term ITT effects point to diminished effects overall, with small and in-

significant point estimates throughout. We can use the control group trend to unpack

whether this may be due to a control group “catch up” or a lack of treatment group

follow through in online investments. In 2021 none of the control group firms were

able to sell online. In 2025 we observe 13 percent of the control selling online, high-

lighting the overall trend towards firms engaging more in digital marketplaces over

time. When breaking this up between “high”, “medium” and “low” propensity firms,

we see that high propensity firms in the control group increase online selling the most

(35%) while 19% of medium and 6% of low propensity firms are selling online by 2025,

highlighting the strong relationship between our baseline measure of online readiness

and subsequent investment. These increases in the control group investments close

the gap completely with treatment firms, and, in the case of the medium propensity
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group, the negative treatment coefficient suggests that the demand shock push to have

borderline firms invest online earlier than they otherwise may have induced a subse-

quent backsliding, inhibiting long term online engagement.

4.3 Complementary Effects

As discussed in Section 3.1 above, our demand experiment included firms that were

also part of our supply experiment. Although the demand and supply experiments

were done at different times, this still gives us a sample that mimics a 2x2 factorial

design, with some firms randomly receiving training, others receiving the demand

shock, as well as a group receiving both or neither of these interventions.

With these experimental groups we can test for a potential interaction effect be-

tween the supply and demand interventions. This allows us to assess whether the

barriers to engaging in digital markets can be reduced through a combined approach.

It is natural to consider that supply and demand may need to improve in tandem so

that neither inhibits the other. Intuitively, the training could be less effective if there

is no online demand that induces the firm to use the skills they gained. Similarly, the

demand shock could be less effective if the firm does not already have the necessary

skills to take advantage of the opportunity, or if they think it is too difficult/costly to

outsource. It stands to reason that combining the two together could be more effective

than either on its own, similar in spirit to the classic O-ring theory of development

(Kremer, 1993).

Table 4 shows the effects of the supply, demand and the combination of interven-

tions on whether the firm is selling online. In the first column we see that the training

has a limited effect, while the demand shock has a strong positive effect, as described

earlier. The interaction point estimate is 0.018 (p-value = 0.849), suggesting limited

complementarity between the two. Similarly, in the long term we see limited impacts

across all interventions and a small and statistically insignificant negative point esti-

mate in the interaction.

Unfortunately our standard errors are relatively large as we break down the sam-
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Table 4. Demand and Supply Complementarities

Short-term (April 2022) Long-term (March 2025)

Dependent Variable: Selling Goods/Services Online =1 (1) (2) (3) (4)

Training 0.014 0.055
(0.027) (0.076)

Treatment (Both) 0.231*** 0.109
(0.081) (0.097)

Treatment (Both) * Training 0.018 -0.065
(0.097) (0.111)

Treatment (Small shock) 0.176 0.106
(0.109) (0.120)

Treatment (Small shock) * Training 0.060 -0.094
(0.127) (0.134)

Treatment (Large shock) 0.259** 0.112
(0.107) (0.114)

Treatment (Large shock) * Training 0.004 -0.030
(0.130) (0.143)

Control group mean 0.000 0.000 0.127 0.127
N 205 205 176 176

Notes: The dependent variable Sells Good/Service Online takes the value 1 if purchase was made from
the firm in the short term (based on monitoring records for the demand intervention). The dependent
variable Sells Good/Service Online takes the value 1 if firm reported receiving online orders in the 12
months prior to the 2025 endline survey. Controls selected by Post-Double Selection Lasso. Standard
errors in parentheses. p < 0.10, ** p < 0.05, *** p < 0.01
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ple into the four experimental groups. This means we cannot rule out economically

meaningful complementarities.

5 Discussion and Conclusion

We implement two experiments in Georgia to test the relative effectiveness of supply-

side vs. demand-side interventions, as well as their potential complementarity in in-

creasing firms’ engagement with digital markets. In the first experiment we provide

interested firms in-person training that guided them through the process of engag-

ing with digital marketplaces. We found that the training had no observable effect on

encouraging firms to invest in online markets.

In a second experiment we offered firms a conditional demand shock - we told

them we would place a sizable order for their business if we were able to place that

order online. This was successful in inducing a quarter of firms to start selling online.

We returned three years later and found that the extra time did not improve the bene-

fits of the training and that the control group in the demand experiment “caught up”

to those in treatment. We also found no strong evidence of complementarity between

the two interventions.

Our results provide a unified picture of the barriers to digital adoption. First, the

initial success of the conditional demand shock, contrasted with the null result of the

supply-side training, suggests that the primary binding constraint is not a lack of tech-

nical skills. If skill deficits were the bottleneck, training would have spurred adoption.

Instead, we find that firms are capable of getting online when sufficiently motivated.

Second, the modest marginal effect of the ’High’ incentive, despite being six times the

size of the ’Low’ offer, challenges a simple financial constraints story. We expect the

profits from accepting the high offer ($780) far exceeds the market wage for outsourc-

ing the task, implying that firms left substantial money on the table. This ’arbitrage

failure’ allows us to decompose the remaining barriers.

The efficacy of the low incentive suggests that for a subset of firms, the barrier
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was a combination of financial costs and behavioral inertia. However, for the non-

adopters in the high-incentive group, the barrier is likely non-monetary. We can rule

out the hypothesis that these firms simply overestimated the difficulty of the task; if

that were true, the Training arm (which revealed the true low difficulty) would have

unlocked the high incentive in the Combined group, which it did not. Instead, the

resistance to the high offer points to deeper structural frictions: either a lack of trust

in the offer’s credibility (discounting the expected payout), or high transaction costs

related to managerial bandwidth of getting online within two weeks.

Together, these results imply that demand-side interventions can be a cost-effective

catalyst for market access. We show that even modest, time-limited incentives can

successfully induce firms to overcome the fixed costs of digital entry. However, con-

ditional demand shocks are not a panacea for long-term growth. The eventual exit

of some firms suggests that while incentives can trigger experimentation, they cannot

substitute for market depth. This highlights the necessity of a two-sided approach:

firm incentives must be synchronized with efforts to reduce frictions for consumers.

Policymakers should also consider investing in “institutional scaffolding” that encour-

ages consumer participation, such as secure digital payment infrastructure and robust

consumer protection mechanisms, to ensure that once firms arrive, they find a market-

place trustworthy and robust enough to justify their continued investment.
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A Theoretical Framework

We develop a simple dynamic model of technology adoption to structure our experi-
mental design and clarify the distinct barriers preventing firms from accessing digital
markets.

A.1 Environment

Time is discrete, t ∈ {0, 1, 2}. Period 0 represents the pre-experiment status quo. In
Period 1, treatments are administered and firms make adoption decisions. In Period 2,
firms make continuation decisions. Each firm i chooses its adoption status Ait ∈ {0, 1}.
We normalize the payoff from non-adoption to zero.

Adoption (Ait = 1) requires paying one-time sunk costs and a recurring mainte-
nance cost Cm. The sunk costs are twofold:

1. Implementation Cost (Ck ≥ 0): Technical skills, setup time, and onboarding.

2. Organizational Inertia (Cb ≥ 0): Non-monetary frictions including behavioral
procrastination and limited managerial bandwidth (the “hassle cost” of coordi-
nating a new sales channel).

If active in period t, the firm realizes a gross market benefit Bt. We assume the
market is growing (E0[B2] > E0[B1]). The firm’s value of adopting in Period 1, denoted
Vbase, is:

Vbase(Ck, Cb) ≡ E1

[
2

∑
s=1

δs−1(Bs − Cm)

]
− Ck − Cb, (3)

where δ ∈ (0, 1] is the discount factor. A firm adopts if Vbase > 0.

A.2 Experimental Treatments

We model treatments as reductions in these costs or direct transfers.
Training (T = 1). Training reduces the implementation cost from Ck to C̃k = Ck− k.

The value of adoption becomes:

VT1 = Vbase(C̃k, Cb) = Vbase(Ck − k, Cb). (4)

Conditional Demand (T = 2). The demand shock provides a guaranteed order
yielding a one-time profit Bp. Additionally, the deadline acts as a commitment device,
reducing organizational inertia by φ. Firms may discount the value of Bp based on
their trust in the offer’s credibility. The value of adoption is:

VT2 = Vbase(Ck, Cb) + φ + Bp. (5)
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We distinguish between low and high profits (Bp,L vs. Bp,H) to test price sensitivity.
Combined (T = 3). This arm targets both implementation costs (via C̃k) and orga-

nizational inertia (via φ and Bp):

VT3 = Vbase(C̃k, Cb) + φ + Bp. (6)

A.3 Testable Predictions

We organize our empirical analysis around four predictions derived from this frame-
work.

Prediction 1: Supply-Side Constraints (Skills). If lack of technical skills (Ck) is a
binding constraint, Training (T1) should induce adoption. If skills are not the primary
barrier, we expect a null result.

Prediction 2: Financial Constraints vs. Organizational Inertia. We distinguish be-
tween financial barriers and organizational inertia using the variation in Bp.

• Financial Constraint: If firms are held back by high fixed costs or insufficient prof-
itability, we predict a dose-response relationship: Effect(Bp,H) > Effect(Bp,L).

• Organizational Inertia: If the barrier is non-monetary (Cb)—such as procrastina-
tion or bandwidth—the deadline (φ) combined with the small profit Bp,L may
be sufficient to trigger adoption. In this scenario, adding more money (Bp,H)
does not solve the residual bandwidth constraint, leading to a threshold effect:
Effect(Bp,H) ≈ Effect(Bp,L).

Prediction 3: Structure of Barriers (Complementarity). We define the interaction ef-
fect Γ as the difference between the combined effect and the sum of individual effects:
Γ = Effect(T3)− [Effect(T1) + Effect(T2)].

• Overestimated Difficulty: If firms do not respond to demand because they overes-
timate the difficulty of adoption (high perceived Ck), Training (T1) should reveal
the true lower cost C̃k and “unlock” the Demand Shock, resulting in positive
complementarity (Γ > 0).

• Independent Constraints: If the binding barrier is simply organizational inertia
(Cb), training will not increase responsiveness to the demand shock, implying
additivity (Γ ≈ 0).
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Prediction 4: Durability vs. Catch-up. We examine long-term outcomes to interpret
the treatment effect over time.

• Low Durability (Backsliding): If the demand shock induces adoption for marginal
firms solely due to the one-time profit Bp, they may exit in Period 2 if they find
that recurring maintenance costs (Cm) exceed market benefits (B2).

• Catch-up: If the intervention acts as a catalyst for capable firms, we expect the
treatment group to persist in the market. However, as market benefits (Bt) rise
over time, the control group could eventually adopt on their own. This “catch-
up” will narrow the estimated treatment effect in the long run.
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Appendix A: Tables

Table A1. Supply Experiment Attrition (July 2021)

(1) (2) (3)
Treatment Control Pairwise t-test

Variable N Mean/(SE) N Mean/(SE) Mean Difference/(SE)

Firm interviewed at follow-up 638 0.768 220 0.755 0.013
(0.017) (0.029) (0.033)

Baseline Values:

Number of employees 328 5.625 110 5.691 -0.066
(0.434) (0.742) (0.864)

Computers are used in the firm 318 0.484 109 0.514 -0.029
(0.028) (0.048) (0.056)

Has a Facebook page 321 0.103 108 0.083 0.019
(0.017) (0.027) (0.033)

Has a website 323 0.028 107 0.037 -0.010
(0.009) (0.018) (0.019)

Has used e-platforms for business 303 0.023 103 0.010 0.013
(0.009) (0.010) (0.016)

Has a business email 315 0.200 103 0.194 0.006
(0.023) (0.039) (0.045)

Used online banking in the past 12m 322 0.292 107 0.271 0.021
(0.025) (0.043) (0.051)

Has received online order 319 0.060 108 0.074 -0.015
(0.013) (0.025) (0.027)

F-test (P-value) 0.895
Number of observations 438

Notes: Baseline values of businesses from baseline sample that were randomized as part of the train-
ing intervention and responded to follow up survey. The reported F-test p-value is computed using
randomization inference methods. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01
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Table A2. Supply Experiment Attrition (March 2025)

(1) (2) (1)-(2)
Treatment Control Difference

Variable N Mean/(SE) N Mean/(SE) Mean Difference/(SE)
Firm interviewed at endline 638 0.710 220 0.741 -0.031

(0.018) (0.030) (0.035)

Baseline Values:

Number of employees 297 5.781 107 5.449 0.333
(0.473) (0.736) (0.904)

Computers are used in the firm 287 0.467 106 0.500 -0.033
(0.030) (0.049) (0.057)

Has a Facebook page 290 0.093 105 0.124 -0.031
(0.017) (0.032) (0.034)

Has a website 292 0.021 105 0.038 -0.018
(0.008) (0.019) (0.018)

Has used e-platforms for business 275 0.018 98 0.010 0.008
(0.008) (0.010) (0.015)

Has a business email 287 0.202 101 0.208 -0.006
(0.024) (0.041) (0.047)

Used online banking in the past 12m 293 0.276 104 0.288 -0.012
(0.026) (0.045) (0.051)

Has received online order 289 0.055 105 0.086 -0.030
(0.013) (0.027) (0.028)

F-test (P-value) 0.713
Number of observations 404

Notes: Baseline values of businesses from baseline sample that were randomized as part of training
intervention and responded to endline survey. Total number of businesses included in the training
intervention is 858. Firms from the top up sample randomized to the training intervention (n=291) are
excluded from this analysis since we do not have baseline data for them. The reported F-test p-value
is computed using randomization inference methods. Standard errors in parentheses * p < 0.10, ** p <
0.05, *** p < 0.01

Table A3. Demand Experiment Attrition (March 2025)

(1) (2) (3) (4) T-test
Control Small Shock Large Shock Any Demand Shock (5) (6) (7) (8)

Variable N Mean N Mean N Mean N Mean Difference Difference Difference Difference
(1)-(2) (1)-(3) (2)-(3) (1)-(4)

Firm interviewed at endline 131 0.840 76 0.842 76 0.868 152 0.855 -0.002 -0.029 -0.026 0.016
(0.053) (0.052) (0.057) (0.043)

Baseline Values:
Participated in training experiment 110 0.827 64 0.625 66 0.682 130 0.654 0.202*** 0.145** -0.057 -0.173***

(0.066) (0.065) (0.084) (0.056)
Number of employees 109 3.046 64 3.641 66 2.955 130 3.292 -0.595 0.091 0.686 0.246

(0.850) (0.855) (0.726) (0.665)
Computers are used in the firm 110 0.636 64 0.641 66 0.682 130 0.662 -0.004 -0.045 -0.041 0.025

(0.076) (0.074) (0.084) (0.062)
Has a Facebook page 109 0.229 63 0.286 65 0.308 128 0.297 -0.056 -0.078 -0.022 0.068

(0.069) (0.069) (0.081) (0.058)
Has a website 110 0.036 62 0.065 66 0.045 128 0.055 -0.028 -0.009 0.019 0.018

(0.034) (0.031) (0.040) (0.027)
Has used e-platforms for business 110 0.100 62 0.097 63 0.111 125 0.104 0.003 -0.011 -0.014 0.004

(0.048) (0.049) (0.055) (0.040)
Has a business email 109 0.422 64 0.578 65 0.585 129 0.581 -0.156** -0.163** -0.006 0.159**

(0.078) (0.078) (0.088) (0.064)
Used online banking in the past 12m 110 0.227 64 0.438 65 0.431 129 0.434 -0.210*** -0.203*** 0.007 0.207***

(0.071) (0.071) (0.088) (0.060)
Has received online order 110 0.009 60 0.000 65 0.015 125 0.008 0.009 -0.006 -0.015 -0.001

(0.012) (0.017) (0.016) (0.012)
F-test (P-value) 0.036 0.058 0.531 0.590 0.080
Number of observations 240

Notes: Baseline values of businesses that were randomized as part of demand shock intervention and
responded to endline survey. Total number of businesses included in the demand shock intervention is
283. The first row shows endline interview response rates. P-values are computed using randomization
inference methods. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01
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Table A4. Supply Experiment Balance (July 2018)

(1) (2) (3)
Treatment Control Pairwise t-test

Variable N Mean/(SE) N Mean/(SE) Mean Difference/(SE)

Number of employees 423 5.553 144 5.903 -0.350
(0.379) (0.663) (0.755)

Computers are used in the firm 411 0.474 143 0.503 -0.029
(0.025) (0.042) (0.049)

Has a Facebook page 415 0.096 141 0.099 -0.003
(0.015) (0.025) (0.029)

Has a website 417 0.026 141 0.028 -0.002
(0.008) (0.014) (0.016)

Has used e-platforms for business 392 0.023 133 0.008 0.015
(0.008) (0.008) (0.014)

Has a business email 406 0.190 137 0.226 -0.037
(0.019) (0.036) (0.039)

Used online banking in the past 12m 415 0.294 139 0.302 -0.008
(0.022) (0.039) (0.045)

Has received online order 412 0.058 141 0.078 -0.020
(0.012) (0.023) (0.024)

F-test (P-value) 0.7940
Number of observations 567

Notes: Baseline values of businesses from baseline sample that were randomized as part of the train-
ing intervention. Firms from the top up sample randomized to the training intervention (n=291) are
excluded from this analysis since we lack baseline data for this group. The reported F-test p-value is
computed using randomization inference methods. Standard errors in parentheses * p < 0.10, ** p <
0.05, *** p < 0.01

Table A5. Demand Experiment Balance (July 2021)

(1) (2) (3) (4) T-test
Control Small Shock Large Shock Any Demand Shock (5) (6) (7) (8)

Variable N Mean N Mean N Mean N Mean Difference Difference Difference Difference
(1)-(2) (1)-(3) (2)-(3) (1)-(4)

Participated in training experiment 131 0.824 76 0.579 76 0.697 152 0.638 0.245*** 0.127** -0.118 -0.186***
(0.062) (0.060) (0.078) (0.052)

Attended training 108 0.444 44 0.341 53 0.377 97 0.361 0.104 0.067 -0.036 -0.084
(0.088) (0.083) (0.099) (0.069)

Number of employees 130 3.238 76 3.697 76 3.053 152 3.375 -0.459 0.186 0.645 0.137
(0.771) (0.781) (0.653) (0.602)

Computers are used in the firm 131 0.649 76 0.632 76 0.684 152 0.658 0.017 -0.035 -0.053 0.009
(0.069) (0.069) (0.077) (0.057)

Has a Facebook page 130 0.208 74 0.284 74 0.311 148 0.297 -0.076 -0.103* -0.027 0.090*
(0.062) (0.063) (0.076) (0.052)

Has a website 131 0.038 73 0.055 75 0.053 148 0.054 -0.017 -0.015 0.001 0.016
(0.030) (0.030) (0.037) (0.025)

Has used e-platforms for business 131 0.092 73 0.082 72 0.097 145 0.090 0.009 -0.006 -0.015 -0.002
(0.042) (0.043) (0.048) (0.035)

Has a business email 130 0.423 75 0.573 74 0.568 149 0.570 -0.150** -0.144** 0.006 0.147**
(0.072) (0.072) (0.082) (0.060)

Used online banking in the past 12m 131 0.267 76 0.447 74 0.432 150 0.440 -0.180*** -0.165** 0.015 0.173***
(0.067) (0.068) (0.082) (0.057)

Has received online order 131 0.015 71 0.000 74 0.014 145 0.007 0.015 0.002 -0.014 -0.008
(0.015) (0.018) (0.014) (0.013)

F-test (P-value) 0.206 0.381 0.173 0.894 0.079
Number of observations 283

Notes: This table shows balance across treatment groups for the demand shock experiment. Column
(1) shows control group, (2) shows small shock treatment, (3) shows large shock treatment, (4) shows
any demand shock treatment (combining small and large). Columns (5)-(8) show pairwise differences
with standard errors. P-values are computed using randomization inference methods. Standard errors
in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01
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Table A6. Balance test for supply and demand experiment overlap sample (July 2018)

(1) (2) (1)-(2)
Treatment Control Pairwise t-test

Variable N Mean/(SE) N Mean/(SE) Mean Difference/(SE)

Number of employees 114 5.114 31 4.710 0.404
(0.573) (0.892) (1.194)

Computers are used in the firm 110 0.418 31 0.387 0.031
(0.047) (0.089) (0.101)

Has a Facebook page 112 0.045 31 0.032 0.012
(0.020) (0.032) (0.041)

Has a website 111 0.009 31 0.065 -0.056*
(0.009) (0.045) (0.029)

Has used e-platforms for business 104 0.019 27 0.000 0.019
(0.014) (0.000) (0.027)

Has a business email 109 0.174 28 0.143 0.031
(0.037) (0.067) (0.080)

Used online banking in the past 12m 112 0.223 31 0.161 0.062
(0.040) (0.067) (0.083)

Has received online order 110 0.036 31 0.032 0.004
(0.018) (0.032) (0.038)

F-test (P-value) 0.580
Number of observations 205

Notes: Baseline values of businesses from baseline sample that were randomized as part of the train-
ing intervention. Firms from the top up sample randomized to the training intervention (n=291) are
excluded from this analysis. The reported F-test p-value is computed using randomization inference
methods. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01

Table A7. Balance test for supply and demand experiment overlap sample (July 2021)

(1) (2) (3) (4) T-test
Control Small Shock Large Shock Any Demand Shock (5) (6) (7) (8)

Variable N Mean N Mean N Mean N Mean Difference Difference Difference Difference
(1)-(2) (1)-(3) (2)-(3) (1)-(4)

Number of employees 108 3.185 44 3.727 53 2.623 97 3.124 -0.542 0.563 1.105 -0.061
(1.044) (0.911) (0.750) (0.733)

Computers are used in the firm 108 0.602 44 0.545 53 0.660 97 0.608 0.056 -0.059 -0.115 0.006
(0.089) (0.082) (0.100) (0.069)

Has a Facebook page 107 0.187 43 0.186 52 0.288 95 0.242 0.001 -0.102 -0.102 0.055
(0.071) (0.070) (0.089) (0.058)

Has a website 108 0.037 42 0.048 52 0.058 94 0.053 -0.011 -0.021 -0.010 0.016
(0.036) (0.035) (0.047) (0.029)

Has used e-platforms for business 108 0.074 41 0.122 51 0.118 92 0.120 -0.048 -0.044 0.004 0.045
(0.052) (0.048) (0.069) (0.042)

Has a business email 107 0.374 44 0.500 51 0.549 95 0.526 -0.126 -0.175** -0.049 0.152**
(0.088) (0.084) (0.104) (0.070)

Used online banking in the past 12m 108 0.241 44 0.386 52 0.481 96 0.438 -0.146* -0.240*** -0.094 0.197***
(0.080) (0.077) (0.102) (0.065)

Has received online order 108 0.019 39 0.000 51 0.020 90 0.011 0.019 -0.001 -0.020 -0.007
(0.022) (0.023) (0.022) (0.018)

F-test (P-value) 0.218 0.559 0.158 0.824 0.144
Number of observations 205

Notes: Sample restricted to the 205 firms that participated in both training and demand shock. Standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table A8. Supply Experiment Results (July 2021)

(1) (2) (3)
Treatment Control Pairwise t-test

Variable N Mean/(SE) N Mean/(SE) Mean Difference/(SE)

Attended training 638 0.536 220 0.000 0.536***
(0.034)

E-Commerce Index 490 0.000 166 -0.000 0.000
(0.090)

Firm sells goods/services online (1=Yes, 0=No) 468 0.239 157 0.287 -0.047
(0.040)

Computers are used in the firm 476 0.597 160 0.669 -0.072
(0.044)

At least one person uses internet 474 0.622 159 0.698 -0.076*
(0.044)

Has adequate internet connection 467 0.934 159 0.893 0.041*
(0.024)

Has a facebook page 472 0.324 157 0.287 0.038
(0.043)

Has used e-platforms for business 410 0.149 142 0.134 0.015
(0.034)

Has a website 468 0.100 158 0.101 -0.001
(0.028)

Has a business email 473 0.495 157 0.490 0.004
(0.046)

Used online banking in the past 12m 461 0.356 154 0.318 0.038
(0.044)

Does digital marketing 470 0.072 156 0.051 0.021
(0.023)

Firm delivers product by mail 419 0.136 140 0.143 -0.007
(0.034)

F-test (P-value) 0.742
Number of observations 656

Notes: Total number of businesses included in the training intervention is 858. E-commerce index is
constructed by standardizing all e-commerce variables in the table (excluding attended training to have
mean 0) and standard deviation 1. Missing values for intervention firms are replaced with 0. The index
is calculated as the sum of all standardized component variables, with higher values indicating greater
e-commerce adoption. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01
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Table A9. Supply Experiment Results (March 2025)

(1) (2) (1)-(2)
Treatment Control Pairwise t-test

Variable N Mean N Mean Mean Difference/(SE)
E-Commerce Index 453 -0.016 163 0.044 -0.059

(0.091)
Business is open 453 0.653 163 0.681 -0.028

(0.043)
Has employee 453 0.514 163 0.485 0.030

(0.046)
Number of employees 453 2.702 163 2.607 0.095

(0.466)
Has information website 453 0.110 163 0.147 -0.037

(0.030)
Receives orders on website 453 0.230 163 0.258 -0.028

(0.039)
Has Facebook page 453 0.280 163 0.331 -0.051

(0.042)
Has Instagram page 453 0.121 163 0.129 -0.007

(0.030)
Has business email 453 0.377 163 0.411 -0.034

(0.045)
Has website 453 0.139 163 0.166 -0.027

(0.032)
Sells online 453 0.174 163 0.184 -0.010

(0.035)
Uses computer 453 0.413 163 0.454 -0.041

(0.045)
Number of computers 453 1.221 163 1.080 0.141

(0.395)
Uses online banking 453 0.380 163 0.380 -0.001

(0.044)
Revenue 453 3536.954 163 3298.153 238.800

(1014.914)
Online revenue share (%) 453 3.711 163 4.325 -0.614

(1.165)
F-test (P-value) 0.839
Number of observations 616

Notes: Total number of businesses included in the training intervention endline is 858. E-commerce in-
dex is constructed by standardizing all e-commerce variables in the table (excluding attended training)
to have mean 0 and standard deviation 1. Missing values for interviewed firms are replaced with 0. The
index is calculated as the sum of all standardized component variables, with higher values indicating
greater e-commerce adoption. The reported F-test p-value is computed using randomization inference
methods. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01
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Table A10. Demand Shock Results by Baseline Propensity - March 2025 - Post-Double
Selection Lasso

High Propensity Not High Propensity

(1) (2) (3) (4)
Outcomes Control Treatment Control Treatment

Endline E-commerce Index 0.488 0.314 -0.2 0.022
( 0.304) ( 0.115)

Business is Open 0.765 0.135 0.774 -0.037
( 0.119) ( 0.061)

Has Employee 0.471 0.263* 0.677 -0.085
( 0.149) ( 0.071)

Number of Employees 3.1 2.04 3.1 -0.687
( 1.83) ( 0.710)

Has Info on Website 0.176 0.209 0.022 0.084**
( 0.130) ( 0.035)

Sells online 0.588 0.076 0.129 -0.003
( 0.139) ( 0.051)

Has Facebook 0.588 0.020 0.215 -0.008
( 0.141) ( 0.056)

Has Instagram 0.235 -0.035 0.086 0.012
( 0.129) ( 0.047)

Has business email 0.588 -0.021 0.419 -0.118*
( 0.155) ( 0.070)

Has Website 0.176 0.246* 0.108 0.007
( 0.131) ( 0.045)

Received Online Orders 0.353 0.112 0.086 -0.006
( 0.145) ( 0.044)

Computer Used 0.647 0.119 0.409 0.020
( 0.142) ( 0.071)

Number of Computers 1.5 -0.616 0.677 0.056
( 0.589) ( 0.257)

Used online banking 0.588 0.047 0.462 -0.123*
( 0.144) ( 0.067)

Monthly Revenue(GEL) 4464.7 6757.0 5271.0 -32.04
(7017.8) (1996.84)

Online revenue share (%) 11.2 -7.98 1.8 -0.262
( 5.10) ( 1.172)

F-test p-value 0.580 0.547
Total N 54 229

Notes: All regressions control variables selected by Post-Double Selection Lasso. All regressions control
for baseline outcome variable when available. Control columns show means for control group within
each propensity category. F-test p-value tests joint significance of all endline outcomes in predicting
treatment assignment. p < 0.10, ** p < 0.05, *** p < 0.01
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