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Innovations in Information and Communications Technologies (ICT) over the last two decades have had
transformative impact on societies. ICT has changed how individuals acquire and share information and
receive services, how firms compete in the marketplace and how governments interact with citizens and
businesses. These transformative changes, however, have not benefited all equally and has led to a large
“digital divide” within and between countries. The large digital divide must be a concern for policymakers not
only from equity but also from efficiency perspective. The digital divide results from two main economic forces:
supply-side forces, which determine availability of ICT, and demand-side forces, which determine the pace of
technology adoption. In this paper, we focus on the demand side forces and try to find answers to three policy-
relevant questions: What are key determinants of digital adoption? What is the role of public policy in
encouraging digital adoption and closing the digital divide? And what does the society gain from accelerating
the pace of digital adoption? Our emphasis on the demand-side makes this paper complementary to the World

Bank’s World Development Report 2016 that extensively covers supply-side policy.

We first develop a list of determinants of digital adoption. This list includes past and current investments in ICT,
complementary public infrastructure for ICT use (e.g., electricity access), features of the ICT market (e.g.,
prices, coverage, usability), different levels of skills and income, sectoral composition of the economy, labor
market participation and several structural variables (e.g., inequality, women empowerment, level of
urbanization). Using within-country variation and conditional on GDP per capita, we find that digital adoption—
measured by the proportion of population who report to have used Internet in past three months—is positively
correlated with ICT investments, the level of complementary public infrastructure, coverage of ICT, usability,
share of services sector in the economy, female empowerment, and urbanization and negatively correlated with

ICT costs, inequality, and poverty.

Next, we use machine learning to select the most robust statistical predictors of digital adoption from our
compiled list of determinants. This exercise provides us with a short list of variables strongest predictors of
digital adoption that we classify into two kinds of policy handles: “Fast Moving” policy variables include price,
mobile phone ownership, coverage as well as use-cases and “Slow Moving” policy variables include skills,

labor force participation, inequality, urbanization, and the services’ share in the GDP.

Further, we develop a model of demand for internet use and estimate it using aggregate country level data on
prices and demand for internet. We find substantial heterogeneity in demand elasticities across countries in
different income groups with consumers in low-income developing countries (LIDCs) being the most price
sensitive. Using our estimated price elasticities of demand, we calculate subsidies that will be required to
increase internet use in LIDCs and emerging market economies (EMES) to the level of advanced economies
(AEs). Assuming subsidies are untargeted (i.e., all users receive discounts on internet fees) fiscal costs are

considerable at 0.3 percent and 3.2 percent of annual GDP for EMEs and LIDCs, respectively. When subsidies
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are targeted to those deprived of internet fiscal costs drop to 0.1 and 1.8 percent of annual GDP for EMEs and
LIDCs, respectively.

Having established the most statistically robust predictors of digital adoption along with the importance of
targeting subsidies, we explore the composition of digital divide using two important “Fast Moving” policy
variables—mobile phone ownership and use-case for the internet. Combining a representative micro-dataset
from over 150 countries for 2017 with panel regression techniques and controlling for income, we find strong
evidence of digital divide across multiple dimensions: gender, education, age, and labor force participation.
Strikingly, women with tertiary education in LIDCs are on average less likely to own a mobile phone than (less
than) primary-level educated men, individuals over 65 years of age are less likely to own mobile phones than
teenagers and being in labor force is associated with a 5—10 percent increase in likelihood of mobile phone
ownership across the world even after controlling for education, gender, age, and income. Similar disparities
exist for various uses of internet that we observe in the data: online bill payment, online purchases, online

banking and receiving government transfers on phone.

Lastly, we assess potential benefits that societies can receive from faster digital adoption. To this end, we
provide estimates of gains from internet use in terms of education quality, time use and labor force
participation. We estimate the effect of internet use on our three outcomes using two econometric strategies:
difference in differences and instrumental variables. We find that on average, increasing internet use from 10 to
90 percent increases labor force participation by 6 percentage points. The effect is larger for women

(7.4 percentage points) than men (4.8 percentage points). A similar increase in internet use increases
secondary school test scores by 16 percent on base average. This increase in test scores implies substantial
improvements in learning outcomes with potential gains in the future, especially for LIDCs. We find weak
evidence that internet use reduces time spent doing unpaid work for women.

Other studies have also found positive impact of ICT adoption on economies and societies. For example, ICT
adoption was found to improve market coordination (Jensen 2007, Aker and Mbiti 2010, Aker and Ksoll 2016),
firm outcomes (Aker and Ksoll 2016, Jensen and Miller 2018), households access to finance (Jack and Suri
2014, Blumenstock and others 2016), last-mile service delivery (Haushofer and Shapiro 2016, Muralidharan
and others 2021), household savings (Jack and Suri 2014, Haushofer and Shapiro 2016, Bjérkegren and
others 2022), financial management (Karlan and others 2016, Kast and others 2012), health (Dammert and
others 2014, Flax and others 2014), trade (Akerman and others 2022) as well as human capital and labor
market opportunities (Muralidharan and others 2019, Aker and others 2012, Dammert and others 2015,
Bettinger and others 2020). The recent literature has also highlighted adverse effects of internet use like digital
addiction (Allcott and others 2022).

Using most conservative point estimates from the regression analyses we perform back-of-the-envelope
calculations of potential gains from digital adoption. Specifically, we assume an increase in internet use in
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LIDCs to the level of EMEs and in EMEs to the level of AEs. We follow Schoellman 2012 to calculate
monetized benefits from improved education scores (a proxy for education quality). Using data from IPUMS
International, we first back out returns to education for male immigrants in the US by country of birth and
education. Assuming that differences in returns to schooling represent differences in education quality, we
construct a cross-country log-log relationship between estimated returns to schooling and most recent average
test scores for countries in our sample. Finally, we use the derived relationship along with increases in test
scores from internet use to estimate benefits. We find average annual gains of 1.1 and 2.3 percent of GDP for

EMEs and LIDCs, respectively.

The benefits from increased labor force participation are large and redistributive across gender with women
accounting for majority of the gains (in line with Chiplunkar and Goldberg 2022). We find a gain from increased
labor force participation of 1.8 and 0.8 percent GDP for EMEs and LIDCs, respectively. The increase in female

labor force participation accounts for most of these gains.

The cross-country data reveal large disparities in digital adoption.! Despite gains in recent years the share of
population using internet is substantially below in LIDCs compared with AEs and EMEs (Figure 1). For
example, at the end of 2020, 90 percent of population in AEs reported using internet compared with 72 percent
for EMEs and 32 percent for LIDCs. The numbers for fixed broad subscriptions are substantially lower for all
country income groups with 36 percent in AEs against 14.5 percent in EMEs and only 2 percent for LIDCs.
Mobile phone ownership, which is relatively high in most countries, also shows strong disparities with about
95 percent in AEs, 80 percent in EMEs, and 56 percent in LIDCs. The large differences in mobile adoption
versus adoption of broadband subscriptions in LIDCs suggest that mobile internet will likely be more important
for faster digital adoption in poorer countries. The number of internet servers, which captures the extent of
availability of digital infrastructure, shows less disparity between LIDCs and EMEs but large disparity between
AEs and the other countries. In terms of geographic regions, digital adoption is the lowest in Sub-Saharan
Africa (Figure 2).

! The data comes from four major sources: World Bank’s World Development Indicators (WDI), International Telecommunications
Union (ITU), World Connectivity Index (GSMA) and World Bank’s FINDEX Micro-Data.
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Figure 1. Trends in ICT Expansion by Country Income Groups
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Figure 2. Trends in ICT Expansion by Geographic Regions
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Figure 3. Trends in Internet Coverage and Prices

@ BroadBand Price _ Mobile High Basket _ Mobile Low Basket
&34 &2 2w
® T o ~ a " A
] \ L. \ %) \
291\ _ T o %o k%
o = \ = o \ x ™
il I % ~ 2]
= ~ i3] @
0o | NV = Z 64
3 \ £ 8%
Cg = o - ) =
ol ——=—====——— So- 2o
& T T T = T T T = T T T
o 2010 2015 2020 2010 2015 2020 2010 2015 2020
Year Year Year
LTE Coverage 3G Coverage Cell Coverage
28 s oy
g o g s 8 |-—"7", 7~
27 287 /7 — 231 -7
o = - =
[N ® - - o]
g 287~ 4 28 ~
o F 5] s 7] s
2 33 - 3w /
O g- 3¥ / O —
= O o - T
o (I B [&] % -
T T T T T T T T T
2010 2015 2020 2010 2015 2020 2010 2015 2020
Year Year Year
AE ————- EME —'—'—'- LIDC

Source: International Telecommunication Union (ITU).

Although AEs are significantly ahead of the other countries in terms of the number of internet servers the
differences in signal coverage are much smaller. For example, in terms of 3G signal coverage and cell phone
connectivity EMEs and LIDCs are close to AEs (Figure 3). However, differences in 4G connectivity, which
allows for much faster video information transmission compared with 3G, are large, especially between AEs
and LIDCs. Effective prices of using the internet (that account for purchasing power parity PPP) are the highest
in LIDCs despite a sharp decline in recent years. Overall, it appears that LIDCs lag in internet use, have higher

effective costs of using the internet, and have slightly lower coverage but poorer quality of service.

We begin our analysis with identifying a broad range of potential determinants of digital adoption from the
literature and calculate simple correlations. We use annual cross-country data for all identified variables
(Annex | provides the definitions and sources of these data along with their units of measurement). We fill in
missing values using linear interpolation and extrapolation within a reasonable range and arrive at a total
sample of 4,124 country-year observations comprising 169 countries from 1997-2021.2 Figure 4 shows simple
correlations—coefficient estimates of B1in equation (1)—between the internet use (a measure of internet
adoption) and each of the potential determinant taking one determinant at a time. Specifically, we estimate the
following specification:

2 For more details on interpolation and extrapolation, see Annex |I.
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Internet Use., = Sy + fDeterminant., + f,GDP_PC.i + Y. + €.t 1)

where Internet Usectis the share of population using internet in country c in year t and Determinantcis the value
corresponding to each potential determinant observed in country c in year t. Each regression controls for
contemporaneous level of GDP per capita in each country and only exploits within country variation. Standard

errors are clustered at the country level to account for within country correlation in the error term.

The directions on these correlations provide important and intuitive foundation for the analysis.® We observe
that while holding average income and time in-varying country characteristics constant, internet use is
positively correlated with new and existing investments in ICT infrastructure captured by ICT Investment and
Coverage of 3G, respectively (possibly suggesting the importance of accessibility and quality), access to
complementary infrastructure like electricity, share of the services sector in the economy, average skills as
captured by primary and secondary education completion rates,* structural variables like labor force
participation and level of urbanization, gender parity (norms) as captured by women empowerment, and finally
the regulatory environment and governments’ emphasis on ICT. Internet use is negatively correlated with
prices of operation/subscription, suggesting that operating costs are important frictions to digital adoption.
Finally, inequality and poverty are negatively correlated with internet use. Since the regressions control for the
level of GDP per capita, both these variables suggest that frictions for digital adoption are likely most binding
for the poorest individuals within countries. Appendix Figures Alll.1 and Alll.2 confirm these findings using
within income group—year variation as well as an independently collected measure of internet adoption—
access to internet at home, as collected by the ITU.

3 The magnitudes on these correlations across determinants are not comparable and do not have a causal interpretation. As discussed
later, multivariate regressions have a somewhat stronger claim on causality, albeit not perfectly due to likelihood of having omitted
factors that might be correlated with determinants.

4 Note that secondary education completion rate correlates more strongly with internet use than primary education completion,
suggesting an increasing role of skills in using the internet.
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Figure 4. Correlates of Internet Adoption
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Note: Country fixed effects and standard errors clustered at country level. Controls include GDP per capita.
While these simple correlations are indicative it is possible that they mask an indirect correlation coming from
an omitted variable. To test how robust directions of these correlations are, following the specification in (2) we

run multivariate regressions increasingly controlling for variables in Annex I.

Internet Use,; = o + B1Xct + B2GDP_PCoe + ¥, + €t (2)

where B1 denotes a vector of coefficients on a vector of determinants Xct, yc denotes country fixed effects,
GDP_PCe.tis the GDP per capita in country c in year t and € «tis the error term clustered at the country level.

We find that the direction of correlations between the internet use and its various determinants remain robust to
multiple specifications, although, the magnitudes of coefficient estimates are still likely biased due to
endogeneity in explanatory variables. Columns 1-4 in Table 1 present regression results for baseline variables
that include current ICT investments, existing coverage, fixed and variable costs of using the internet, mobile
ownership, and existence of complementary infrastructure like electricity. Controlling for GDP per capita and
using only within country variation in the data, internet use is positively correlated with existing ICT coverage,
ICT investments and mobile phone ownership and negatively correlated with variable costs (price of broadband
and mobile data). Surprisingly, handset prices (a proxy for fixed costs) and electricity access are not statistically

significantly correlated with internet use after conditioning for other baseline variables.
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In columns 5-8 of Table 1, we find this pattern to be robust to the inclusion of more determinants. Moreover,
secondary education completion rate appears to be more important than primary education completion rate and
internet use increases with the number of mobile applications in national languages, suggesting the importance
of higher skills and usability. Further, internet use increases with the share of the services sector in the
economy; and, consequently, falls with higher agricultural and manufacturing activity. Finally, column 9 reports
a full specification using all the potential determinants from appendix Annex I. We see that in addition to
previous variables remaining remarkably stable, we find that conditional on all previous variables, internet use
is positively correlated with the share of income held by the poorest 20 percent of people (suggesting a role for
redistribution), labor force participation, and UN E-Governance score which captures the regulatory

environment in an economy as well as the level of e-governance.

With these correlations in hand, we try to create a short list of most powerful determinants of digital adoption
(after conditioning for GDP per capita and country fixed effects). We use the Least Absolute Shrinkage and
Selection Operator (LASSO) estimator from Machine Learning (Chernozhukov and others 2021, Ahrens and
others 2020) that adds a penalty term—the sum of the absolute values of the regression coefficients—to the
usual least-squares minimization problem. LASSO drops variables that fail to contribute much to predicting the
dependent variable (see Annex IV for more details on the methodology). Columns 10 and 11 in Table 1 present
regression results from the regression specification in (2) using only the variables that the LASSO estimator
selected to be most predictive. Column 11 has fewer variables because of a stricter penalty than the LASSO
estimation in column 10. Conditional on GDP per capita and using only within-country variation in data, several
determinants survive the LASSO penalization, and all selected variables preserve their earlier direction of
correlation with internet use. While these are statistically the strongest predictors of internet use, they are not
necessarily the variables that can be immediately affected by policies. For example, incomes at the lowest bin
of income distribution are strongly correlated with internet use but may be very hard to change with policy. With
this caveat in mind, we categorize the selected variables from the column 10 into two groups: fast-moving (i.e.,
variables that can be affected in the short run through policy intervention) and slow-moving (i.e., variables that
generally take a long time to move; see Figure 5). Such grouping allows us to identify those variables that

governments could target using policy instruments.
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Figure 5. Strongest Predictors of Digital Adoption
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Fast-moving variables associated with the cost of internet use (broadband and mobile data prices and smart
phone ownership), which are important determinants of digital adoption, can be affected through policy
interventions. Specifically, governments can use fiscal policy to provide targeted subsidies to lower the cost of
internet connection and hence encourage digital adoption. To this end, in Section Ill we estimate a model of
demand for internet use at the country level to obtain credible estimates of price elasticities of demand and use

the elasticities to compute the magnitude of subsidies to achieve a near-full internet adoption.

Whereas price subsidies are generally known to be distortionary, they might be helpful when pursuing certain
social and economic objectives. As documented below, digital adoption can bring substantial social and
economic dividends that outweigh the costs of subsidization.® Further, internet is a unique consumer good that
has several advantageous technological features that might aid with designing subsidies to lower costs. First,
targeting subsidies could be simpler. Since internet adoption is likely to happen via mobile internet mobile
operators normally have information about the users that would allow them to establish eligibility. For example,
mobile operators possess information on a user’s length and type of subscription, the location, and the amount
spent. Second, we expect positive spillovers from subsidizing internet adoption as adoption by everyone will
likely induce subsequent adoption within their network.® Given these positive network externalities, the current

market prices likely lead to suboptimal levels of internet adoption relative to the social optimum.

Country experiences provide some support for subsidizing internet adoption. In Colombia the internet subsidy

program ‘Vive Digital’ let to an increase in internet adoption by poorer individuals (Hidalgo and Sovinsky 2022).

5 Other popular policy tools include command and control policies where the government fixes the price of private provision. We
believe that such command-and-control policies are often weak to bypass especially in presence of weak institutions as found in
LIDCs and EMEs.

5 Literature shows that that adoption of mobile technology depends on the take-up within each individual’s network (Bjérkegren
2019).



IMF WORKING PAPERS

Determinants and Social Dividends of Digital Adoption

Interestingly, as part of its digital access initiative, Colombia also instituted numerous centers which provided

internet training in addition to access to hardware. More recently, the US Affordable Connectivity Program,

which was adopted as part of Bipartisan Infrastructure Law in 2021, provides to eligible households a monthly

discount on their internet bills in addition to significant infrastructure development towards expanding high-

speed broadband. Other examples of internet subsidies include Costa Rica’s ‘Connected Homes’ program and
the UK’s ‘Gigabit Voucher Scheme.’

Table 1. Correlates of Internet Use

Baseline regressions

Baseline + controls Machine learning

1 2 3 4 5 6 7 8 9 10 11
GDP Per Capita $1,000 2.635%**  2.685***  2.745%*  2.398*** 2.298**  2.359%**  2.389**  2.176**  1.750%** 2.120%**  2.438***
[0.689] [0.693] [0.697] [0.670] [0.624] [0.625] [0.626] [0.622] [0.538] [0.519] [0.592]
Population Covered 3G (%) 0.192***  0.210*** 0.202%** 0.180*** 0.138***  0.150***  0.145**  (0.134***  0.118*** 0.120***  0.120***
[0.029] [0.030] [0.031] [0.029] [0.026] [0.029] [0.029] [0.026] [0.024] [0.026] [0.028]
ICT Investment (% GDP) 0.296***  0.272**  0.289***  0.307*** 0.233***  0.222**  0.227***  0.245**  0.080*
[0.083] [0.074] [0.075] [0.079] [0.043] [0.047] [0.041] [0.040] [0.046]
Log Fixed Broadband (PPP ) -3.546%** -3.182%** -2.460%** -2.312%*  -1.597** -1.498**
[0.890] [0.826] [0.686] [0.650] [0.616] [0.603]
Log Mobile High Package (PPP ) -5.270** -3.817*+ -3.425%* -2.756** -2.130* -1.854*
[1.211] [1.309] [0.954] [1.239] [1.143] [0.776]
Log Mobile Low Package (PPP) -5.165%** -1.558 -3.047**  -0.652 -0.163
[1.499] [1.752] [1.072] [1.500] [1.432]
Handset Price (% Monthly GDP) 0.099* 0.074 0.086 0.083 0.084* 0.072 0.078* 0.076* 0.059*
[0.055] [0.057] [0.058] [0.053] [0.044] [0.045] [0.045] [0.042] [0.035]
Mobile Ownership (% Pop) 0.365***  0.400***  0.430***  0.348*** 0.168***  0.194**  0.210*** 0.168**  0.135*** 0.144%**  0.179***
[0.062] [0.062] [0.064] [0.058] [0.042] [0.042] [0.044] [0.040] [0.037] [0.040] [0.043]
Electricity Access (%) 0.054 0.119* 0.104 0.028 0.06 0.104 0.094 0.046 -0.119*
[0.070] [0.068] [0.067] [0.068] [0.062] [0.063] [0.062] [0.061] [0.061]
Education (At Least Primary) 0.109* 0.115* 0.107* 0.114* 0.097
[0.062] [0.063] [0.064] [0.061] [0.060]
Education (At Least Secondary) 0.171**  0.146**  0.147*  0.162** 0.088 0.183***
[0.062] [0.063] [0.062] [0.062] [0.054] [0.052]
Apps in National Language 0.513**  0.509***  0.523***  0.478***  (0.289*** 0.356***  0.421***
[0.059] [0.058] [0.059] [0.058] [0.061] [0.061] [0.062]
Senvices Value Added 0.078 0.033 0.062 0.065 -0.014 0.221**
[0.159] [0.159] [0.166] [0.155] [0.139] [0.092]
Agriculture Value Added -0.453*  -0.519*** -0.508**  -0.446** -0.255
[0.193] [0.196] [0.206] [0.185] [0.165]
Industry Value Added -0.415**  -0.503*** -0.455*  -0.437** -0.318*
[0.187] [0.187] [0.199] [0.180] [0.162]
Povertyat $1.9 -0.058
[0.055]
Inequality -0.147
[0.146]
Lowest 20% Income 1.676*** 2.102*%**
[0.599] [0.442]
Rural Population -1.211%%* -1.255%**  -1.576***
[0.223] [0.230] [0.281]
Gender Equality 0.111*
[0.059]
Labor Force Participation Rate 0.696**
[0.292]
Regulatory Environment 0.614
[1.156]
UN E-Gov Score 0.120%*** 0.140**  0.182***
[0.030] [0.034] [0.038]
Population Density (100 per sq km) 1.276
[1.434]
R? 0.765 0.764 0.76 0.78 0.834 0.832 0.83 0.839 0.866 0.852 0.83
A 5370 7466
Number of Countries 169 169 169 169 169 169 169 169 169 169 169
Country FE X X X X X X X X X X X
Observations 4124 4125 4125 4124 4124 4125 4125 4124 4124 4124 4125

Note: Internet users are individuals who have used the Internet (from any location) in the last three months. The
Internet can be used via a computer, mobile phone, personal digital assistant, games machine, digital TV etc. Within

R? reported.
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The set of countries in the world is denoted by C and is further divided into three types b € {L,E,A} where
{L,E,A} stand for different income groups LIDC, EME and AE, respectively. Set of consumers in each country c
€ Cis denoted by I. A market is denoted by a country-year pair. Consumer i € | in country ¢ € C can either
choose to use the internet or not. Normalizing utility from not using the internet to zero, consumer i in country ¢

in year t derives the following utility from using the internet:

Uict = é\icL‘ - aiPct (3)

With 8icr = we + e + §ce + €ice 4)

where dictis the individual’s utility from using the internet: the individual derives disutility from paying for internet
and aiis individual's sensitivity to prices in the market Pct. We parametrize mean utility dict using a country fixed
effect that captures the average utility from using the internet in a country, year fixed effect which captures the
level of technology or quality improvements over time, a market specific demand shock &, and an individual-
level independent and identically distributed (i.i.d.) error term that follows an extreme value type | distribution.
Further, we specify price sensitivities differently for the three income groups. This gives us the following utility

specification for internet users:
Uiet = 0 + Ve — apPe + & + €

Using the distribution of the individual level error term, we get the probability of an individual using the internet

in country c, income group b and year t:

exp(wc + Ve — acht + fct)

= 5
1+ exp(w; + ¥ — apPee + &ce) ®)

cbt

Assuming that the share of individuals using the internet as a proxy for probabilities, equation 5 can be
estimated using a maximum likelihood estimation to recover price sensitivities for each income group. However,
one might be concerned that the unobserved demand shock & is correlated with prices in the corresponding
market Pct giving rise to endogeneity concerns. We get around this issue using a control function approach
where we create a variable that shifts supply but not the demand. We use a Hausman-style supply shifter
where we take leave-one-out averages of prices in other countries in the region of country c in year t denoted
P-ct. If supply of internet is spatially correlated, we should expect a correlation between prices in a country c in
year t, Pctand the supply shifter P-ctbut the supply shifter should not directly be able to affect demand in country
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c. We make an identifying assumption that this holds and conduct robustness checks using lagged value of our
supply shifter for each country-year pair.

Our control function approach takes two steps. We first estimate the following equation:
Py = Bo+ B1Pct + Nt

where nctis the market level error term. Next, we use the predicted value of our error term, %, as our control

function (CF) in equation 5

_ exp(w; + ¥, — apPee + CF + &)
1+ exp(w, + v — apP.e + CF + &)

(6)

cbt

By control function CF we absorb all the variation in Pctthat could not be explained by our exogenous supply
shifter, thereby effectively controlling for the correlation between the unobserved demand shock é&:and price
Pc. We estimate (6) using maximum likelihood to identify price sensitivities separately for each income group.
Table 2 shows the results from this estimation and Table 3 presents implied average demand elasticities using

the robustness result with two lags of the IV.

Table 2. Demand Estimation

Baseline Robustness
Logit Logit-1IV IV Lagl IV Lag2
1 2 3 4
aae 0.04™ 0.015 0.009 -0.002
[0.01] [0.013] [0.015] [0.017]
deme -0.011 -0.034™ -0.038™ -0.047™
[0.008] [0.011] [0.013] [0.015]
dLibc -0.004™" -0.023™ -0.028™ -0.037™
[0.001] [0.006] [0.008] [0.011]
1st St. F-stat 409 418 428

Table 3. Estimates of Demand Elasticities

AE EME LIDC
Elasticity -0.004 -0.26™ -1.22™

Average demand elasticity in LIDCs is found to be much higher than EMEs while demand in AE is almost non-
sensitive to prices (in line with Internet as a necessary item). Combining average price responsiveness from
Table 2 with yearly data on internet use and prices we find that analogously to Moore’s law, demand elasticity
decreases with income levels and over time (Figure 6).
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Figure 6. Trends in Demand Elasticities
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Source: Authors’ calculations.

These estimates of price elasticities of demand can inform the size of subsidies required to move demand to
higher levels in LIDCs and EMEs. Figure 7 motivates our subsidy calculations. To increase demand, as
depicted by the arrow, untargeted subsidies will support every individual until the desired level of digital
adoption is reached. This will require public expense equal to the area of the shaded region (left graph). The
graph on the right shows the case of perfect targeting, i.e., only individuals who do not yet have internet
subscription, are given subsidies. Since some individuals value internet less than the price, subsidies inevitably
induce a deadweight loss (black part of the shaded region). Targeting helps reduce public expenditure but

requires incurring some additional administrative cost.” Section IV provides guidance on targeting subsidies.

Figure 7. Untargeted and Targeted Subsidies

P P

7 Using the definitions of different kinds of price discrimination (Varian 1998), untargeted subsidies are analogous to no price
discrimination (i.e., one price for all), while (our version of) targeted subsidies are analogous to the third-degree price
discrimination (i.e., subsidized price for non-adopters) and perfectly targeted subsidies (i.e., prices equal to the willingness to
pay) are analogous to first-degree price discrimination with government subsidies making up for the difference between the
willingness to pay (i.e., the demand curve) and the actual price (so there is no deadweight loss).
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In terms of prices, increasing internet use for EMEs from 72 to 90 percent (the current level in AEs) will require
a 96 percent subsidy (18/72/0.26) and for LIDCs from 32 to 70 percent (the current level in EMES) a 97 percent
subsidy (38/32/1.22). If untargeted, other things equal, these amount to 0.34 percent and 3.2 percent of annual
GDP for EMEs and LIDCs, respectively.® If targeted, the corresponding amounts decline to 0.07 percent and
1%, percent of annual GDP for EMEs and LIDCs, respectively.®

So far, we have been agnostic about the industrial conduct, and it might be possible that a large subsidy
program can induce a supply-side equilibrium response which, in turn, can either increase or reduce internet
prices and quality. While a rigorous evaluation of the market structure in each country is beyond the scope of
this study regressing the number of operators on price of mobile internet (while controlling for country income-
group fixed effects and the logarithm of population) suggests a negative but weak relationship (Figure 8). This
implies that market concentration likely affects equilibrium outcomes in the case of mobile internet. This may
suggest that a price subsidy may lead to a price response from the suppliers especially in highly concentrated

markets. For this reason, we shall proceed conservatively in our analysis to err on the side of caution.°

Figure 8. Relationship Between Number of Operators and Mobile Data Prices

b=-.44
se = (.26)

Residualized Price of Mobile High Basket

1 1 1 1
1 2 3 4 5
Residualized Adjusted Number of Operators

Sources: OpenCelliD (2020) and Authors’ estimates.
Note: Regression of price of mobile high basket on number of operators, income group dummies and
log population.

8 These calculations use an average monthly price of mobile internet as $4 in EMEs and $16 in LIDCs measured in terms of PPP
(ITU). Population numbers are averages over income group from year 2020: 62.5 million in EMEs and 29.7 million in LIDCs.
GDP PPP in constant 2017 dollars is $122 billion for an average LIDC and $827 billion for an average EME. To calculate
subsidies, we take the product of number of people that will be given subsidies, the level of subsidy in percentage terms, and
twelve times the monthly cost of using mobile internet.

® It is worth noting that if other determinants from figure 5 improve, subsidy requirements will go down.

10 A point to note here is that prices in LIDCs are still very high and further research is needed to examine whether this is a result
mainly of anti-competitive practices or high fixed costs.
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In this section we provide some evidence on who is on the other side of the digital divide and who could be
targeted through government subsidies. The analysis uses micro-data from the World Bank’s FINDEX survey of
over 150 countries in the year 2017.1! The data samples approximately 1,000 individuals in each of the

150 countries and provides sampling weights. Table 4 reports descriptive statistics from this dataset. On
average, women are over-represented for countries of all income levels. Broadly reflecting their demographic
picture, LIDCs have the largest fraction of individuals below 20 years of age and smallest fraction of individuals
over 65 years of age. This pattern switches for AEs. Education levels in LIDCs are unsurprisingly the lowest.
Interestingly, simple averages in this table provide clear insights on the digital divide across countries. We can
see that LIDCs have lower mobile phone ownership and debit card owners than EMEs and AEs. Further, LIDCs
are behind on various uses of the internet: internet banking, online bill payments, e-commerce, and ability to

get emergency funds, providing further evidence of a digital divide across countries.

Despite the digital divide, adoption of digital technologies is promising in multiple avenues. Sending and
receiving domestic remittances are highest in LIDCs and almost half of these transactions happen via phones,
suggesting ease of transacting on mobile phones. We suspect that sending/receiving international remittances
might be even easier than domestic remittances. Moreover, about 16 percent of government transfers in LIDCs
are received via phones higher than EMEs and AEs. Overall, despite the cross-country digital divide, digital

adoption has a real potential in LIDCs at least in the financial aspects of peoples’ lives.

We estimate effects of different demographic and socio-economic characteristics on digital adoption. Due to
limited data, we use mobile phone ownership and measures for select internet-based activities to proxy for
overall level of digital adoption.'? Table 5 presents regression results from using the specification below:

Owns Mobile;.; = fo + b1 Xice + Ve + 6; + €ict @)

where Owns Mobileictis a dummy that takes a value equal to 1 if individual i in country ¢ and year t owns a
mobile phone, Xictis a vector of individual level characteristics, and yc and étare country and year fixed effects,
respectively. The fixed effects help control for all time invariant variation at the level of a country and flexibly
partial out average time trends. We cluster the standard errors at the country level to control for average

correlation in error terms for individuals within a country.

11 This data is also available for 2011 and 2014; however, these rounds did not ask the respondents about mobile phone ownership,
a proxy for digital adoption.

12 ynfortunately, we do not know whether the individual owns an internet enabled phone or not.
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Strikingly, we find that—conditional on age, income, labor market outcomes—women, regardless of educational
attainment, are less likely to own mobile phones than men in LIDCs. For example, less than primary educated
women in LIDCs are 10 percent less likely to own a mobile phone than men with comparable education level.
Even women with tertiary level of education remain 1.2 percent less likely to own a mobile phone than a less
than primary educated men. Significant gaps in female mobile phone ownership persist in EMEs and AEs.
Research has shown non-economic barriers to female mobile phone ownership. For example, Barboni and
others (2018) provide several pieces of anecdotal evidence for why women do not own mobile phones in India,

one of them being social norms against female phone ownership.

Further, mobile ownership monotonically increases with the level of education both for men and women.
Another margin for within-country digital divide is age. We see that across the world, individuals over 65 years
of age are less likely to own mobile phones than individuals below 20 years of age. Older people likely face
high barriers to digital adoption potentially due to habit, skill, or ease of use of the internet, but are vulnerable to
exclusion from several important services. Lastly and perhaps unsurprisingly, richer individuals and labor force

participants have a higher likelihood of owning a mobile phone.

Finally, we use data on four purposes that individuals in the sample responded that they use internet for. The
survey asks whether an individual paid bills online, shopped online, banked online, and received government
transfers on a phone. Using each of these variables as our dependent variable, we run the regression
specification in (7) separately for LIDCs, EMEs, and AEs. Results are reported in Table 6. Mobile ownership is
strongly correlated with online activity. For example, mobile phone owners in LIDCs are 35 percent more likely
than national average to pay bills online and approximately 40 percent more likely than national average to
shop and bank online or receive government transfers using a phone. The remainder of the results are similar
to mobile phone ownership with respect to gender, age, education, income, and labor force participation being

important margins for digital divide.
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Table 4. Summary Descriptive Statistics of Individuals Covered by FINDEX Survey

LIDC EME AE
Female 0.514 0.506 0.518
(0.500) (0.500) (0.500)
Age < 20 0.218 0.137 0.086
(0.413) (0.344) (0.280)
Age between 20 and 65 0.730 0.773 0.725
(0.444) (0.419) (0.447)
Age 2 65 0.052 0.090 0.189
(0.221) (0.285) (0.392)
Education(1/2/3) 1.420 1.769 2.060
(0.568) (0.662) (0.624)
Owns Mobile Phone 0.660 0.847 0.935
(0.474) (0.360) (0.247)
Has Debit Card 0.125 0.431 0.848
(0.331) (0.495) (0.359)
Used Phone/Internet for Banking 0.062 0.181 0.588
(0.241) (0.385) (0.492)
Online Bill Payments 0.054 0.150 0.559
(0.225) (0.357) (0.497)
Bought Online 0.036 0.144 0.544
(0.186) (0.351) (0.498)
Online Payments 0.011 0.066 0.070
(0.106) (0.249) (0.256)
Can Get Emergency Funds 0.490 0.495 0.742
(0.500) (0.500) (0.438)
Sent Domestic Remittance 0.226 0.145 0.042
(0.418) (0.352) (0.201)
Sent Remittance by Phone 0.112 0.033 0.005
(0.315) (0.179) (0.070)
Received Domestic Remittance 0.272 0.172 0.040
(0.445) (0.378) (0.196)
If Recieved Remittance By Phone 0.127 0.035 0.002
(0.333) (0.185) (0.048)
Paid Utility Bills by Phone 0.047 0.052 0.130
(0.213) (0.222) (0.337)
Received Wages by Phone 0.025 0.026 0.027
(0.157) (0.159) (0.163)
Received Government Transfers 0.066 0.132 0.277
(0.248) (0.338) (0.448)
Received Government Transfers by Phone 0.011 0.008 0.012
(0.103) (0.088) (0.111)
Received Agricultural Payments 0.282 0.080 0.008
(0.450) (0.271) (0.091)
Received Agricultural Payments by Phone 0.026 0.004 0.000
(0.160) (0.063) (0.022)
Received Self-Employment Payments 0.103 0.089 0.069
(0.304) (0.285) (0.253)
Received Self-Employment Payments by Phone 0.014 0.006 0.005
(0.117) (0.078) (0.069)
Number of Countries 51 67 40
Observations 42643 72120 34056

Note: Standard Deviations in parentheses. Weights used as given in the data. Variable Education has
three levels (1, 2, 3). Data from 2017.
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Table 5. Determinants of Mobile Phone Ownership
Individual Owns a Mobile

LIDC EME AE
1 2 3
Female -0.090%** -0.062*** -0.062***
[0.005] [0.004] [0.006]
Secondary Education 0.168*** 0.083*** 0.019***
[0.007] [0.004] [0.005]
Tertiary Education 0.214*** 0.091*** 0.035***
[0.016] [0.006] [0.006]
Female x Secondary Education 0.043*** 0.042%** 0.056***
[0.009] [0.005] [0.007]
Female x Tertiary Education 0.077*** 0.068*** 0.062***
[0.023] [0.008] [0.008]
Age <20 0.056*** 0.186*** 0.162***
[0.011] [0.006] [0.005]
Age between 20 and 65 0.167*** 0.208*** 0.125***
[0.010] [0.005] [0.004]
2nd Income Quintile 0.031*** 0.027*** 0.011***
[0.007] [0.004] [0.004]
3rd Income Quintile 0.065*** 0.044*** 0.018***
[0.007] [0.004] [0.004]
4th Income Quintile 0.108*** 0.066*** 0.026***
[0.007] [0.004] [0.004]
5th Income Quintile 0.162*** 0.089*** 0.031***
[0.007] [0.004] [0.004]
Received Government Transfers -0.003 0.019*** 0.005*
[0.009] [0.004] [0.003]
In Workforce 0.069*** 0.058*** 0.033***
[0.005] [0.003] [0.003]
R? 0.181 0.161 0.104
Dependent Variable Mean 0.69 0.85 0.95
Country FE X X X
Year FE X X X
Number of Countries 49 64 39
Observations 41375 71756 33809

Note: The data is from 2017 since mobile ownership is only available for this year.
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Table 6. Uses of ICT for Various Purposes

Determinants and Social Dividends of Digital Adoption

LIDC EME
Using ICT for?
Bills Shopping Banking Gout. Bills Shopping Banking Gowt. Bills Shopping Banking Gowt.
1 2 3 4 5 6 7 8 9 10 11 12
Mobile Owner 0.017*** 0.013*** 0.032%** 0.004*** 0.016*** 0.028*** 0.044%** -0.001 0.166*** 0.149%** 0.167** 0.013***
[0.002] [0.002] [0.003] [0.001] [0.003] [0.003] [0.004] [0.001] [0.010] [0.010] [0.010] [0.002]
Female -0.009*** -0.000 -0.005*** -0.002 0.001 0.012%** 0.007*** -0.002*** -0.008 -0.015 -0.030%** -0.000
[0.003] [0.002] [0.003] [0.001] [0.004] [0.004] [0.004] [0.001] [0.011] [0.012] [0.011] [0.002]
Secondary Education 0.043*** 0.036*** 0.068*** 0.002 0.069*** 0.076*** 0.103*** 0.002 0.146%** 0.140%*** 0.153*** 0.036***
[0.003] [0.003] [0.004] [0.002] [0.004] [0.004] [0.004] [0.001] [0.010] [0.010] [0.009] [0.003]
Tertiary Education 0.118*** 0.100*** 0.212%** 0.002 0.234*** 0.241%** 0.309*** 0.001 0.282*** 0.296*** 0.283*** 0.100***
[0.007] [0.006] [0.008] [0.004] [0.006] [0.006] [0.006] [0.002] [0.011] [0.012] [0.011] [0.006]
Female x Secondary Education -0.021%+* -0.013*** -0.026*** -0.000 -0.011%** -0.018*** -0.028*+* 0.001 -0.019 -0.002 0.015 -0.013***
[0.004] [0.004] [0.005] [0.002] [0.005] [0.005] [0.005] [0.001] [0.013] [0.013] [0.013] [0.004]
Female x Tertiary Education -0.020*** -0.008 -0.033*** -0.004 -0.029%+* -0.033*** -0.066*** 0.002 -0.033*** -0.005 0.005 -0.008
[0.011] [0.009] [0.012] [0.005] [0.007] [0.007] [0.008] [0.002] [0.015] [0.015] [0.015] [0.009]
Age <20 0.014%** 0.026*** -0.007 0.007*** 0.072%* 0.166*** 0.059*** 0.004*** -0.011 0.300%*** 0.100%** 0.026***
[0.005] [0.004] [0.006] [0.002] [0.005] [0.005] [0.005] [0.001] [0.010] [0.010] [0.010] [0.004]
Age between 20 and 65 0.020%** 0.011%** 0.014*** 0.004*** 0.079%** 0.095*** 0.089*** 0.004*** 0.175%* 0.255%** 0.193*** 0.011%**
[0.005] [0.004] [0.005] [0.002] [0.004] [0.004] [0.005] [0.001] [0.007] [0.007] [0.007] [0.004]
2nd Income Quintile 0.006*** 0.003 -0.004 0.002 0.014*** 0.015%** 0.023*** -0.001 0.050*** 0.041%** 0.036*** 0.003
[0.003] [0.003] [0.003] [0.002] [0.004] [0.004] [0.004] [0.001] [0.007] [0.007] [0.007] [0.003]
3rd Income Quintile 0.014%** 0.009%** 0.008*** 0.005%** 0.029%** 0.031*** 0.044%** 0.002*** 0.093*** 0.090*** 0.075%** 0.009***
[0.003] [0.003] [0.003] [0.002] [0.004] [0.004] [0.004] [0.001] [0.007] [0.007] [0.007] [0.003]
4th Income Quintile 0.025*** 0.016*** 0.023*** 0.003*** 0.055*** 0.053*** 0.071*** 0.003*** 0.118*** 0.115%** 0.098*** 0.016***
[0.003] [0.003] [0.004] [0.002] [0.004] [0.004] [0.004] [0.001] [0.007] [0.008] [0.007] [0.003]
5th Income Quintile 0.042%** 0.028*** 0.054*** 0.003*** 0.100%** 0.101*** 0.121%** 0.005*** 0.163** 0.158*** 0.134%** 0.028***
[0.003] [0.003] [0.004] [0.002] [0.004] [0.004] [0.004] [0.001] [0.008] [0.008] [0.007] [0.003]
Received Government Transfers 0.051%** 0.033*** 0.045%** 0.131%** 0.017%** 0.014*** 0.036*** 0.044*** 0.030%** 0.041%** 0.021%** 0.033***
[0.004] [0.003] [0.005] [0.002] [0.004] [0.004] [0.004] [0.001] [0.005] [0.005] [0.005] [0.003]
In Workforce 0.012%** 0.009*** 0.020%*** 0.002%** 0.048*** 0.037*** 0.069*** 0.001 0.114%* 0.117*** 0.138*** 0.009***
[0.002] [0.002] [0.003] [0.001] [0.003] [0.003] [0.003] [0.001] [0.006] [0.006] [0.006] [0.002]
R? 0.070 0.061 0.124 0.109 0.220 0.212 0.246 0.043 0.279 0.263 0.290 0.061
Dep. Var. Mean .05 .03 .07 .01 15 14 .18 .01 .58 .55 .61 .03
Country FE X X X X X X X X X X X X
Year FE X X X X X X X X X X X X
Observations 41376 41376 41376 41376 75731 75731 75731 75731 33809 33809 33809 41376
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To calculate aggregate societal gains from digital adoption we consider three key economic outcomes—
education quality, time use (as measured by the fraction of a day—percent of 24 hours—spent doing unpaid
work), and labor force participation (LFP).* Data comes from the World Bank.'® To get at causal effects of
internet use on our economic outcomes, we use two econometric strategies—difference-in-differences (diff-in-
diff) regression and diff-in-diff regression with an instrumental variable. To implement our strategies, we
discretize our independent variable—internet use—into 5 bins Q = (0-20%), (20-40%), (40-60%), (60-80%),
(80-100%) and estimate the following equation:

Yoo =Bo+ z B 1{Internet UsecteQi} + B X + YRegion T Tyear T €ct (8)
ie{1,2,3,4,5}

where Y is the economic outcome of interest, Biiis the regression coefficient on a dummy variable if internet
use in country-year ct belongs to bin Qi, Xctis a vector of country-year level controls that include the GDP per
capita in the country along with all other slow-moving determinants of internet use from section Il, and yregion
and ryear are Region and Year fixed effects, respectively. The Region fixed effect controls for all time invariant
unobservables at the regional level and year fixed effects control for aggregates over time. We use robust

standard errors to account for heterogeneity in errors.

The coefficients recovered from running the specification in (8) will have a causal interpretation only if the
following parallel trends assumption holds: absence the treatment our dependent variables in the treatment
and control units must not evolve differently. We present support for this assumption in Annex V. Ideally,
we must verify that prior to internet adoption, countries in each region did not trend differentially. Due to a
small sample size, we are unable to verify this. Alternatively, we verify parallel pre-trends for the two lowest
bins of internet use (0-20%) and (20-40%) bunching our data into four time periods at roughly 5 years
intervals from 1997 to 2021 and running the same regression specification as in (8). The parallel trends
assumption holds for time use and labor force participation but not for education outcomes. For both
primary and secondary education test scores, the regression coefficient for period 4 (2015-2021) is
negative and statistically different from zero. This negative trend continues even in our instrumental

variables approach below and is a limitation of our identification strategy.

14 Note that labor force participation is also listed as one of the drivers of internet use. We believe the relationship between labor
force participation and internet use goes both ways. Intuitively, labor force participation increases income and therefore likely
affects internet use. In this section, we show the less intuitive direction of causality i.e., that internet use improves labor force
participation using an instrument for internet use to isolate exogenous variation.

15 Time use and labor force participation is available for women and men separately. We use these to disaggregate dividends for men
and women. We use test scores in math, reading, and science for primary and secondary school students from the Harmonized
Education Dataset to proxy quality of education.
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For the second strategy with the instrumental variable, we use the same specification as in (8) but instrument
for Internet Usect using leave-one-out average of internet use in the region of country c. The identifying
assumption is that internet adoption happens in regional waves and average internet use in the region of
country c leaving country ¢ out should not affect, for instance, test scores in country c independently of internet
use in country c (similar to an IV for democratization in Acemoglu and others 2019). Instead of creating five
instrumental variables for each bin, we instead use a control function approach and control for the predicted
error term from a “first stage” regression of internet use in the home country on the leave-one-out average
internet use in the region. We find that internet use in a country is highly correlated with average internet use in

the region.

Across panels A and B in Table 7, our analysis shows that there is a robust positive effect of internet use on
secondary school test scores. Relative to internet use in the first bin, increasing internet use up to the fifth bin
increases average secondary education test scores between 28 to 44 points. To put this effect in context, the
average test score in our sample is 480 and the minimum is 300. Assuming that 300 is the lowest possible
score, the effective average score in our sample is 180. Using this as a reference, an increase of 28 points
yields a 16 percent increase in test scores over the effective baseline average of 180 points. Secondly, internet
use increases LFP anywhere between 6 to 10 percentage points over an average of 68 percent as internet use
increases from the first to fifth bin. This increase in labor force participation is mainly driven by internet use in
higher bins and is larger for women than men. This is consistent with a recent study by Chiplunkar and
Goldberg (2022) who find that the expansion of internet in India led to an increase in the likelihood of working in
the services sector for both men and women. We do not find a robust effect on time use patterns, but the
coefficients in panel A suggest that time spent doing unpaid work (e.g., household chores) decreases for

women but remains unchanged for men.

Next, we conduct back-of-the-envelope calculations of monetized social dividends using our most conservative
results from table 7, panel B. Table 8 presents estimates from the back-of-the-envelope calculations when we
increase internet use in LIDCs and EMEs from the second and fourth bins to the fourth and fifth bins,

respectively.
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Table 7. Effects of Internet Use on Education Quality, Labor Force Participation and Unpaid Work

Education Labor Force Participation Time Spent on Unpaid Work
Primary Secondary Al Female Male Female Male
1 2 3 4 5 6 7
Panel A: Difference-in-Differences
Internet Use 20-40% 6.776 18.010** 0.946 1.047 0.501 -1.354* 0.012
[10.314] [7.019] [0.868] [1.172] [0.788] [0.757] [0.625]
Internet Use 40-60% 12.276 26.768*** 2.124* 2.764* 1.775* -2.029* -0.39
[12.370] [8.407] [1.102] [1.504] [0.917] [1.035] [0.629]
Internet Use 60-80% 30.003 36.606*** 5.876*** 7.227*%* 3.980*** -1.965 -0.35
[19.248] [10.817] [1.379] [1.964] [1.091] [1.275] [0.826]
Internet Use 80-100% 45725 44.713*** 10.184*** 13.074*** 6.362*** -2.754* 0.01
[29.215] [13.560] [2.079] [2.746] [1.604] [1.631] [1.060]
GDP PC -0.696** -0.015 0.186** 0.166* 0.125** 0.009 0.056*
[0.324] [0.190] [0.084] [0.087] [0.058] [0.028] [0.032]
Panel B: IV Difference-in-Differences
Internet Use 20-40% -2.523 12.936*** -0.3 -0.608 0.043 -0.444 0.144
[7.666] [4.073] [0.643] [0.818] [0.619] [0.755] [0.639]
Internet Use 40-60% -3.863 18.198*** -0.123 -0.205 0.954 -0.484 -0.165
[11.689] [6.592] [0.793] [0.974] [0.690] [0.941] [0.619]
Internet Use 60-80% 7.132 24.416** 2.670*** 2.949** 2.796*** 0.181 -0.038
[17.712] [9.966] [0.980] [1.313] [0.919] [0.995] [0.781]
Internet Use 80-100% 15.558 28.688* 5.955%** 7.419%** 4.797*** -0.014 0.409
[20.220] [14.496] [1.389] [1.862] [1.243] [1.318] [0.876]
GDP Per Capita -0.781** -0.061 0.172** 0.147* 0.119** 0.019 0.057*
[0.379] [0.207] [0.083] [0.084] [0.058] [0.029] [0.034]
Dep. Var. Mean 478.21 478.16 67.65 56.77 78 18.1 7.83
Region, Year FE X X X X X X X
Slow-Mov. Cont. X X X X X X X
Observations 1044 1680 4200 4100 4100 1091 1090
Table 8. Monetized Average Annual Social Dividends
(in billions of PPP constant 2017 US dollars)
Income Group Average Education Female Male Total
GDP Quality LFP LFP LFP
EME 827 8.8 6.3 15.2
LIDC 122 0.5 0.4 1.0

We follow Schoellman (2012) to calculate monetized benefits from improved education scores (a proxy for

education quality). Using data from IPUMS International, we first back out returns to education for male

immigrants in the US by country of birth and education. Assuming that differences in returns to schooling for a

given level of education represent differences in education quality in home countries, we construct a cross-

country log-log relationship between estimated returns to schooling and most recent average test scores for

countries in our sample (as shown on Figure 9) and find an elasticity of 0.34. Finally, we use the derived

elasticity along with average education attainment from IPUMS international and returns to secondary test

scores from internet use from panel B of Table 7 to estimate benefits. We find annual gains of 9 billion

(1.1 percent of GDP) and 2.79 billion (2.3 percent of GDP) in PPP constant 2017 US dollars for an average

EME and LIDC, respectively.
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Gains from increased overall LFP are largely driven by women for EMEs as well as LIDCs and are large in
magnitude. These gains are calculated in several steps. Using the World Bank’s Compensation of Employees
data, we first calculate the average annual wage of a labor force participant in the economy assuming equal
wages for men and women. These are found to be $16,918 for EMEs and $3,093 for LIDCs in PPP constant
2017 US dollars. We then use the effect of moving a LIDC from the second bin of internet use to the fifth bin of
internet use and an EME from the fourth bin to the fifth bin and calculate how many more workers will be added
to the workforce. Multiplying the number of new labor force participants with average wage of a labor force
participant, we find annual gains of $15 billion in PPP for an average EME or 1.8 percent of GDP PPP in
constant 2017 US dollars and $0.95 billion in PPP for an average LIDC or 0.8 percent GDP PPP in constant
2017 US dollars. The increase in female labor force participation accounts for about 58 percent of these gains

for EMEs and 57 percent of gains for LIDCs.

Figure 9. Returns to Education Quality
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The cost-benefit analysis suggests that on average EMEs and LIDCs can expect net benefits from internet
adoption. We present cost-benefit estimates for an increase in internet usage from 72 percent to 90 percent in
EMEs and from 32 percent to 72 percent for LIDCs. The calculations are done for 81 EMEs and 51 LIDCs.
Summing gains from education quality improvements and increased LFP, LIDCs and EMEs on average can

expect annual gains of approximately $3.7 billion and $24 billion in PPP constant 2017 US dollars, respectively
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(Table 9). Using a real discount rate of 5 percent, the present value of these benefits is $3.8 trillion and $39
trillion for LIDCs and EMEs, respectively. Taking a more conservative approach, we assume that returns start
arriving only after 10 years of using the internet. In that case, the discounted value of returns becomes $2.3
trillion and $23.4 trillion in PPP constant 2017 US dollars for LIDCs and EMEs, respectively.

To calculate costs, we conservatively assume that the subsidies are offered for all future periods and are
untargeted. In that case, the present discounted costs amount to $4.6 trillion and $4 trillion in PPP constant
2017 US dollars for EMEs and LIDCs, respectively. It appears that the case for internet subsidies is clear for
EMEs. For LIDCs there is a case only for targeted subsidies which in terms of present value amount to

$2.2 trillion in PPP constant 2017 US dollars.

Three points are worth noting related to the cost-benefit calculations discussed above. First, subsidies may not
be required perpetually as other determinants of internet adoption evolve over time and drive internet adoption
independently of prices. Second, internet adoption is likely to lead to network effects. Both these mechanisms

can potentially reduce the costs of subsidizing the internet. Lastly, our calculations of subsidies use the current

high price of $16, but this price is expected to come down steeply given the trends presented in Figure 3.

Table 9. Total Discounted Costs and Benefits in LIDCs and EMEs
(in trillions of constant PPP US dollars)

Present Discounted Value (T = «) in $ Trillion
Income Discount Benefits Costs
Group rate (%)

Immediate 10-year lag Untargeted Targeted

EME 5 39.1 23.4 4.6 0.9
LIDC 5 3.8 2.3 4.0 2.2

This paper considers how to increase digital adoption by systematically answering three pertaining questions:
(i) What are key determinants of digital adoption? (ii) What is the role of public policy in encouraging digital
adoption and closing the digital divide? and (iii) what does the society gain from accelerating the pace of digital

adoption?

We started with selecting the strongest predictors of internet use and categorized them as “Slow-Moving Policy
Variables” and “Fast-Moving Policy Variables.” The former includes factors like prices and mobile phone
ownership while the latter includes more structural variables that are usually difficult to move in the short run
(e.g., labor market outcomes, human capital, inequality, sectoral composition, and level of urbanization). We
note that these are statistically the most powerful predictors of internet adoption but may not be economically

the most powerful tools. Using prices as a potential policy tool, we develop a structural model of demand for
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internet use and estimate demand elasticities using our aggregate data. These elasticities provide us estimates
of subsidy requirements if the policy makers used prices to increase demand.

Since targeting subsidies requires much less public expenditure, we explored the composition of the digital
divide. We found a significant digital divide across as well as within countries. Low-income countries are
significantly behind emerging and advanced economies in terms of adoption. Within countries, we found a
strong divide across gender, age, education, and labor force participation. These patterns hold stronger on
LIDCs but nevertheless existed across the world.

We estimate the social value from internet adoption using three economically relevant variables: education
quality, time use, and LFP. We find that not only do these variables improve with internet use but also women
tend to benefit more in terms of better time use and higher labor force participation.'® Reassuringly, the
potential benefits on these three economic outcomes seem large and meaningful enough to warrant a policy
push toward digital adoption. Since social dividends were calculated with country-level aggregate data, more

rigorous econometric work using within-country data might help support these conclusions.

16 1t is worth noting that there are potential negative effects of excess internet usage like obesity and addiction that we have not
accounted for in our analysis.
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Name of the Variable Source Unit

ICT Investment World Bank % GDP
Population Density World Bank 100 per sq km
Electricity Access World Bank %

Log Fixed Broadband ITU $ PPP
Log Mobile High Package ITU $ PPP
Log Mobile Low Package ITU $ PPP
Industry Value Added World Bank % GDP
Services Value Added World Bank % GDP
Agriculture Value Added World Bank % GDP
GDP per Capita World Bank $1,000
Education Completion (Secondary) World Bank %
Education Completion (Primary) World Bank %
Women Empowerment World Bank %
Inequality World Bank GINI
Poverty at $1.9 World Bank Head-Count Ratio ($1.9)
Rural Population World Bank %
Lowest 20% Income World Bank %

2nd Lowest 20% Income World Bank %

3rd Lowest 20% Income World Bank %

2nd Highest 20% Income World Bank %
Highest 20% Income World Bank %
Labor Force Participation Rate World Bank %
Population Covered 3G (%) ITU %
Handset Price GSMA % Monthly GDP
Gender Parity GSMA %

UN E-Government Score UN Score (1-100)
Apps in National Language(s) GSMA %
Mobile Ownership GSMA % Population
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Most variables at the country level in World Bank’s World Development Indicators are not available for all years
of the study period 1997-2021. We fill in missing values of the variables using multiple methods. For each of
our variables, we linearly interpolate and extrapolate using the gradient from two most recent years that we
have the data for. For example, if a variable X has values in 2011, 2014 and 2017, we use data from 2014 and
2017 to linearly interpolate values for 2015 and 2016 and extrapolate linearly for 2018 and later. For missing
data before 2014, we use information from 2011 and 2014 to interpolate for 2012 and 2013 and extrapolate for
years before 2011. Naturally, some of the extrapolations generate negative values for our variables. All
negative values have been replaced with missing values. Lastly, for variables that are measured in
percentages, we replace all extrapolated values above 90 percent with missing values since it is unlikely that

variables grow linearly at very high levels.

This process produces missing values which hinder running multivariate regressions in section 3. To deal with
this, we replace missing values with average values of each variable and generate a corresponding dummy
variable that take a value of one for values that have been imputed using means. In all our regression results,

we control for these dummy variables to partial out all the imputed values.
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Figure Alll.1 Correlates of Internet Use
(percent of population; regression coefficients 81 from equation 1)
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Figure Alll.2 Correlates of Internet Access at Home
(percent of population; regression coefficients 81 from equation 1)
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Note: Country fixed effects and standard errors clustered at country level. Controls include GDP per capita.
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We use the program rlasso available in the STATA package ‘LASSOPACK’ for estimation (Chernozhukov et al.
[2021], Ahrens et al. [2020]). The LASSO estimator g solves the following problem:

1 A
mﬂinﬁRSS+NII1/)><ﬁII1 9

Where RSS = Y.(y; — x/8)? denotes the residual sum of squares, B is the p-dimensional parameter vector, A is
the overall penalty level, ||. ||;denotes the L1-norm, i.e., ¥;la;|, w is a p by p diagonal matrix of predictor-specific

penalty loadings (fLASSO treats  as a row vector), N is the number of observations. We partial out GDP per
capita, country fixed effects, and all the dummy variables for imputes values corresponding to the included

predicting variables. The default Bartlett kernel with bandwidth 11 (orderT%) has been used.
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Annex V. Validating Parallel Trends Assumption

Parallel Trends—Simple Difference-in-Differences
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