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Abstract

The digital revolution has ushered in tremendous societal and economic benefits.
Yet access to digital technologies such as mobile phones and internet remains highly
unequal, especially by gender in the context of low- and middle-income countries. Re-
liable, quantitative estimates of digital gender inequalities are essential for monitoring
gaps and implementing targeted interventions within the global sustainable develop-
ment goals. While national-level estimates are available for many countries, subnational
estimates are critical since internet and mobile phone adoption vary substantially by
geography. Here we develop estimates of internet and mobile adoption by gender and
digital gender gaps at the subnational level for 874 regions in 55 countries across the
African continent, a context where digital penetration is low and national-level gen-
der gaps disfavouring women are large. We construct these estimates by applying
machine-learning algorithms to Facebook audience counts derived from the platform’s
marketing application programming interface (API), geospatial and population data.
We train and assess the performance of these algorithms using “ground truth” data
from nationally-representative household survey data from 19 countries in Africa. Our
results reveal striking disparities in access to mobile and internet technologies between
and within countries, with implications for policy formulation and infrastructure in-
vestment.
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1 Introduction1

The digital revolution has yielded major societal and economic benefits. Internet and mo-2

bile technologies enhance information access (DiMaggio and Hargittai, 2001; Kashyap et al.,3

2023), bolster social connectivity (Masi et al., 2011; Findlay, 2003), increase economic pros-4

perity (Aker and Mbiti, 2010; Hjort and Poulsen, 2019), and expand access to key services5

like mobile banking (Suri and Jack, 2016). Yet the benefits of this digital revolution have6

accrued unevenly. An estimated 2.7 billion people have never accessed the internet (Union,7

2022), and of these the majority are women and girls. In terms of mobile access, over 1308

million more men than women own mobile phones (GSMA, 2023). This digital divide by9

gender is an increasingly salient dimension of population inequality in the modern world.10

The gender digital divide is especially pronounced in low- and middle-income countries11

(LMICs). Reliable quantitative estimates of digital gender inequalities are key for tracking12

progress on and implementing targeted policies and intervention in the context of the global13

sustainable development goals (SDGs). Reducing inequalities in access to digital technologies14

by gender is a target within SDG 5 on gender equality, while digital literacy is a core part of15

SDG 4 on the right to education. While the availability of national-level estimates of digital16

gender gaps has improved (Fatehkia, Kashyap and Weber, 2018; Kashyap et al., 2020), sub-17

national estimates remain sparse. Subnational estimates however are critical since internet18

and mobile phone adoption vary within countries, and geographically granular estimates19

are relevant for monitoring progress and developing targeted interventions. As development20

programmes increasingly become digital (e.g. mHealth), understanding which social groups21

and regions stand to benefit from them is central to promoting sustainable development.22

Past subnational estimates of digital adoption are typically based on probabilistic household23

surveys or censuses (Cohen and Adams, 2011; World Bank Group, 2016), but often lack gen-24

der disaggregation. Moreover, as subnational estimation requires larger sample sizes, these25

conventional methods are often slow and expensive to implement (Rojas, 2015). To date,26

there are no subnational estimates of digital gender gaps in the majority of LMICs in the27

world.28

To help address this challenge, we construct estimates of digital adoption by gender and29
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digital gender gaps in Africa by applying machine-learning algorithms to social media data30

together with population and development indicators. The social media data that we use31

are gender-disaggregated, subnational Facebook audience counts derived from the Facebook32

marketing API. We train and assess the performance of these algorithms using “ground33

truth” data from nationally-representative Demographic and Health Surveys (DHS) from 1934

countries in Africa. Our analyses focuses on Africa as this is the context where national-35

level digital gender gaps disfavouring women are large (Fatehkia, Kashyap and Weber, 2018;36

Kashyap et al., 2020), and subnational data on digital inequalities by gender across the whole37

continent are limited. The availability of recent DHS data across the continent provides us38

good coverage of ground truth data to train and test our models to assess the validity39

of our approach, and expand geographical coverage of subnational digital gender gaps to40

55 countries and four territories across the African continent. Our results reveal striking41

geographical disparities in access to internet technology between and within countries, with42

implications for policy formulation and infrastructure investment.43

2 Background44

2.1 Benefits of digital technology45

Digital technologies affect health and overall well-being through many channels (Hjort and46

Poulsen, 2019; Suri and Jack, 2016; World Bank Group, 2016; Kashyap et al., 2023). The47

internet and mobile phones are powerful mediums for boosting social connectivity, social48

learning, and access to economic services such as mobile banking (Unwin, 2009; DiMag-49

gio and Hargittai, 2001; Suri and Jack, 2016). Increasing internet adoption also has other50

“digital dividends”— it creates new jobs (Hjort and Poulsen, 2019), improves educational51

outcomes (Kho, Lakdawala and Nakasone, 2018), increases social capital (Kharisma, 2022),52

and impacts demographic processes such as fertility (Billari, Giuntella and Stella, 2019) and53

migration (Pesando et al., 2021). Digital technologies also have the potential to empower54

women (Dettling, 2017; Lund et al., 2014; Lagan, Sinclair and Kernohan, 2010; Rotondi55

et al., 2020). Mobile phone usage is associated with lower gender inequality, higher con-56
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traceptive uptake, and lower child and maternal mortality (Rotondi et al., 2020). Notably,57

these benefits are often greatest in the most unequal, disadvantaged areas.58

2.2 Gender-based digital disparities59

Large inequality persists in access to and usage of digital technologies. Factors like education,60

age, class, and race, as well as their intersections, play a significant role in determining who61

gets access to these technologies and how they use them (Muschert, 2013). Although the62

accessibility gap has declined or disappeared in most high-income countries, gaps persist in63

the majority of low- and middle-income countries (Kashyap, 2021).64

This digital inequality is highly gendered. More than 250 million more men than women65

have accessed the internet (Union, 2017), and 130 million more men than women own mobile66

phones (GSMA, 2023). These digital gender gaps reflect broader structural inequality in in-67

stitutional sectors such as the education system and labor markets (Hilbert, 2011; Robinson68

et al., 2015). In addition to institutional sexism, culture is also key in determining women’s69

access to digital technologies. In many strongly patriarchal countries, access to such tech-70

nologies is mediated by men who often limit women’s access (Abu-Shanab and Al-Jamal,71

2015).72

2.3 Big data innovations for development indicators73

The data ecosystem for measuring population and development indicators has increasingly74

expanded with the growing use of digital technologies across the world, which have generated75

new streams of digital trace and geospatial data (Kashyap, 2021). Researchers have taken76

advantage of this new data ecosystem in different ways to measure population and devel-77

opment processes, such as to predict wealth for microregions from mobile metadata (Blu-78

menstock, Cadamuro and On, 2015; Chi et al., 2022), assess air quality after wildfires using79

sattelite imagery (Burke et al., 2023), and predict well-being from tweets (Resce and May-80

nard, 2018). Despite weaknesses of these new data resources, such as issues of bias and81

non-representativeness, and lack of transparency about the algorithms that often generate82

them (Lazer et al., 2014), their high-frequency and real-time characteristics, as well as often83
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better geographical resolution, makes them a promising data source to predict the present84

(“nowcasting”) (Salganik, 2018).85

Facebook’s advertisement audience size estimates — freely available through Facebook’s86

marketing application interface (API) — provide researchers with counts of Facebook users87

by geographic area and sociodemographic characteristics, such as gender and age. Re-88

searchers have used these audience count data to study migration (Zagheni, Weber and89

Gummadi, 2017; Rampazzo et al., 2021), population displacement (Leasure et al., 2023),90

wealth inequalities (Fatehkia et al., 2020), population health (Araujo et al., 2017), and most91

relevantly, gender inequality in access to the internet and mobile phones at the country-level92

(Kashyap et al., 2020; Fatehkia, Kashyap and Weber, 2018). These Facebook audience count93

data can serve as a type of “digital census” of the platform allowing researchers to look both94

at overall counts of users and differential rates of use across sociodemographic groups.95

While the above-mentioned research has highlighted the value of data from the Facebook96

marketing API for monitoring national-level digital gender inequality, there are currently97

no estimates of digital gender gaps at the subnational level. Whether methods using the98

Facebook marketing API developed for the national-level can be extended for generating99

subnational estimates for this indicator, but also potentially also for other population and100

development indicators, remains unexplored. Subnational estimates are crucial for several101

reasons. First, there is often large amounts of geographic hetereogeneity: countries may102

exhibit significant regional disparities in infrastructure, education, overall development, as103

well as social norms (Michalopoulos and Papaioannou, 2014), which in turn can create large104

variation in digital adoption by gender. This variation is obscured in a national-level es-105

timate. Second, for effective targeted policy, infrastructure enhancement, and intervention106

strategies, it is essential to identify subnational areas with low digital connectivity rates, and107

if these rates vary differentially by gender.108

3 Data109

For this study, we employ three sources of data. For our predictive models, we use both110

“online” and “offline” features. Our “online features” are variables generated from data on111
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Facebook Monthly Active Users (MAUs) (e.g., fraction of male users over age 13, fraction112

of female users over age 13) from the marketing API. Our “offline” features are a set of113

variables on population density and indices on human development, education, and income.114

To train and calibrate our models, we use ground-truth data on internet use and mobile115

phone ownership from 19 Demographic and Health Surveys in Africa.116

3.1 Ground truth data on internet and mobile access117

Our ground-truth data comes from 19 Demographic and Health Survey (DHS) conducted118

between 2015–2019, i.e. from phase seven onward in the DHS programme when the digital119

measures were first included in the DHS. The DHS surveys are representative at the first120

administrative subnational level and collect individual-level data about both internet usage121

and mobile phone ownership for both men and women. We combine these DHS estimates122

with population estimates from WorldPop (WorldPop, 2023) to obtain estimates of the per-123

cent of men and women aged 15–49 who (1) own a mobile phone; (2) have accessed the124

internet in the past 12 months; (3) who have ever accessed the internet. We also calculate125

the gender gap, defined as:126

Gender Gap =
If/Im

Popf/Popm

(1)

where for a specific indicator I (e.g., mobile phone ownership or internet use in the past127

12 months), If is the number of female users aged 15–49, Im is the number of male users128

aged 15–49, Popf is the total population of women aged 15–49, and Popm is the total male129

population aged 15–49.130

3.2 Facebook Audience Counts131

To obtain counts of Facebook monthly active users, we query the Facebook Marketing API.132

The Facebook Marketing API provides estimates of the number of daily or monthly active133

users disaggregated by characteristics such as gender, age, and access device type in a given134

geographic boundary (e.g., country or state). We used an adapted version of the pysocial-135

watcher package (Araujo et al., 2017) to collect information on digital connectivity at the136

GADM-1 level.1 GADM1 regions largely correspond to the first administrative subnational137
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region of a country. We define all online features as gender-specific fractions, or as gender138

gaps (female-to-male ratios) (see Table 1). For example, the ‘All Devices Gender Gap’ vari-139

able refers to the female-to-male ratio of Facebook users in a given GADM-1 unit across all140

devices. The 13+ FB penetration variable corresponds to the proportion of female Facebook141

users relative to the female population in the same GADM-1 unit.142

Variable Name Type Source Country (N) Subnational (N)

Perc Ever Used Internet 15-49 FM Ratio Offline DHS 19 309
Perc Ever Used Internet 15-49 Men Offline DHS 19 309
Perc Ever Used Internet 15-49 Wom Offline DHS 20 319
Perc Owns Mobile Phone 15-49 FM Ratio Offline DHS 19 309
Perc Owns Mobile Phone 15-49 Men Offline DHS 19 309
Perc Owns Mobile Phone 15-49 Wom Offline DHS 20 319
Perc Used Internet Past Year 15-49 FM Ratio Offline DHS 19 308
Perc Used Internet Past Year 15-49 Men Offline DHS 19 309
Perc Used Internet Past Year 15-49 Wom Offline DHS 20 319
All Devices Age 13+ GG Online FB marketing API 57 813
FB Penetration 13+ Female Online FB marketing API 57 844
FB Penetration 13+ Male Online FB marketing API 57 844
iOS 13+ Female Fraction Online FB marketing API 57 781
iOS 13+ Male Fraction Online FB marketing API 57 813
WiFi Age 13+ Female Fraction Online FB marketing API 57 781
WiFi Age 13+ Male Fraction Online FB marketing API 57 813
X4G Network Age 13+ Female Fraction Online FB marketing API 57 781
X4G Network Age 13+ Male Fraction Online FB marketing API 57 813
FB Rural WiFi Mean (Pop Weighted) Offline FB marketing API 50 764
Educational Index Females Offline Subnational Dev. Database 50 782
Educational Index Males Offline Subnational Dev. Database 50 782
Income Index Females Offline Subnational Dev. Database 50 782
Income Index Males Offline Subnational Dev. Database 50 782
Subnational GDI Offline Subnational Dev. Database 50 782
Subnational HDI Females Offline Subnational Dev. Database 50 782
Subnational HDI Males Offline Subnational Dev. Database 50 782
WPop 2020 Age 15-49 Female Fraction Offline WorldPop 58 869
WPop 2020 Age 15-49 Male Fraction Offline WorldPop 58 869
WPop 2020 Pop Density Offline WorldPop 59 874
Nightlights DHS Year Mean Pop Weighted Offline Earth Observation Group 58 869

Table 1: List of features used in the analysis with their predictor type.

1GADM, the Database of Global Administrative Areas, is a publicly-available, high-resolution database
of country administrative areas. When boundaries are available in the FB marketing API that match the
GADM-1 boundaries, we use use the default FB boundaries. In situations where we do not use any boundaries
available in Facebook that match the GADM-1 boundaries, we instead create custom polygons to match the
GADM-1 boundaries. We collected estimates on gender, age, device type, and other indicators.
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4 Methods143

We model three different outcomes (mobile phone ownership, used internet in the past 12144

months, and used internet ever), three different indicators (percent of men, percent of women,145

and the Female-Male gender gap), and three different types of predictive models (online146

predictors, offline predictors, and online and offline predictors). In total, we fit 27 separate147

models.148

4.1 Machine learning approach149

We use a machine learning approach for prediction. We predict each of these separate indica-150

tors using a combination of online and offline features. Flexible machine learning algorithms151

are appealing in this setting because of their ability to detect interactions, model higher or-152

der effects, and better handle multiple, highly-correlated predictors (Rose, 2013; Puterman153

et al., 2020). Machine learning approaches have been applied for similar predictions setting,154

such for small-area estimation of wealth (Blumenstock, Cadamuro and On, 2015; Chi et al.,155

2022).156

For most prediction tasks, it is impossible to know a priori which algorithm will have the157

best performance. To overcome this, we use Superlearning—also known as weighted ensem-158

bling or stacking—a method for combining many machine learning algorithms into a single159

algorithm (Van der Laan, Polley and Hubbard, 2007). The motivation behind Superlearning160

is that a weighted combination of different algorithms may outperform any single algorithm161

by smoothing out limitations of any specific algorithm. The Superlearner algorithm selects162

the best weighted combination of algorithms using a k-fold cross-validation procedure to min-163

imize cross-validated risk (Van der Laan, Polley and Hubbard, 2007). For our Superlearner,164

we use a range of popular machine learning algorithms: random forests, generalized linear165

regression, gradient boosting machines, lasso regression, elastic net regression, polynomial166

splines regression, ridge regression, and extreme gradient boosting machines.167
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Algorithm Description

glm Generalized Linear Model
glmnet (Lasso) Lasso Regression
glmnet (Ridge) Ridge Regression
glmnet (Elastic Net) Elastic Net with 50% L1 Ratio
polspline Polynomial Spline
ranger Random Forest with 100 Trees
gbm Gradient Boosted Machine
xgboost Extreme Gradient Boosting
SuperLearner Ensemble method combining multiple learning algorithms

Table 2: Machine learning algorithms

4.2 Cross-validation168

To evaluate the performance of our model, we use 10-fold cross-validation and leave-one-169

country-out cross-validation (LOCO-CV). For conventional 10-fold cross-validation, we ran-170

domly split our sample into ten separate folds. We trained our models on 9 folds and made171

predictions on single hold-out fold; we repeated this process for each fold. We use the172

predictions on all held-out folds to estimate several model performance metrics.173

For LOCO-CV, we split the sample into 19 separate folds defined by country. Holding174

out all subnational units in a given country (“hold-out partition”), we fit our models on175

the rest of our dataset (“training partition”). We then use our models to predict on the176

held-out subnational units of that country. This process is iterated for each country in the177

dataset, ensuring that every country’s subnational units serve as a hold-out set. We use the178

predictions on all held-out units to estimate model performance metrics. By holding out179

data from a single country during training, LOCO-CV tests the model’s capability to han-180

dle inter-country variability and minimizes overfitting risks specific to individual countries.181

Contrary to standard 10-fold cross-validation, LOCO-CV addresses concerns of geographical182

independence, providing a more stringent assessment of the model’s geographical robustness.183

In comparison to 10-fold cross-validation, LOCO-CV predictions show more conservative es-184

timates of predictive fit (see Figure A6).185
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4.3 Performance Metrics186

We use several different to assess model performance metrics. First, we use R2, the coefficient187

of determination. Given a set of observed values {y1, y2, . . . , yn} and a set of predicted values188

{ŷ1, ŷ2, . . . , ŷn}, the R2 value can be computed as:189

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(2)

Where yi is the observed value for the i-th observation; ŷi is the predicted value for the ith190

observation; and ȳ is the mean of the observed values. As an alternative metric for assessing191

model fit, we use mean average error (MAE):192

MAE =
1

n

n∑
i=1

|yi − ŷi| (3)

The R2 value, or coefficient of determination, quantifies the proportion of variance in the193

dependent variable explained by the model, ranging between 0 and 1; a higher value suggests194

a better fit. The Mean Absolute Error (MAE) provides an absolute measure of the average195

prediction error in the dependent variable’s units, with a lower MAE indicating better model196

accuracy. Using both metrics is advantageous: while R2 offers a relative measure of fit, MAE197

yields a direct interpretation of prediction error magnitude, and is more robust to outliers.198

Together, they offer a more comprehensive assessment of model performance than either199

metric alone.200

5 Results201

Figure 1 illustrates our main result: our model-based approach for estimating subnational202

gender gaps greatly expands our geographic coverage of digital gender gaps. Panels (A),203

(C), and (E) show our ground-truth indicators of mobile phone ownership from the DHS204

surveys. Our ground truth data cover approximately one-third of countries in the African205

continent. In Panels (B), (D), and (F), we present our model-based indicators of mobile206

phone ownership from our superlearner online-offline model, capturing almost all countries207
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in Africa, and strong predictive performance (see Table A3 for comparison across different208

algorithms). Qualitatively, our model-based predictions broadly track our observed ground209

truth. In short, our model-based approach allows for a three-fold increase in geographic210

coverage and approximates our observed rates of mobile phone ownership reasonably well.211

Similar patterns also apply to the internet use outcomes (see Figure A7), for which we also212

obtain similar expansion of geographical coverage for the indicator. Notably, overall levels213

of internet usage are on average lower than mobile phone ownership.214
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Figure 1: Panel (A), Panel (C), Panel (E) show survey-based ‘ground truth’ estimates
of mobile phone ownership indicators for 19 countries. Panel (B), Panel (D), Panel
(F) show model-based estimates of the mobile phone ownership digital gender gaps for 55
countries and 4 territories.
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Next, we compare the performance of models trained on on different features sets (e.g., on-215

line features, offline features, online and offline features). Figure 2 shows the R2 value for our216

superlearner algorithm using each different set of features measured with leave-one-country-217

out cross-validation (LOCO-CV). The modeled trained using only “online” predictors from218

Facebook (blue points) generally had the best performance. Models trained only with the219

offline features (green points) had the worst overall performance, and models trained using220

online and offline features (red points) generally had slightly lower performance than models221

trained exclusively with the online features. Across all models, adding in the online features222

led to a substantial increase in the predictive accuracy of the model. When examining model223

performance across LOCO-CV and 10-fold CV, we generally find higher R-squared values224

with 10-fold CV, as shown in Figure A6. With 10-fold CV, we also find that the online-225

offline feature set performs the best more consistently than is the case with LOCO-CV. This226

suggests that LOCO-CV may minimize potential overfitting that a larger feature set offers.227
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Figure 2: For each indicator, the R2 from leave-one-country-out cross-validation using online
predictors, offline predictors, and online and offline predictors.

To further assess the predictive accuracy of our machine learning models, we compared228

our ‘ground-truth’ data from the DHS surveys to our model predictions for each GADM-1229

subnational unit from leave-one-country-out cross-validation (LOCO-CV). Figure 3 shows230

the observed vs. predicted values of the mobile phone ownership indicators for each GADM-231

1 subnational unit. The correlation between the predicted and observed value is highest for232

women (R = 0.74) and lowest for the gender gap (R = 0.62). The gender gap is intuitively233

a noisier metric to predict, as the underlying “ground truth” data is likely to have more234

uncertainty, as it is the ratio of two separate estimates, both with sampling uncertainty.235

We would therefore not expect a perfect correlation between our observed and modeled236
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estimates. In addition, we note that while this plot shows the average correlation pooled237

across all countries, there is substantial country-level heterogeneity in the accuracy of our238

predictions (Figure A9), a point we intend to explore in more depth as we extend this work.239

Figure 3: Panel (A) shows the predicted vs. observed model mobile phone ownership for
women. Panel (B) shows mobile phone ownership for men. Panel (C) shows the mobile
mobile phone ownership gap, defined as the ratio of female mobile phone users to male mobile
phone users

Figure 4 shows the performance of our approach for estimating internet use (past 12240

months) in Nigeria. Several insights emerge from this figure. First, there is large subnational241

heterogeneity in the underlying ground-truth data. Nearly 55% of women in the relatively242

affluent and urban state of Lagos have accessed the internet in the past 12 months, while243

less than 1% of women have accessed internet in the rural state of Kebbi. This highlights the244

importance of considering the subnational context. Second, the model-based estimates align245

closely with the observed predictions; the correlation between the model-based estimates246

and the observed ground-truth is R = 0.88. Finally, the error in the predictions (Panel C)247

displays some geographic clustering. These same patterns are observable in our predictions248

of female mobile phone ownership in Nigeria (see Figure A8).249
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Figure 4: For women in Nigeria, the observed rate of internet use (Panel A), model-based
predictions of rate of internet use (Panel B), and the error between our observed and
predicted values (Panel C, Panel D).

We investigate the relationship between overall levels of mobile phone ownership and250

the mobile phone gender gap by comparing rates of male mobile phone ownership to mobile251

gender gaps at the GADM-1 level. Figure 5 shows there is a clear linear relationship be-252

tween rates of male mobile phone ownership and the mobile phone gender gap: as rates of253

mobile phone ownership increases for men, the mobile gender gap declines. Yet there is also254

substantial variation in this broad trend, suggesting that institutional and cultural factors255

likely mediate the relationship between overall rates of mobile phone ownership and gender256

gaps.257
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Figure 5: Scatterplot of the level of male mobile phone ownership vs. mobile phone gender
gap. The mobile phone gender gap is capped at 1.

6 Discussion258

Gender-based disparity in access to digital technology is an increasingly important dimen-259

sion of population inequality. Yet tracking and measuring this important indicator is often260

challenging due to data limitations. Here, we demonstrate a new approach to estimating261

subnational indicators of digital gender gaps using Demographic and Health Surveys paired262

with aggregate Facebook audience count data derived from the platform’s marketing API.263

Together, our results demonstrate the promise of using Facebook audience count data264

combined with population and development indicators for making subnational predictions265

on digital adoption by gender for the continent of Africa. Our results suggest that there is266

substantial variation in access to internet and mobile access across the African continent.267

The more affluent Northern and Southern Africa have much higher rates of internet and268

mobile penetration, with overall levels of both being higher for men than women. The269

middle of Africa, and especially Sub-Saharan Africa have the lowest internet penetration270
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and also the largest gender gaps. This broad pattern is also reflected in the mobile gender271

gap. Especially in Southern Africa, there is close to parity between ownership of mobile272

phone. At the subnational level, there is much geographic heterogeneity. This is apparent273

in both the ground-truth and the modeled estimates.274

There are several promising avenues for further research that we will expand on. First,275

as shown in Figure A9, we are better at predicting the ground truth in some countries and276

settings than others. In our next steps, we intend to examine where our predictions do better277

or worse and diagnose factors that explain these residuals. Second, the models presented278

here do not explicitly account for the hierarchical structure of the data; in next steps we279

will explore the value of explicitly modeling the hierarchical structure of these data (e.g.,280

subnational units nested within countries). Third, our ground truth training data is from281

the Demographic and Health Surveys, which were collected between 2016 and 2019, while282

our estimates of Facebook Audience size were collected in September 2021. This continuity283

between these timescales could be modeled or otherwise adjusted for. Finally, our leave-one-284

country-out cross-validation strategy, while more conservative than traditional k-fold cross285

validation, may not perfectly capture how our model would perform on other countries we286

have no DHS data for. For instance, if countries that had a DHS survey varied systematically287

from countries that do not in a way that influenced the predictiveness of our models, our288

LOCO-CV metric might overstate our model’s performance.289
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Supplemental Information404

Figure A6: The R2 from leave-one-country-out cross-validation and 10-fold cross-validation
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Figure A7: Panel (A), Panel (C), Panel (E) show survey-based ‘ground truth’ estimates
of internet penetration (past 12 months) indicators for 19 countries. Panel (B), Panel
(D), Panel (F) show model-based estimates of the internet use digital gender gaps for 55
countries and 4 territories.
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Figure A8: For women in Nigeria, the observed rate of mobile phone ownership (Panel
A), model-based predictions of rate of internet use (Panel B), and the error between our
observed and predicted values (Panel C, Panel D).
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Indicator Detail
SuperLearner Random Forest Lasso

R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE

Owns Mobile Phone
Women 0.61† 12.74† 10.21† 0.58 13.16 10.95 0.51 14.25 11.61
Men 0.51 10.79 8.23† 0.52† 10.70† 8.28 0.26 13.27 10.50
Gender Ratio 0.42† 0.14† 0.11† 0.44 0.14 0.11 0.47 0.13 0.11

Accessed Internet (12 Months)
Women 0.56† 9.49† 6.37† 0.52 9.90 6.73 0.52 9.92 7.22
Men 0.63† 10.44† 7.59† 0.59 10.89 7.95 0.59 10.96 8.21
Gender Ratio 0.29† 0.20† 0.15† 0.18 0.22 0.17 0.26 0.20 0.16

Accessed Internet (Ever)
Women 0.58† 9.79† 6.47† 0.52 10.44 7.30 0.50 10.69 7.78
Men 0.58† 11.60† 8.53† 0.53 12.28 9.20 0.56 11.90 8.99
Gender Ratio 0.22† 0.23† 0.16† 0.07 0.25 0.18 0.14 0.24 0.17

Table A3: Model Performance by Outcome and Metric for countries with available ground-truth data. Dagger denotes the top-
performing model my metric (highest R2, lowest RMSE and MAE). Model performance was assessed with leave-one-country-out
cross-validation.
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Figure A9: Comparison of observed ground-truth and predictions for percent of women who
own mobile phones.
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