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Monitoring global digital gender inequality using the online
populations of Facebook and Google
Ridhi Kashyap1
Masoomali Fatehkia2
Reham Al Tamime3
Ingmar Weber2

Abstract
BACKGROUND
In recognition of the empowering potential of digital technologies, gender equality in
internet access and digital skills is an important target in the United Nations (UN)
Sustainable Development Goals (SDGs). Gender-disaggregated data on internet use are
limited, particularly in less developed countries.
OBJECTIVE
We leverage anonymous, aggregate data on the online populations of Google and
Facebook users available from their advertising platforms to fill existing data gaps and
measure global digital gender inequality.
METHODS
We generate indicators of country-level gender gaps on Google and Facebook. Using
these online indicators independently and in combination with offline development
indicators, we build regression models to predict gender gaps in internet use and digital
skills computed using available survey data from the International Telecommunications
Union (ITU).
RESULTS
We find that women are significantly underrepresented in the online populations of
Google and Facebook in South Asia and sub-Saharan Africa. These platform-specific
gender gaps are a strong predictor that women lack internet access and basic digital
skills in these populations. Comparing platforms, we find Facebook gender gap
indicators perform better than Google indicators at predicting ITU internet use and low1
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level digital-skill gender gaps. Models using these online indicators outperform those
using only offline development indicators. The best performing models, however, are
those that combine Facebook and Google online indicators with a country’s
development indicators such as the Human Development Index.
CONTRIBUTION
Our work highlights how appropriate regression models built on novel, digital data
from online populations can be used to complement traditional data sources to monitor
global development indicators linked to digital gender inequality.

1. Introduction
The internet has revolutionized how individuals seek information, communicate, and
access goods and services. By lowering the cost of information and connectivity, the
internet has tremendous potential to help meet sustainable development goals (SDGs)
and this role is acknowledged in different United Nations' (UN) SDG targets (United
Nations 2016). Digital literacy is recognized as part of the right to education (Goal 4).
The commitment to ensuring equitable access to the internet and other information and
communication technologies (ICTs) is noted as part of the SDG on gender equality
(Goal 5), which pledges to “enhance the use of [...] information and communication
technology to promote the empowerment of women.”4
Even as internet access has proliferated, ‘digital divides’ or inequalities in access
to and use of the internet persist (Scheerder, van Deursen, and van Dijk 2017; Robinson
et al. 2015). These inequalities are an increasingly important dimension of population
inequality as digitalization continues to unfold and affect domains of social,
demographic, and economic life (DiMaggio et al. 2004; Robinson et al. 2015; Hjort and
Poulsen 2019; Billari, Giuntella, and Stella 2019; Rotondi et al. 2020). Online
inequalities often mirror sociodemographic, offline inequalities, and the digital divide
by gender is one widely noted dimension of this inequality. According to the UN’s
specialized agency for ICTs, the International Telecommunication Union (ITU), over
250 million fewer women are online than men and gender gaps in internet use tend to
be greater in developing countries (International Telecommunication Union 2017).
Digital gender inequality has significant implications for social and demographic
outcomes. Research from both developed and developing countries has shown that
internet and mobile phone use among women positively affects outcomes linked to their
reproductive health and their children’s health, as well as bolsters their decision-making
4
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power and economic prospects (Lagan, Sinclair, and Kernohan 2011; Lund et al. 2014a,
2014b; Beck et al. 2014; Suri and Jack 2016; Dettling 2017; Rotondi et al. 2020). The
payoffs from technology adoption for these social and demographic outcomes are
higher among the least developed countries (Rotondi et al. 2020).
The increasing recognition of the role of digital technologies in the empowerment
of women and the persistence of digital gender inequality has led several UN agencies
such as the ITU and UNESCO to endorse targets calling for gender equality in internet
use and access to broadband (Broadband Commission 2013; International
Telecommunication Union 2015; European Parliament 2018). However, the lack of
gender-disaggregated data on internet use remains “one of the key barriers” in
monitoring progress towards these development targets (Broadband Commission 2013:
19). Official, nationally representative, gender-disaggregated statistics on internet use
lack regular production, and data availability on these indicators is especially limited in
developing countries (Hafkin and Huyer 2007). The most recent release of the ITU’s
World Telecommunications Indicators Database provides data on internet use by gender
for 83 countries, with country coverage being especially sparse for low- and lowermiddle-income countries where data are only available for 16 countries (out of 64)
(International Telecommunication Union 2018).5 In the same database, data on gender
gaps in specific digital skills are available for even fewer countries than data on more
general internet use measures, with coverage of under 50 countries for all indicators.
Routine survey data collection on individual-level ICT use within households is
expensive, and while some population censuses are able to collect information on
internet or mobile availability at the household level, intra-household inequalities are
not captured in these data sources (Fatehkia, Kashyap, and Weber 2018; Feehan and
Cobb 2019).
Given existing data gaps on digital gender inequalities, particularly in the context
of less developed countries, previous work by Fatehkia, Kashyap, and Weber (2018)
has highlighted how digital trace data on the gender composition of Facebook users
available from its advertising platform has the potential to help fill these data gaps in
measuring global gender disparities in internet use. This paper builds on the
aforementioned study by examining the potential of another novel data source to
measure global digital gender gaps: Google’s advertisement impression estimates
(AdWords). Whereas Facebook reaches a mere 60% of internet users6, according to
Google’s own claims “the Google Display Network reaches 90% of internet users
worldwide.”7 Similarly to Facebook, Google allows advertisers to estimate the reach of
5
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their campaigns by showing them an estimate of the expected number of weekly
impressions, i.e., the number of times an ad is expected to be shown on a search result
page or another site on the Google Display Network.8 These estimates can be filtered
based on demographic targeting criteria such as age and gender, and are available for
over 200 countries.9 Our paper examines AdWords’ potential for predicting gender gaps
in internet use and compares the performance of AdWords and Facebook, both
independently and together. Furthermore, we extend previous work by assessing the
kinds of digital-skill gender gaps the AdWords and Facebook indicators can serve as
proxies for.
We generate a country-level dataset combining (1) online indicators on gender
gaps derived from Google AdWords impressions and Facebook audience estimates, (2)
the latest available statistics collected using surveys on gender gaps in internet use and
different dimensions of digital skills available from the ITU, and (3) offline indicators
related to a country’s overall level of development (e.g., Human Development Index
(HDI)) and gender gaps (e.g., education, occupations). With this dataset, we estimate
models to predict ITU estimates of gender gaps in internet use and different digital
skills using both online indicators and a combination of online and offline indicators.
Our results show that Facebook and Google online indicators are both highly
correlated with ITU internet use gender gaps, as well as low-level digital skills such as
using copy and paste tools, transferring files, and sending emails. Even though not all
internet users are Facebook or Google users, these correlations suggest that when
women are missing from the populations of these two online platforms it is a strong
indicator that women are not online and lack digital skills in the populations of their
countries. Although regression models that use Facebook online indicators show better
predictive performance than Google AdWords, models that combine Facebook and
Google online indicators with a country’s offline development indicators offer the best
predictive performance for internet use gender gaps. Together with the HDI, the
Facebook and AdWords gender gap indicators are able to explain about 80% of the
variation in global internet gender gaps. Facebook indicators are better able to predict
low-level digital skills than AdWords indicators.
Our approach demonstrates how anonymous aggregate data from two of the
biggest online populations can be repurposed to measure important sustainable
development indicators linked to digital gender equality. This approach comes with big
gains in geographical coverage for less developed countries where existing survey data
are often lacking or infrequently collected. We also show that women are significantly
underrepresented on two of the largest online platforms, Google and Facebook, in subSaharan Africa and South Asia. This is a crucial bias for researchers to bear in mind
8
9
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when using these digital data sources for social and demographic measurement, as well
as for development practitioners when using these platforms for media outreach and
informational campaigns.

2. Background
2.1 Digital gender inequality
Sociodemographic, economic, and cultural factors have been shown to be associated
with gender gaps in internet access and use (Scheerder, van Deursen, and van Dijk
2017). Evidence gathered from developed countries indicates that the gap between men
and women has closed in terms of internet access as internet penetration has increased.
However, a ‘second-order’ digital divide in terms of patterns of use and skills has been
found, with women showing lower frequency of use, a narrower range of online
activities, and lower likelihood of reporting strong internet skills, even if their actual
web use skills are not lower than those of men (Robinson et al. 2015; Ono and Zavodny
2007; Hargittai and Shafer 2006; DiMaggio et al. 2004). These findings have led
scholars to suggest that the digital divide is better conceptualized in terms of a spectrum
of skills instead of a binary classification of whether an individual is an internet user or
not (Hargittai 2002). Digital skills are important for understanding whether the benefits
of the internet are accrued evenly or whether digital inequality is further exacerbated as
internet penetration increases (Hargittai and Shafer 2006).
While literature on digital gender inequality in the context of developing countries
is comparatively limited, research suggests that gender gaps in internet access exist
across different age groups (Antonio and Tuffley 2014). Internet access gender gaps in
developing countries reflect broader structural inequalities that women face in terms of
access to education, employment, and income (WWW Foundation 2015; Robinson et
al. 2015; Hilbert 2011; Hafkin and Huyer 2007). In addition to these socioeconomic
barriers to access, studies have also documented how cultural norms in patriarchal
contexts may also impede women’s internet use, particularly when internet access is
mediated via men (Abu-Shanab and Al-Jamal 2015; WWW Foundation 2015;
Gurumurthy and Chami 2014; Intel 2012). The discussion of the digital divide in the
context of developing countries has focused largely on access or general use
inequalities, as survey data on digital skills or digital literacy in these country contexts
are especially limited (Hafkin and Huyer 2007; Broadband Commission 2013; WWW
Foundation 2015).
Digital gender inequalities have significant implications for demographic and
social outcomes linked to population health, well-being, and social and economic
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empowerment. Social scientists have noted that the internet and mobile phones can
promote access to information, boost connectivity and social learning, and provide costefficient access to vital services (DiMaggio et al. 2004; Unwin and Unwin 2009; Aker
and Mbiti 2010; Suri and Jack 2016; Hjort and Poulsen 2019). Empirical findings
provide support for the positive effects of these technologies, and indicate that these
effects are especially salient for women. For example, in the German context, Dettling
(2017) finds that the diffusion of the internet promotes labor force participation among
married women and Billari, Giuntella, and Stella (2019) find that the internet enables
women to better reconcile work and motherhood, thereby boosting well-being and
(wanted) fertility. Conversely, in a high-fertility setting in Malawi, mobile phone
ownership among women is associated with smaller ideal family size, lower parity, and
increased child spacing (Billari, Rotondi, and Trinitapoli 2020). Work by Beck et al.
(2014) and Lagan, Sinclair, and Kernohan (2011) suggests that women are more likely
to draw on the internet to empower themselves regarding health-related information.
In the context of developing countries, where women often face greater barriers to
accessing information, communication, and wider social networks, the payoffs of
internet access – which has become cheaper and more widely available due to the rapid
diffusion of mobile phones – are likely to be even greater. Rotondi et al. (2020) provide
empirical support for this idea and find that mobile-phone diffusion over time within
countries is associated with lower gender inequality, higher contraceptive uptake, and
lower maternal and child mortality, and these associations are larger in least developed
countries, even after controlling for other developmental processes such as economic
growth and educational expansion. The same study further shows that mobile phone
ownership among women in particular is linked to improvements in contraceptive
knowledge and uptake, antenatal health behaviors, and greater equality in household
decision-making in sub-Saharan Africa.
Despite the potential of digital technologies for bolstering key outcomes linked to
demographic and social development, if digital gender inequality persists the positive
benefits of technology cannot be fully realized. In light of this, digital gender
inequalities are an important indicator to track in the context of the sustainable
development goals, and this target is expressly recognized in Sustainable Development
Goal 5 on gender equality. Nevertheless, there are significant data gaps that limit the
regular monitoring of digital gender inequality, especially in less developed countries.
In the latest edition of the ITU Telecommunications Indicators Database, survey data on
internet use by gender were available for 83 countries, of which 41 were high-income
countries, 26 were upper-middle income countries, 13 were lower-middle income, and 3
were low-income countries.10 These data were collected from surveys that were fielded
by ITU member states in the period 2013–2017. Coverage on digital skills indicators is
10

Following the World Bank income classification of countries.
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even more limited. For example, data on the basic digital skill of being able to transfer
files are available for 47 countries, with 5 being low- and lower-middle-income
countries. These data gaps show the need to consider alternative data sources.

2.2 Monitoring development indicators with ‘big data’
In recent years, several researchers and international organizations have begun to
explore the potential for ‘big data’ sources to overcome challenges associated with
limited data coverage on development indicators, particularly in developing countries
(Weber, Kashyap, and Zagheni 2018; di Bella, Leporatti, and Maggino 2016; IUSSP
2015; IEAG 2014; Letouze and Jutting 2014). This work has used diverse big data
sources, ranging from the use of mobile call log data to predict income in African
countries (Blumenstock, Cadamuro, and On 2015; Mao et al. 2015), mobile transport
apps to predict social disadvantage (Benita 2019; Tan, Zhao, and Huang 2019), nighttime satellite data to measure poverty (Elvidge et al. 2009), and web search and public
social media posts to predict unemployment and health outcomes (Resce and Maynard
2018; Nuti et al. 2014; Choi and Varian 2012). Despite weaknesses in big data sources,
such as issues of non-representativeness and limited metadata to understand the datagenerating process, a strength of these data sources is their higher frequency or realtime measurement, which make them promising for ‘nowcasting’ (Salganik 2017; di
Bella, Leporatti, and Maggino 2016). Nowcasting is typically employed when the actual
value of the indicator of interest will only be known with a significant delay, creating
the need to “predict the present” (Choi and Varian 2012). A further strength of some of
these data sources, particularly those that relate to large online platforms, is their wider
geographical coverage.
One of the big data sources used in this study, Facebook’s advertisement audience
estimates available from the platform’s marketing application programming interface
(API), can be queried for information on the number of Facebook users by various
demographic characteristics and can be thought of as a kind of real-time census of the
platform’s user base. These data have been leveraged to study population health
(Araújo et al. 2017; Chunara et al. 2013), to provide demographic estimates of
migration (Zagheni, Weber, and Gummadi 2017) and male fertility (Rampazzo et al.
2018), and to generate gender inequality measures, including, most relevantly for this
study, country-level internet gender gaps (Fatehkia, Kashyap, and Weber 2018). Even
though not all Facebook users are internet users, Fatehkia, Kashyap, and Weber (2018)
highlight how gender gaps in Facebook populations serve as a robust predictor of
internet and mobile access gender gaps. Gender gaps in Facebook use across countries
have also been shown to be correlated with different domains of gender inequality more
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generally, including education, health, and economic opportunity. In countries where
gender inequality in socioeconomic domains is larger, men also outnumber women on
Facebook (Garcia et al. 2018). These patterns have also been found at the sub-national
level in diverse countries such as India, where significant sub-national variation in
gender gaps in Facebook use exist, and gender gaps tend to be larger in states with
greater gender inequality in schooling and lower levels of economic and social
development (Mejova et al. 2018).
Our work applies the approach developed in Fatehkia, Kashyap, and Weber
(2018), which found an indicator called the ‘Facebook Gender Gap Index’ to be highly
correlated with ITU statistics on internet gender gaps collected using surveys fielded by
national statistical agencies. That study further found that the predictive performance of
the Facebook indicator was enhanced when combined with offline indicators linked to a
country’s development. We build on that work by (1) going beyond internet-use gender
gaps to also explore correlations with different digital skill gender gaps, and by (2)
including data from Google, the biggest online advertising platform, to explore its
potential as a complementary online data source to monitor internet access gender gaps.
To the best of our knowledge, ad impression estimates for Google’s Adwords platform
have not yet been used to monitor digital gender gaps or any other targets related to the
SDGs.

3. Data
Our dataset comprises (1) online indicators derived from advertisement impression
estimates available from Google AdWords and advertisement audience estimates from
Facebook’s Marketing API, (2) an extensive range of offline indicators related to a
country’s level of development (e.g., GDP per capita, HDI) and gender inequalities
(e.g., gender gaps in literacy), and (3) ITU data on internet use as well as specific ICT
or digital skills by gender and country of the user, collected using nationally
representative surveys, which we use to derive our ground truth internet use or digital
skills gender gap indicators. These different indicators are described in this section.
Table 1 provides summary statistics of the variables used in the analysis.

3.1 Online indicators: AdWords Gender Gap Index and Facebook Gender Gap
Index
The online data we use come from publicly accessible, anonymous, and aggregate data
that online platforms provide to advertisers to estimate the potential reach or audience
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size of their advertisement campaigns. Facebook’s advertisement audience estimates
used in Fatehkia, Kashyap, and Weber (2018) are the number of monthly active
Facebook users (MAUs) disaggregated by various geographic and demographic
attributes, such as user age and gender. By contrast, the AdWords data do not provide
information on the number of users but instead the number of impressions. Impressions
are counted each time an ad is shown on a search result page or other site on the Google
Network. The provided impression counts are weekly estimates and can be
disaggregated by various geographic and demographic attributes. Google allows
advertisers to create different kinds of campaigns on AdWords, including search
network only, display network only, and video, shopping, and universal apps. We
selected the display network campaign in order to retrieve the number of impressions
for this study. The Google Display Network consists of over two million websites,
videos, and apps where Google ads can appear.11
AdWords’ reach estimates have the potential to be used for social science research
questions pertaining to the attributes of the world’s population, as they capture
information related to the world’s online population. Even though the use of AdWords’
impressions for social science applications has been limited, Facebook’s advertisementaudience estimates have been used in a similar vein as a type of ‘digital census’
(Zagheni, Weber, and Gummadi 2017; Fatehkia, Kashyap, and Weber 2018). Zagheni,
Weber, and Gummadi (2017) find that the Facebook data can provide good
demographic estimates of quantities such as percentages of the population of a
particular nationality. As Google claims that its “Google Display Network reaches 90%
of internet users worldwide”6 – more than Facebook – our study explores the use of
AdWords’ number of impressions as a novel data source to monitor digital gender
gaps.12 An important difference to note is that compared to Facebook’s user estimates,
in AdWords more active users are likely to cause more impressions, potentially leading
to certain biases. For the purpose of this study, the number of impressions was
disaggregated by age and gender and was collected in June 2018 from 200 countries.13
Also, we selected the language to include all languages spoken in every country. The
‘unknown’ number of impressions was excluded from the analysis as it related to
audiences whose age and gender were not identified. The percentage of impressions
with unknown gender varies across countries; for example, 42.4% of impressions in
Switzerland and 20% of impressions in Afghanistan were of unknown gender. The
number of impressions was used to compute the AdWords Gender Gap Index (ADW
GGI) for each country as follows:
11

https://support.google.com/google-ads/answer/117120.
Information and documentation about AdWords is available here: https://en.wikipedia.org/wiki/Google_
Ads and https://support.google.com/google-ads/answer/6319.
13
https://developers.google.com/adwords/api/docs/appendix/geotargeting
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ADW GGI =

Female to male gender ratio of impressions
Female to male gender ratio of the population

(1).

Following Fatehkia, Kashyap, and Weber (2018) and in the interest of measuring
digital inequality rather than demographic gender imbalances in a population, we divide
the gender ratio (female to male) of impressions on AdWords with the population
gender ratio of the same age category as the AdWords ratio. For example, countries
such as the United Arab Emirates (UAE) have a much larger male than female
population due to the influx of foreign male workers. Correspondingly, observing a
gender imbalance in terms of the number of Google impressions (or users) for the UAE
could be merely reflecting the (offline) population gender imbalance. We obtained the
population gender ratios for various age groups from the UN World Population
Prospects Database (United Nations Population Division 2017).
Similarly, Facebook advertisement audience estimates were collected in May 2018
for 193 countries from Facebook’s Marketing API.14 The data were on monthly active
Facebook users disaggregated by age, gender, and country. The Facebook Gender Gap
Index (FB GGI) for each country can be defined as:
FB GGI =

Female
Female to
to male
male gender
gender ratio
ratio of
of users
users on
on Facebook
Facebook
Female
to
male
gender
ratio
of
the
Female to male gender ratio of the population
population

(2).

We have excluded some countries from the analysis because Google AdWords
provides vague estimates for those countries, such as “> 1B”, which do not permit us to
calculate ratios. Countries affected by these vague estimates include India, Japan,
Turkey, and the United States. This issue does not affect the Facebook data.
Furthermore, some countries such as “Saint Pierre and Miquelon” were excluded
because they are listed under AdWords as countries but are not recognized by the
World Bank or the UN. From the Facebook data we excluded countries with less than
one million users. After imposing these restrictions, we were left with data for 176
countries from Facebook and 166 countries from AdWords for the age group 18+. Both
Google and Facebook support further filtering of impressions/users with certain
characteristics. In particular, we compute variants of ADW GGI and FB GGI for
different age groups of users (e.g., 25‒29 year olds). Summary statistics for FB and
ADW GGI measures are presented in Table 1.
All gender gap indicators used in this study take values greater than zero, with
values less than 1.0 indicating countries where there is a gender gap that disadvantages
women. Values close to 1.0 are desirable as they indicate gender parity and countries
14

Information and documentation about Facebook’s
https://developers.facebook.com/docs/marketing-apis.
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where the gender gap has closed. We truncated values larger than 1.0, corresponding to
women doing better than men, as our focus is on gender equality rather than women’s
empowerment. Consequently, our measure does not differentiate between countries that
have attained parity (a gender gap index equal to 1.0) and those where women have
surpassed men (a gender gap index greater than 1.0). This is in line with the
methodology of the Global Gender Gap Report (GGGR) published by the World
Economic Forum (World Economic Forum 2016) and follows the approach used by
Fatehkia, Kashyap, and Weber (2018), which helps facilitate a comparison of our
results. Nevertheless, in the Appendix we also present results of our analysis where the
gender gap indicators are uncapped and also log-transformed to correct for skewedness.
Figure 1 depicts the FB GGI (18+) (panel a) and the ADW GGI (18+) (panel b) for
all countries for which we are able to compute them. Countries in Africa and South
Asia show the largest gender gaps, followed by those in North Africa and the Middle
East. Southern Africa is an exception in Africa, where both FB and ADW indicators
show similar levels of gender parity as seen in South and North America and most parts
of Western Europe. Within Europe, Southern Europe has larger gender gaps disfavoring
women than Northern and Western Europe. The colors in both the upper and lower
panels in Figure 1 largely coincide. This is further confirmed in Figure 2, which shows
that the FB GGI and ADW GGI for countries are strongly correlated, with a Pearson’s
correlation coefficient of 0.85 and a Kendall rank correlation coefficient of 0.66. In
Figure 2 there are on average a greater number of points below the x = y diagonal than
above it. In about 63% of the cases, FB GGI > ADW GGI, and in 26% of the cases
ADW GGI > FB GGI, with 11% being equal.
However, cases with one value that is systematically different from the other do
not seem to follow any distinctive regional pattern. This suggests that the same
countries tend to score higher on the FB GGI, indicative of greater gender equality, than
on the ADW GGI. Although this could potentially indicate differential patterns of use
of Google and Facebook by gender, this could also reflect the fact that the ADW GGI is
based on impressions whereas the FB GGI is based on users. If men are more active
users of the internet and generate a greater number of impressions or page views on
Google, then this is likely to result in greater gender gaps in the ADW measure than in
the FB measure.

https://www.demographic-research.org
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Figure 1:

World maps showing Facebook (panel a) and AdWords (panel b)
gender gap indices

FB GGI (ages 18+)

ADW GGI (ages 18+)
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Figure 2:

The FB GGI (ages 18+) against the ADW GGI (ages 18+). Each
point indicates a country with shape coded by world region. The
line is the x = y diagonal.

1.00

ADW GGI (18+)

0.75

Region
Africa
East Asia and Pacific
Europe and Central Asia
Middle East and North Africa
North/Latin America and
the Caribbean
South Asia

0.50

0.25

Corr. 0.854
0.25

0.50
FB GGI (18+)

0.75

1.00

3.2 Dependent variable: Internet Use Gender Gap Index
Although both Google and Facebook have large numbers of users, not all internet users
use these platforms. Thus, to evaluate to what extent a gender gap index computed
using the audiences of these platforms captures internet-use gender gaps as well as
gender gaps in other digital skills, we need to correct our online indicators for potential
biases. To do this, we need to compare and validate the online indicators against ground
truth measures of internet use by gender and location. We use data on internet use by
gender of the user and country reported in the ITU World Telecommunications
Indicators Database as this ground truth measure (International Telecommunication
Union 2018).
The ITU data provide the proportion of individuals using the internet by gender to
give gender-specific internet penetration rates (e.g., 40% of women in a given country
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are internet users). The data are collected using nationally representative surveys fielded
by national statistical agencies in the ITU’s member states. The latest release of the data
covers surveys that were fielded in member states between 2013 and 2017. The data are
thus available for different years for different countries based on whenever the survey
was fielded there. The Internet Use Gender Gap Index (Internet GGI) for a country
using ITU data is defined as:
Internet GGI =

% of female population using internet
% of male population using internet

(3).

In addition to data on internet use by gender, the ITU also provides data on
different types of digital skills by gender (International Telecommunication Union
2018). These measures capture a range of specific skills, such as being able to copy or
move a file or folder, sending e-mails with attached files, and using basic arithmetic
formula in a spreadsheet (see Table 1). These measures are collected via a survey, and
are self-reported in response to questions that ask whether the user has undertaken the
specific computer-related activity in the last three months (International
Telecommunication Union 2016). The skills data are available for considerably fewer
countries than internet use by gender (see Tables 2 and 3). Where data are available, we
can also compute a digital skill-specific GGI (DS GGI) akin to the Internet GGI.
However, due to a sparsity of ground truth for training purposes, our ability to use all of
these measures as dependent variables in predictive models is limited.

3.3 Offline predictors
Our dataset includes offline predictors that have been associated with internet use
gender gaps (see Appendix B of Fatehkia, Kashyap, and Weber 2018 for a full list).
These include factors associated with a country’s overall level of development, captured
in indicators such as the GDP per capita and different dimensions of the HDI; its ICT
infrastructure, captured in indicators such as the internet penetration rate; and genderspecific development indicators such as gender gaps in educational attainment or
gender gaps in senior managerial work. In addition to these economic and development
indicators used in previous work, we include six cultural variables, drawing on
Hostede’s cultural dimensions theory that classifies different countries based on the six
dimensions of power distance, uncertainty avoidance, individualism/collectivism,
masculinity/femininity, long/short-term orientation, and indulgence/restraint (Hofstede
2011).
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4. Methods
We fitted three types of ordinary least squares (OLS) regression models to predict the
internet GGI, our ground truth measure of internet-use gender gaps. These are: (1)
online models using different ADW GGI and FB GGI predictor variables, (2) online–
offline models to assess if some of the biases from using only online indicators for
measuring internet-use gender gaps can be corrected when combined with offline
variables, and (3) an offline model using only offline predictors. We also attempted to
use FB and ADW GGI variables from different age groups in our online models. For
models that relied on multiple variables, we performed variable selection using a greedy
step-wise forward approach whereby variables were iteratively added to the model,
starting with a model with just an intercept in order to increase the adjusted R-squared
of the resulting model. Table 1 presents the descriptive statistics for the outcome
variables used and the online indicators and offline predictors that were picked up by
the step-wise models. This methodology was chosen to ensure comparability of the
results with prior work (Fatehkia, Kashyap, and Weber 2018). The offline models are a
benchmark against which we compare the predictions of the online models, which rely
on data from Google and Facebook to generate insights about internet-use gender gaps.
Due to the smaller number of countries for which ITU ground truth data are available
for the digital skills GGI, when predicting these outcomes we estimated the best-fit twovariable models using either online or offline indicators. To evaluate the performance of
different models in predicting the internet and DS GGI, we report three measures of
model fit: (1) Adjusted R-squared, (2) Mean Absolute Error, and (3) Symmetric Mean
Absolute Percentage Error (SMAPE). For the first one, larger values and values closer
to 1.0 indicate better performance. For the last two, lower values and those closer to 0.0
indicate better performance. The SMAPE is computed using a Leave-One-Out crossvalidation procedure where the model is fitted on all of the data except for one country,
and the fitted model is then used to predict the left-out data point. The SMAPE provides
a measure of out-of-sample performance on unseen data.
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Table 1:

Summary statistics of the various online and offline variables used
in the analysis
Q1

Median

Mean

Q3

Std. dev.

0.917

0.971

0.934

0.990

0.107

Using copy and paste tools

0.884

0.937

0.903

0.991

0.137

Using basic arithmetic formula in spreadsheet

0.794

0.865

0.860

0.979

0.131

Writing computer program using prog. lang.

0.321

0.426

0.472

0.568

0.206

Transferring files between a computer and devices

0.819

0.870

0.851

0.929

0.116

FB GG age 18+

0.598

0.840

0.770

0.993

0.231

FB GG age 20‒64

0.571

0.866

0.776

1.000

0.240

FB GG age 15‒19

0.746

0.992

0.850

1.000

0.209

FB GG age 18‒23

0.688

0.910

0.812

1.000

0.214

FB GG age 25‒29

0.617

0.869

0.782

0.983

0.227

FB GG age 25‒49

0.562

0.877

0.772

1.000

0.248

FB GG age 55‒59

0.502

0.951

0.770

1.000

0.277

FB GG age 50‒54

0.486

0.926

0.751

1.000

0.289

FB GG age 50+

0.506

0.810

0.730

1.000

0.262

FB GG age 60‒64

0.506

0.924

0.768

1.000

0.274

ADW GG age 18+

0.500

0.741

0.709

0.926

0.232

ADW GG age 25+

0.431

0.710

0.670

0.885

0.240

ADW GG age 18‒24

0.678

0.887

0.807

1.000

0.220

Variable
Dependent variables: Internet GGI
ITU Internet GGI
Dependent variables: DS GGI

Online indicators: Facebook GGI

Online indicators: AdWords GGI

Offline predictors
HDI

0.579

0.735

0.703

0.827

0.154

GDP capita PPP 2016 (in $)

4,072.3

12,220.4

19,558.8

26,686.0

21,548.2

Unemployment gender ratio

0.980

1.200

1.427

1.480

1.243

Mean years of schooling (HDI)

6.10

8.70

8.46

11.20

3.08

Senior managerial work GG

0.308

0.474

0.465

0.610

0.225

Income HDI

0.545

0.707

0.692

0.831

0.181

Secondary education rate HDI

0.370

0.629

0.618

0.887

0.284

794

https://www.demographic-research.org

Demographic Research: Volume 43, Article 27

Table 2:

Data availability, features, and correlations of the different
variables with the ITU Internet Gender Gap Index

Variable

Number of countries
in dataset

ITU Internet GGI

Pearson’s correlation with
ITU Internet GGI

Year

83

1

Varies (2013‒17)

Internet penetration

188

0.695

Annual (2016‒17)

Log (GDP per capita)

173

0.680

Annual (2016)

HDI

179

0.737

Annual (2015)

Mean years of schooling (HDI)

179

0.630

Annual (2015)

Educational attainment GG

139

0.630

Annual (2016)

FB GG age 18+

176

0.731

Real time (2018)

FB GG age 20‒64

176

0.734

Real time (2018)

FB GG age 25+

176

0.721

Real time (2018)

FB GG age 25‒29

177

0.726

Real time (2018)

ADW GG age 18+

166

0.618

Real time (2018)

ADW GG age 25+

172

0.608

Real time (2018)

5. Results
5.1 Correlation analysis
Table 2 presents different indicators that are the most strongly correlated with the
internet GGI. Among offline indicators, the internet penetration rate, log GDP per
capita, HDI, and mean years of schooling are positively correlated with the internet
GGI. The AdWords and the Facebook GGI variables for different age groups are also
strongly correlated with the internet GGI. The ADW GGI has a correlation value with
the internet GGI of 0.618 for ages 18+ and 0.608 for ages 25+. The FB GGI measures
show a stronger correlation with the internet GGI measures than the ADW GGI ones,
with the FB GG for age 18+ and ages 20‒64 showing the strongest correlations.
Table 3 presents correlations of the FB and ADW GGI with digital skills gender
gap measures from the ITU (DS GGI). The strongest skill-specific measure that is
correlated with the FB and ADW indicators is the internet-specific skill of sending
emails with attached files, although this is available for only 16 countries, followed by
skills linked to using copy/paste tools. These results suggest that Facebook and
AdWords gender gap indices could also be used as proxies for gender gaps in low-level
digital skills. For high-level skills such as programming the correlation with FB and
ADW GGI measures is much weaker, suggesting that these indicators are less effective
as proxies for gender gaps in high-level digital skills.
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Table 3:

Correlation of the different Digital Skills Gender Gap Indices (DS
GGI) with Facebook and AdWords Gender Gap Index
Number of
countries in
dataset

FB GG
age 18+

Number of
countries in
dataset

ADW GG
age 18+

DS GGI – Copying or moving file or folder

46

0.731

44

0.604

DS GGI – Using copy and paste tools

32

0.803

31

0.700

DS GGI – Sending emails with attached files

16

0.841

15

0.761

DS GGI – Using basic arithmetic formula in spreadsheet

41

0.550

39

0.479

DS GGI – Connecting & installing new devices

19

0.179

17

0.377

DS GGI – Finding, downloading, and installing software

39

0.452

37

0.393

DS GGI – Creating electronic presentations

46

0.763

43

0.665

DS GGI – Transferring files between computer and a device

47

0.767

44

0.602

DS GGI – Writing computer program using prog. lang.

46

‒0.248

43

0.013

5.2 Models predicting internet use gender gap
In this section we present results from three types of regression model, the offlinemodel, the online-model, and the online–offline model (Tables 4 and 5).15 We also
report results comparing the predictive performance of the online and the offline–online
models using Facebook and AdWords’ estimates for different age groups. All predictor
variables were standardized before fitting the model to make the coefficients of the
regression models more comparable with each other. The regression tables report the
values of coefficients for the model variables and measures of predictive performance.
Since the focus of this analysis is more on the predictive fit of the models and due to
collinearity between some of the variables that could influence standard errors and pvalues, these measures are not reported in the tables.

5.2.1 Offline model
We report a summary of the predictive performance of the offline model in Table 4.
The offline model serves as a benchmark to compare the performance of the online and
online–offline models, as it shows how well we would be able to predict internet use
gender gaps if the online Facebook or AdWords indicators were not available. Various
15

In Appendix Tables A-1 and A-2 we present results from the same models in which all gender gap
indicators are uncapped and log-transformed. The results are substantively similar to those
presented in the main text.

796

https://www.demographic-research.org

Demographic Research: Volume 43, Article 27

offline indicators were selected from the range of available offline indicators by the
greedy step-wise forward approach in order to give an Adjusted R-squared value of
0.58. These variables are the country’s GDP per capita, Human Development Index
(HDI), and unemployment gender ratio, which is the female-to-male ratio of total
unemployment. Countries that have higher HDI also have higher gender equality in
internet use, while countries that have lower unemployment ratios tend to have higher
gender equality in internet use. It is interesting to note that even though we include
economic and cultural variables as offline indicators, the economic variables are the
ones that are picked up in both the offline and online–offline models (reported later).
This suggests that economic factors linked to overall country-level development (e.g.,
GDP per capita and HDI) appear to be more important for predicting internet use
gender gaps than cultural variables such as Hofstede’s dimensions, which is consistent
with the findings in Garcia et al. (2018). We acknowledge that data on Hofstede’s
dimensions were available for considerably fewer countries (n = 99) than the other
offline variables, and this sparsity may also be a factor underlying why it is not
predictive of digital gender inequality.
Table 4:

Summary of results for three regression models predicting ITU
Internet Gender Gap Index using (1) a single online variable; (2)
offline variables and a single online variable; (3) offline variables.
Table shows coefficients for standardized values of the explanatory
variables. The last row of the table indicates the number of countries
in the data for which the model can be used to make predictions.
Online model
FB

Intercept

0.934

ADW
0.933

Online–Offline model
FB &ADW
0.933

FB &
offline var
0.934

GDP capita PPP 2016
HDI

0.049

Mean year schooling HDI

ADW &
offline var

Offline model

FB & ADW &
offline var

0.932

0.932

0.932

‒0.029

‒0.024

‒0.044

0.115

0.101

0.110

‒0.037

‒0.037

Unemployment gender ratio
FB GG (age 18+)

Offline
indicators

0.021
0.078

ADW GG (age18+)

0.066

0.047

0.027

0.067

0.016

0.041

0.025

Adjusted R-squared

0.528

0.374

0.521

0.646

0.684

0.695

0.585

Mean Abs. Error

0.045

0.053

0.045

0.041

0.038

0.038

0.047

SMAPE

5.7%

6.6%

5.8%

5.3%

5.2%

5.3%

6.0%

F-statistics

92.7

46.4

42.3

76.0

41.0

34.8

38.6

Df

81

75

74

80

70

69

77

N

83

77

77

83

75

75

81

176

166

166

174

157

157

162

Num. pred. countries
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5.2.2 Online model
We first estimated three iterations of the online model using the FB GGI for age group
18+, the ADW GGI for age group 18+, and then both the FB GGI for age group 18+
and the ADW GGI for age group 18+ as predictors of the internet GGI. The results of
the online models’ predictive performance are shown in Table 4. The positive
coefficients on the Facebook and AdWords’ GGI variables indicate that gender gaps in
Facebook’s number of users or Adwords’ number of impressions in different countries
also capture the gender gap in internet use in those countries. Another way to interpret
this is that when women are missing in the Facebook audience estimates and Google
impression estimates this serves as a good proxy for the fact that they are not online at
all in these countries. The single-variable online model (with intercept) that uses the FB
GGI for age group 18+ only as a predictor has marginally the highest adjusted Rsquared value and lowest SMAPE of the three online models, but its performance is
generally comparable to the FB + ADW model. This is also confirmed with a likelihood
ratio test shown in Table A-3 in the Appendix that compares the models on a common
subset of countries for which data are available for both models. While the likelihood
ratio test allows us to reject the null hypothesis in favor of the alternative hypothesis
that the online model with FB and ADW GGI 18+ indicators fits better than the model
with ADW alone (p < 0.001), the null hypothesis favoring the FB and ADW over FB
alone cannot be rejected. Compared with the offline model, the online model that uses
the FB GGI for age group 18+ or the FB + ADW 18+ GGI indicators generates more
accurate out-of-sample estimates with lower SMAPE.
We further investigated if Facebook and AdWords’ indicators for different age
groups, either separately or together, could be used to improve the performance of the
online model. The findings are presented in Table 5. Several Facebook and AdWords’
GGIs for different age groups are positively associated with internet use GGI, and
models with multiple age groups tend to show better predictive performance than the
single-variable 18+ models in Table 4. AdWords indicators are available for fewer
countries for multiple age groups than the Facebook indicators. Even when using
multiple age groups, the model performance of the FB and ADW models is comparable
to FB only when fitted on a common subset of countries, as shown in Table A-3,
although country coverage is poorer with the FB + ADW models compared with the FB
model due to AdWords’ worse country coverage in different age groups.
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Table 5:

Summary of results for three regression models predicting ITU
Internet Gender Gap Index using (1) multiple age groups of
online variables; (2) offline variables and multiple age groups of
online variables; (3) offline variables. All reported coefficients are
with standardized values of the predictor variables. The last row
of the table indicates the number of countries in the data for
which the model can be used to make predictions.

Intercept
HDI
GDP capita PPP 2016
Unemployment gender ratio
FB GG (age 18+)
FB GG (age 20‒64)
FB GG (age 25‒29)
FB GG (age 25‒49)
FB GG (age 55‒59)
FB GG (age 50‒54)
FB GG (age 50+)
FB GG (age 60‒64)
ADW GG (age 18‒24)
Adjusted R-squared
Mean Abs. Error
SMAPE
F-statistics
Df
N
Num. pred. countries

FB

Online model
ADW

FB & ADW

0.934

0.931

0.931

Online– Offline model
Offline model
FB &
ADW &
FB & ADW &
Offline
offline var
offline var
offline var
indicators
0.934
0.931
0.931
0.932
0.038
0.061
0.051
0.110
‒0.044
0.021

0.065
0.151
‒0.038
0.082
0.120
0.099
‒0.134
0.677
0.042
5.3%
58.4
79
83
176

0.077
0.473
0.051
6.3%
67.3
73
75
153

‒0.110
0.024
0.717
0.038
5.1%
47.9
70
75
153

‒0.073
0.724
0.038
5.0%
54.8
78
83
174

0.047
0.696
0.036
4.7%
85.8
72
75
152

0.110
‒0.108
0.045
0.796
0.032
4.3%
73.1
70
75
152

0.585
0.047
6.0%
38.6
77
81
162

5.2.3 Online–Offline model
We examined if the FB GGI for ages 18+ and ADW GGI for ages 18+ could be
combined with offline predictors either separately or jointly to improve predictive
performance. The results from these online–offline models are reported in Table 4.
Offline variables selected by the step-wise approach include variables linked to
economic development such as GDP per capita, HDI, and the HDI sub-index for mean
years of schooling. The cultural variables are not selected in any of the online–offline
models in the same way as the offline models. The online–offline models show better
predictive performance than the online models and the offline model. Within the
online–offline models in Table 4 the online–offline model with Facebook and AdWords
indicators combined performs the best. This conclusion is also supported by the
likelihood ratio test fitted on a common subset of countries for which data are available
to fit both models reported in the Appendix in Table A-4. Country coverage, however,
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is again better for the online–offline model with FB indicators than the models that rely
on AdWords indicators.
We further examined if additional Facebook and AdWords indicators for different
age groups could be used to improve the performance of online–offline models beyond
the global (18+) FB GGI and ADW GGI variables. These findings are displayed in
Table 5. On the whole, the online–offline model that uses both the FB GGI and the
ADW GGI for different age groups combined with offline indicators performs the best
of all the online, online–offline, and offline models reported in both Tables 4 and 5.
This model produces the highest adjusted R-squared and the lowest mean abs. error and
SMAPE, and improves on the online–offline model reported in Table 4 that uses the FB
and ADW GGI for ages 18+ with offline indicators. This is supported by a Vuong test
comparing the two (non-nested) FB+ADW+offline models from Tables 4 and 5, which
is reported in the Appendix in Table A-4 where both models are fitted on a common
subset of countries. However, this model is able to predict internet access gender gaps
for fewer countries than the online–offline model with FB indicators in Table 5. A
further comparison of the online–offline FB model using multiple age groups in Table 5
with the online–offline FB + ADW model in Table 5 with a Vuong test does not
provide support for favoring the online–offline FB + ADW model over the online–
offline with FB only model in Table 5.

5.3 Predicting gender gaps in digital skills
As the correlations in Table 3 indicate, the usefulness of the gender gap measures from
Facebook and Google advertising extends beyond predicting gender gaps in internet
use; they can also provide useful proxies for estimating gender gaps in a variety of
digital skills, which are another important dimension of digital gender gaps. Unlike
self-reported indicators in the ITU survey data, these indicators are a different kind of
measure of digital skills as they capture use of specific platforms such as Facebook and
Google, and thus indirectly capture users’ digital skills that are necessary to make use
of these services.
Table 6 provides a summary of regression models providing the best performance
that were fitted to predict a variety of different digital skill gender gaps using a
combination of the online FB and ADW GGI and offline variables. The digital skills
shown in the table range from basic editing skills, such as using copy and paste tools
and file transfer skills, to relatively more advanced skills, such as numeric skills
involving the use of a spreadsheet and computer programming.
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Table 6:

Summary of results for regression models predicting different ICT
skills gender gaps: (1) Using copy and paste tools, (2) Using basic
arithmetic formula in a spreadsheet, (3) Writing computer
programs in programming language, (4) Transferring files
between a computer and devices. All reported coefficients are
with standardized values of the predictor variables. The last row
of the table indicates the number of countries in the data for
which the model can be used to make predictions.

Intercept
FB GG (age 15‒19)
FB GG (age 18‒23)
FB GG (age 50‒54)
ADW GG (age 25+)
Senior managerial work GG
Income HDI
Secondary Educ. rate HDI
Adjusted R-squared
Mean Abs. Error
SMAPE
F-statistics
Df
N
Num. pred. countries

(1) Copy & paste
tools
0.903

(2) Formula in
spreadsheet
0.860
0.069

(3) Programming
language
0.472

(4) File transfer
0.851
0.042

0.100
0.058
0.091
0.038
0.034
0.727
0.056
7.81%
42.31
29
32
174

0.505
0.073
9.33%
21.38
38
41
118

‒0.150
0.325
0.122
28.07%
11.85
43
46
154

0.671
0.054
7.41%
47.85
44
47
177

For three of the four skill measures, FB GGI measures are selected as the online
indicators, the exception being writing a computer program, for which the ADW
measure is selected. The offline indicators selected include development measures such
as the HDI pertaining to income and education as well as a variable pertaining to gender
gaps in holding senior positions in the workplace (Senior managerial GG). As in the
internet GGI models the cultural variables are not selected, indicating again the
importance of economic factors in predicting digital gender gaps and improving the
predictive power of online variables. For three of the four skill outcomes, online
indicators combined with offline indicators provide the models with the best predictive
fit. For skills related to transferring files between a computer and a device, the step-wise
selection algorithm only picks up online indicators.
Some digital skills are more strongly predicted by the variables in the data than
others. This can be seen in Table 6, where the models have relatively higher adjusted Rsquared and smaller errors for low-level skills such as using copy and paste tools (adj.
R-squared 0.727) and file transfer skills (adj. R-squared 0.671) than for high-level skills
such as programming (adj. R-squared 0.325) or using a basic arithmetic formula in a
spreadsheet (adjusted R-squared 0.505). The coefficients of the predictor variables are
positive, which indicates that when we observe a smaller gender disparity on Facebook
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or on Google AdWords we also expect to observe a smaller gender disparity across
different types of skills.
A plausible explanation of the differences in the ability of the FB and ADW
indicators to serve as proxies for low-level rather than high-level skills is the type of
skill required to use these platforms. For example, someone using Facebook or Google
may need to be able to perform tasks such as copying and pasting a search term on
Google, or moving files around when uploading an image on Facebook. As a result, we
see stronger correlations between these types of skill and the gender gap on Facebook
than we see for more high-level skills such as programming. We find that FB GGI
indicators perform better than ADW GGI indicators for predicting both internet use and
low-level skills. This could arise from the fact that FB indicators provide counts of
users rather than impressions, which is what is provided by AdWords. Alternatively,
being a Facebook user might be a good proxy for basic internet use and digital skills,
but as ADW captures a range of different platforms, more active use of these platforms,
for example, by male users, could make this a less effective proxy for general internet
use. As the ITU measure that we are predicting captures general internet use rather than
frequency, intensity, or specific type of use, the Facebook indicators appear to provide
better proxies for this than the AdWords indicators.
Figures 3a shows the gender gap measure for using copy and paste tools from the
ITU data and Figure 3b shows its value as predicted by the model in Table 6. As can be
seen, for countries where data are available, the model predictions largely agree with
the data. However, the coverage of countries is greatly enhanced when using the online
data, especially for Africa where ITU data are sparse. Figure 4 shows a scatter plot of
the gender gap for using copy and paste tools from ITU data against the predicted
values from the model. Although countries generally align along the x = y diagonal,
with no systematic skew in under- or over-prediction, there are some outliers. The two
largest residuals in terms of over-prediction where the model predicts more gender
equality than ITU indicators are Pakistan and Croatia. Conversely, Morocco and Brunei
are the two largest residuals in terms of under-prediction, i.e., where the model predicts
less gender equality than indicated by the ITU data.
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Figure 3:

Maps of the digital skill (using copy and paste tools) gender gap
index (DG GGI) computed using ITU data (panel a) and as
predicted by the model (panel b)

(a) DS GGI – Using copy and paste tools computed using data from International Telecommunications Union (ITU)

(b) Using copy and paste tools predicted using the online-offline model (Facebook data combined with offline indicators)
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Figure 4:

Scatter plot showing DS GGI – Using copy and paste tools
computed using ITU data (x-axis) against the values predicted
from the model using Facebook data combined with offline
indicators (y-axis). The plotted line is the diagonal x=y line.
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6. Discussion
Women’s equal participation in the digital society is considered integral to achieving
global goals related to gender equality. The ITU has highlighted the importance of
“putting in place data, monitoring and evaluation tools around gender equality and ICT,
including for measurement of access and use” to realize these goals (International
Telecommunication Union 2015). This study explores how anonymous, aggregate data
from the online populations of Google and Facebook can help with this endeavor.
Our study expands in several ways on prior research in Fatehkia, Kashyap, and
Weber (2018) that uses Facebook’s advertisement audience estimates to predict gender
gaps in internet use. First, we evaluated the potential of another novel data source –
Google’s advertisement impression estimates (AdWords) – to predict gender gaps in
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internet use around the world. To the best of our knowledge, this paper is the first to use
impressions estimates from Google AdWords to monitor any target related to the
Sustainable Development Goals (SDGs). Second, we explored whether Facebook and
AdWords’ measures for different age groups could be combined to improve models for
predicting gender gaps in internet use. Third, we use the latest ground truth ITU data to
compute gender gaps in specific types of digital skills and to examine their relationship
with Facebook and AdWords’ derived measures.
The prediction results are very promising, as the online model using Facebook and
AdWords’ gender gap measures for different age groups is able to explain 72% of the
variance in the ground truth of the ITU Internet Gender Gap Index, showing a slight
improvement over the online model reported in Fatehkia, Kashyap, and Weber (2018),
which explained 69% of the variance.16 By comparison, the offline model only explains
59% of the variance. Furthermore, the online–offline model that uses both the Facebook
and AdWords’ gender gap measures for different age groups combined with offline
indicators has the best model fit, explaining around 80% of the variance in the ground
truth. This supports our approach of integrating both Facebook and AdWords’ gender
gap measures to the regression model, as using only offline development indicators
might not be enough to provide good predictions of internet-use gender gaps. In
addition, our approach shows that the predictive performance is improved by combining
Facebook and AdWords’ gender gap measures for different age groups. Nevertheless,
we note that the coverage of AdWords for different age groups is worse than that of
Facebook, so drawing on AdWords data we are able to make predictions for fewer
countries than when relying on Facebook alone. In terms of robustness and
generalizability, however, drawing on both Google and Facebook data gives us
different ways of operationalizing our indicators of interest. Thus, if the user behavior
on one of the platforms changes radically the combined prediction will hopefully
remain somewhat stable and guard against outliers.
Going beyond modeling mere binary internet use-or-not, our results also
demonstrate a strong relationship between gender gaps in digital skills and gender gaps
in Facebook and Adwords’ estimates. Specifically, we found that gender gaps in digital
skills such as sending e-mail with attached files or using copy and paste tools are
associated with a gender gap in Facebook and Adwords’ estimates. In general, we
found that Facebook variables are better able to predict low-level skills, which could be
linked to both the type of digital use that having a Facebook account is proxy for and
the quantity provided by the Facebook marketing platform compared with AdWords
(users versus impressions). Further research could use Facebook and AdWords’ data to

16

Note that the online model with Facebook GGI 18+ performs worse with the latest round of ITU (2018)
used in this study than with the ITU (2016) data used in Fatehkia, Kashyap, and Weber (2018).
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measure gender gaps in digital skills by filtering advertising-reach estimates based on
education or specific audience interests.
Using aggregate, anonymous online-advertising audience estimates to predict
digital gender gaps has several advantages over traditional approaches. First, data from
online advertising platforms can be collected regularly, enabling predictions to be made
on, say, a monthly basis. Second, large internet platforms such as the Facebook and
Google have a global reach and their data can be collected for a large number of
countries, enabling predictions of internet use and digital skill gender gaps for most
countries in the world. Here, the biggest gain in coverage is for low- and lower-middleincome countries where online data enable us to generate estimates for 64 countries,
compared with 16 in the ITU data. Third, the gender gap in Facebook and AdWords can
be disaggregated by different sociodemographic characteristics such as age, gender,
language, and location, which is particularly useful for large countries like India.
Leveraging these additional characteristics provides further avenues for extending this
work. In this paper we have used Facebook and Google gender gap indicators as
predictor variables to examine their validity against survey-based measures of digital
gender inequality. Further extensions of this work could analyze these online gender
gaps as outcomes to understand what factors explain their variation, and these data
could be routinely collected to examine how they vary over time. These online
platforms could themselves be used to field surveys and estimate digital inequalities,
using approaches such as that in Feehan and Cobb (2019).
Nevertheless, our approach of combining Facebook and AdWords’ gender gap
measures to predict gender gaps in internet use has several limitations. First, Facebook
and Google do not provide documentation that explains how their algorithms estimate
the number of users or the number of impressions. Hence, these estimates are sensitive
to changes in the design of the black-box algorithms. Second, no online advertising
platform that we are aware of provides historic estimates, disaggregated by period, for
the reach of a to-be-launched ad campaign. This makes it difficult to evaluate changes
in the model fit over time. Indeed, we found that the Facebook and AdWords estimates
have a higher correlation with the 2016 ITU data than with the 2018 ITU data. Also, the
2018 ITU data are based on gender-disaggregated data on internet use from 2013‒2017,
depending on the country, whereas the Facebook and the AdWords data are more
recent. As Facebook and Google do not provide historic data, we need to continue
collecting data prospectively to be able to track changes over time and to update our
regression models. Nevertheless, our approach of combining Facebook and AdWords’
gender gap measures to predict digital gender gaps proves that these data sources can
help with up-to-date monitoring of SDG targets linked to digital gender equality.
Finally, in extending our approach to monitoring other SDGs and other aspects of
human development, it has to kept in mind that not everyone is on the internet, let alone
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on Facebook or Google. One contribution of our work here has been to highlight how
women are significantly underrepresented on two of the largest online platforms,
Google and Facebook, particularly in several countries in sub-Saharan Africa and South
Asia. Whereas in this particular study the main signal used was the absence of users, in
other studies it would be important to be cognisant of this bias when using these online
data sources to measure social indicators, or to recruit participants for research studies.
The underrepresentation of women on Facebook and Google, and more broadly online,
is also significant for development practitioners and NGOs who are deploying media
and information campaigns, as well as other social interventions, on social media and
other online platforms. Moving forward, this work provides an example of how online
data can play a complementary role in advancing the ‘data revolution’ for sustainable
development (IEAG 2014). Online data sources have biases that are important to
consider, but by using them in conjunction with traditional data from surveys and
censuses, population scientists can contribute to the task of evaluating and augmenting
their potential.
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Appendix A: Log transforming the gender gap indicators
Tables A-1 and A-2 present results from the same models as Tables 4 and 5 but with all
gender gap indicators uncapped and log-transformed. For comparability with the results
reported in Tables 4 and 5, the Mean Abs. Error and the SMAPE were computed after
transforming the predicted and ground truth variables back by applying the inverse log
function and capping the variables at 1.
Table A-1:

Summary of results for three regression models predicting ITU
internet Gender Gap Index using using (1) a single online variable;
(2) offline variables and a single online variable; (3) offline variables.
Table shows coefficients for standardized values of the explanatory
variables.
Online model

Intercept

Online–offline model

FB

ADW

FB &ADW

FB & offline
var

ADW &
offline var

FB &
ADW &
offline var

‒0.074

‒0.076

‒0.076

‒0.074

‒0.077

‒0.077

‒0.076

‒0.048

‒0.033

‒0.075

0.159

0.124

0.163

‒0.046

‒0.049

GDP capita PPP 2016
HDI

0.056

Mean year schooling HDI
Unemployment ratio
FB GG (age 18+)

Offline
model
Offline
indicators

0.036
0.119

ADW GG (age18+)

0.114

0.083

0.073

0.098

0.010

0.058

0.016

Adjusted R-squared

0.599

0.383

0.590

0.672

0.654

0.705

Mean Abs. Error

0.043

0.052

0.043

0.042

0.042

0.040

0.051

SMAPE

5.34%

6.39%

5.63%

5.27%

5.56%

5.51%

6.51%

F-statistics

0.578

123.6

48.2

55.8

85.1

35.9

36.4

37.5

Df

81

75

74

80

70

69

77

N

83

77

77

83

75

75

81
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Table A-2: Summary of results for three regression models predicting ITU
internet Gender Gap Index using using (1) multiple age groups of
online variables; (2) offline variables and multiple age groups of
online variables; (3) offline variables. All reported coefficients are
with standardized values of the predictor variables.
Online model

Intercept
HDI
GDP capita PPP 2016
Unemployment ratio
FB GG (age 18+)
FB GG (age 20–64)
FB GG (age 25–29)
FB GG (age 25–49)
FB GG (age 55–59)
FB GG (age 50–54)
FB GG (age 50+)
FB GG (age 60–64)
ADW GG (age 18–24
Adjusted R-squared
Mean Abs. Error
SMAPE
F-statistics
Df
N

Offline
model

Online–offline model

FB

ADW

FB &
ADW

FB &
offline var

ADW &
offline var

‒0.074

‒0.078

‒0.078

‒0.074
0.043

‒0.078
0.089

FB &
ADW &
offline var
‒0.078
0.059

0.062
0.644
0.040
5.18%
67.8
72
75

0.208
‒0.182
0.048
0.802
0.036
4.73%
76.0
70
75

Offline
indicators
‒0.076
0.163
‒0.075
0.036

0.056
0.213
‒0.047
0.124
0.150
0.185
‒0.174
0.727
0.045
5.59%
73.8
79
83
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0.103
0.404
0.055
6.84%
51.1
73
75

‒0.158
0.030
0.783
0.041
5.26%
67.8
70
75

‒0.096
0.757
0.041
5.18%
64.8
78
83

0.578
0.051
6.51%
37.5
77
81
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Appendix B: Comparing models with likelihood ratio test
Tables A-3 and A-4 compare the performance of the different Online and Online–
Offline models in Tables 4 and 5, using the likelihood ratio test or the Vuong test for
non-nested models. In order to run the tests, both models being compared were fitted on
a common subset of countries for which data were available for the variables of both
models; as a result, the table also reports the adj. R2 and number of data points on
which the models being compared were fitted.
Table A-3:

Online models: Likelihood-ratio tests/Vuong tested for Non-nested
models.
Model 1
adj. R2

Model 2

Model 2
adj. R2

N

Table 4: FB

0.518

Table 4: FB+ADW

0.521

77

Y

1.439

0.23

Table 4: ADW

0.374

Table 4: FB+ADW

0.521

77

Y

21.627

3.31e-6

Table 5: FB

0.684

Table 5: FB+ADW

0.717

75

N

‒1.513

0.065

Table 5: ADW

0.473

Table 5: FB+ADW

0.717

75

Y

49.912

8.34e-11

Table 4: FB+ADW

0.545

Table 5: FB+ADW

0.719

71

N

‒2.029

0.021

Model 1

Table A-4:

Models
Test statistic
Nested? (Y/N)

p-value

Online–Offline models: Likelihood ratio tests/Vuong tested for nonnested models
Model 1
adj. R2

Model 2

Model 2
adj. R2

N

Table 4: Off.+FB

0.662

Table 4: Off.+FB+ADW

0.695

75

Y

10.988

0.012

Table 4: Off.+ADW

0.684

Table 4: Off.+FB+ADW

0.695

75

Y

3.871

0.049

Table 5: Off.+FB

0.740

Table 5: Off.+FB+ADW

0.796

75

N

‒0.939

0.174

Table 5: Off.+ADW

0.696

Table 5: Off.+FB+ADW

0.796

75

Y

31.912

1.18e-7

Table 4: Off.+FB+ADW

0.717

Table 5: Off.+FB+ADW

0.801

69

N

‒1.829

0.034

Model 1
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Test statistic
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p-value
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