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Abstract

Online social media are information resources that can have a transfor-
mative power in society. While the Web was envisioned as an equalizing
force that allows everyone to access information, the digital divide pre-
vents large amounts of people from being present online. Online social
media in particular are prone to gender inequality, an important issue
given the link between social media use and employment. Understanding
gender inequality in social media is a challenging task due to the necessity
of data sources that can provide unbiased measurements across multiple
countries. Here we show how the Facebook Gender Divide (FGD), a met-
ric based on a dataset including more than 1.4 Billion users in 217 coun-
tries, explains various aspects of worldwide gender inquality. Our analysis
shows that the FGD encodes gender equality indices in education, health,
and economic opportunity. We find network effects that suggest that using
social media has an added value for women. Furthermore, we find that low
values of the FGD precede the approach of countries towards economic
gender equality. Our results suggest that online social networks, while
suffering evident gender imbalance, may lower the barriers that women
have to access informational resources and help to narrow the economic
gender gap.
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The Web was designed to be universally accessible and open, carrying the
promise of equal opportunity in the access to online information and services [4]
as the great potential equalizer [14]. However, despite the widespread adoption
of the Web and other Information Communication Technologies (ICT), online
access and presence are heterogeneous across demographic factors such as in-
come and gender —a phenomenon called the digital divide [5, [8] [19].

Governments and global organizations express their concern about the dig-
ital divide, aiming to connect the 4 Billion people that remain offline [23] [13].
However, the effects of increasing Internet penetration in development are rarely
backed up against empirical data [10], and the latest report by the World Bank
suggests that unequally distributed growth in Internet penetration might exac-
erbate socio-economic inequalities [13].

Among online resources, social media play a key role in economic develop-
ment, for example by providing information that facilitates finding employment
[6, 12]. An important open question is whether equality in the access to so-
cial media can work as a digital provide [I6], bringing equality in other social,
political, and economic aspects of society.

The World Wide Web Foundation reports that one of the key elements in
the digital divide is gender inequality [26]. Gender-based online violence and
sexual harassment are pervasive phenomena across countries and can drive gen-
der inequality in activity even when access is equally available across genders,
generating gender divides that demand research [26]. Empirical analyses of so-
cial media data show the traces of gender inequalities, from content biases and
activity on Wikipedia [25] 2] to visibility and interaction disparities on Twitter
[T, [18].

To properly understand the digital divide, a pervasive problem in cross-
country comparisons is the limited size of country samples and the challenges
to generate unbiased survey data [I3]. To overcome this issue, we deployed
a novel technical infrastructure to collect large-scale data from the Facebook
online social network, as explained more in detail in the Materials and Methods
section. We generated a dataset with the total amount of registered users and
daily active users of each gender in each country, covering a total of 217 countries
and more than 1.4 Billion users (more details in Supplementary Information).

Our dataset allows the quantification of Facebook activity ratios of each
gender in each country. From them, we calculate the Facebook Gender Divide
(FGD) as the logarithm of the ratio between the activity ratios for men and
for women (see Methods for more details). The FGD has a value below zero
when women tend to be more active on Facebook that men, a value close to zero
for equal activity tendencies, and a positive value when men are more active
on Facebook than women in a country. We combine this data with standard
socio-economic indices, including Gross Domestic Product (GDP) per capita,
Internet penetration (IP), and economic inequality, as well indices from the
World Economic Forum Gender Gap Report that measure gender equality in
terms of education, health, political participation, and economic opportunities.
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Figure 1: The Facebook Gender Divide across 217 countries. Countries
are colored according their Facebook Gender Divide (FGD), from highly skewed
towards males (red), balanced (blue), and towards females (green, not visible).
The left inset shows the scatter plot of male and female activity ratios across
all countries, revealing a spread along the diagonal. The right inset shows the
histogram of FGD values in bins of width 0.2. While the mode of countries is
slightly below zero, there is significant skewness towards high FGD values.

Results

Fig. 1 shows a world map with countries colored according to their FGD,
revealing that many countries are very close to gender equality in Facebook
(blue color). The red scale shows countries with positive FGD—-that is, higher
proportion of males on Facebook. The scale towards FGD below zero (more
tendency for women to be on Facebook) is much narrower than above zero,
as can be seen in the scatter plot with the activity ratios of each gender (Fig.
1, left inset), and in the skewness of the distribution of FGD across countries
(Fig. 1, right inset). An online interactive version of Fig. 1 can be found in
http://dgarcia.eu/FacebookGenderDividel

Countries with strong FGD above zero are located around Africa and South
West Asia, as shown on Fig. 1. This suggests that variations in socio-economic
factors of gender inequality across regions could be explanatory of the FGD.
We test this observation using a linear regression model of the FGD as a func-
tion of the four indices of gender equality measured by the World Economic Fo-
rum (economic opportunity, education, health, and political participation), plus
three non-gender-based controls of Internet penetration, population size, and
economic inequality (see Methods). The left panel of Fig. 2 shows the quality
of the model fit, comparing empirical values of FGD rank versus model predic-
tions. Remarkably, the model can explain well the ranking of FGD (R? = 0.74),
with very few points far from the diagonal.

The right panel of Fig. 2 shows the estimate of the coefficients of our model
of FGD. The strongest coefficient is that of education gender equality, which
can also be observed on the colors of the left panel of Fig. 2. Specifically,
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Figure 2: Regression results of FGD as a function of gender equality.
A) Model predictions versus rank of FGD, where rank 1 is the country with the
highest FGD. The model achieves a high R? above 0.74, explaining the majority
of the variance of the FGD ranking. Some countries are labelled, from high FGD
(Liberia, India, and Saudi Arabia) to low FGD (Finland, Norway, and Uruguay),
as well as some outliers (Dominican Republic, Austria, and Sri Lanka). B)
Coefficient estimates and 95% CI of the terms of the regression fit (excluding
intercept). Education (Edu), health (Heal), and economic gender equality (Eco)
are significantly and negatively associated with the FGD, but political gender
equality (Pol) is not. From the control variables, Internet penetration (IP) is
negatively associated with FGD, but economic inequality (Ineq) and population
(Pop) are not. The main role of education equality in FGD can be observed
on panel A, where dots are colored according to the rank of education gender
equality, showing that countries with low FGD are ranked high on education
gender equality. An online interactive version of this figure can be found in
http://dgarcia.eu/FacebookGenderDivide

countries with high rank in this index have, on average, lower FGD. Health and
economic gender equality also have significant negative coefficient estimates,
showing that the FGD captures more than one type of inequality. Note that
the index for political gender equality does not have a significant relationship
with FGD when the other indices are considered in the model. Among con-
trols, only Internet penetration is negatively associated with FGD. This also
appears in similar regression models including GDP and other development
indices, evidencing that the relationship between gender equality indices and
FGD is observable when development metrics are considered. We present these
additional controls, regression diagnostics, and robustness tests in Supplemen-
tary Information, concluding that the negative relationships between FGD and
gender equality indices are robust.

The value of being active in social media might vary across genders, which
we can analyze in a wide country comparison. Network effects are a possibility
in social media, accelerating activity rates as a social networking technology
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Figure 3: Gender differences in network effects on Facebook. Scaling
of Facebook activity ratio versus presence ratio. Solid lines show fit results
and shaded areas show their 95% confidence intervals. Both male and female
activity ratios grow superlinearly with presence (a > 1), indicating a network
effect. This network effect is stronger among female than among male users.

penetrates a society. An example of this is Metcalfe’s law [15], by which the
individual value of using a communication medium grows with the amount of
people connected to it. If there is a network effect, the activity ratio in a
country should grow superlinearly with the ratio of people with an account in
the country, regardless of whether they are active or not. Furthermore, this
effect might vary for male and female users, revealing whether using Facebook
might have higher marginal benefit for one gender than for the other.

Fig. 3 shows the scaling relationship per gender between the activity ratio
and the total Facebook presence ratio in each country. Lines show the result of a
power-law fit between both variables with an intercept and an interaction term
for gender. The estimate of the scaling exponent for each gender is clearly above
one for both genders, revealing a superlinear trend consistent with a network
effect in Facebook. This exponent is significantly stronger for female users (ap =
1.45[1.41,1.49]) than for male users (ap = 1.20[1.16, 1.24], see Supplementary
Information for details). This result suggests a surprising phenomenon, namely
that the utility of being active on Facebook might be higher for women. A possible
explanation is that social media allows women in countries with high gender
inequality to access social capital that might not be accessible through other
means—e.g. due to restricted spatial mobility [24].

We further test the possibility that low levels of FGD are related to narrowing
gender gaps in other aspects of society. We fitted a model of changes in economic
gender equality as a function of the rank of FGD in the previous year, including
controls for autocorrelation and economic factors. The coefficient estimates,
shown in Fig. 4 and explained more in detail in Supplementary Information,
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Figure 4: The role of the FGD on changes in economic gender equality.
Coefficient estimates of the regression model of changes in economic gender
equality as a function of FGD and control terms (excluding intercept). A low
rank of FGD is associated with changes towards economic gender equality.

reveal a significant positive relationship between the FGD rank and changes in
economic gender inequality. This means that countries with low values of FGD
(i.e. high rank number) tend more to approach economic gender equality. On
the contrary, this association is not observable on education nor political gender
inequality (see Supplementary Information), suggesting that social media plays
a role in bridging economic gaps but not in other social or political inequalities.
The same result holds when we include education equality in the model of
changes in economic gender equality. In combination with the results of the FGD
model presented in Fig. 2, these results suggest a novel development sequence
in gender equality: education gender equality is associated with gender equality
in social media activity, which in turn leads to increasing levels of economic
gender equality.

Discussion

By quantifying the Facebook Gender Divide among 1.4 Billion Facebook users,
we demonstrate a number of phenomena that deserve further investigation. The
FGD is associated with other types of gender inequality, including economic,
health, and education inequality. While the mechanisms behind this connection
remain an open question, this work is an example of how publicly accessible
social media data can be used to understand an important social phenomenon.
The FGD provides an inexpensive and accessible way to compute gender di-



vides in social media that can be tracked over time and across countries in
development analyses [22]. Future studies can include the FGD along with
other indicators to understand the role of ICT in individual countries, taking
into account their particularities before formulating policy suggestions.

We found evidence of a gender-dependent network effect—that is, women
might receive higher marginal benefit than men from the general adoption of
Facebook in a country. Furthermore, we identified a relationship between gen-
der equality in Facebook and changes in economic gender inequality in which
countries with lower Facebook Gender Divide approach faster economic gender
equality. These results suggest that social media can be an equalizing force that
counteracts other barriers—e.g. those that limit women’s mobility—by provid-
ing access to greater economic opportunities and social capital. In a similar
way as mobile phones increased the life quality of fishermen in India [I6], social
media might work as a digital provide that helps disfavoured groups despite the
still generalized inequalities in access to ICT and in adoption of social media
technologies.

Materials and Methods
The Facebook Global Dataset

We collected the number of Facebook users by age and gender in each country
using the Facebook graph API [I]. Among other services, this API delivers
marketing data for its commercial customers to provide targeted advertising.
When supplied with a specific target population, the API returns the total
audience size and the price to reach that target audience through Facebook.
We iterated over each combination of age and gender values, retrieving the
total amount of users and the amount of Daily Active Users (DAU) for each
segment in each country. Our dataset contains the number of male and female
registered users and daily active users for all the countries available in the graph
AP]H After removing entries of small countries with missing values, our dataset
contains the total amount of users and DAU segmented by age and gender for
217 countries. Age data in the API starts at 13, increasing by one year up
to a last bin that contains all users aged 65 or older. To correct any possible
fluctuation on the data reported by Facebook, we repeated our analysis on
monthly snapshots of Facebook data for a period of twelve months between
2015 and 2016, as reported in Supplementary Information.

Gender equality and development datasets

To normalize the amount of active users over the total population of each coun-
try, we use the data collected by the US Census Bureau. This dataset contains
estimates of the resident population by age and gender for more than 226 coun-
tries. We combine this data with gender equality indices measured by the World

IThe API does not deliver data for certain countries, e.g. Syria, Iran, and Cuba.



Economic Forum Gender Gap reports of 2015 and 2016 [3]. This dataset quanti-
fies the magnitude of gender equality in 145 countries, measuring it with respect
to four key areas: health, education, economic opportunity, and politics. This
report updates the values for education, economic, and political gender equality
on a yearly basis, allowing us to measure changes between 2015 and 2016. To
account for additional economic and development indicators, we include data
from the World Bank and the Human Development Index [2], measuring control
variables of GDP (PPP) per capita in 2012, economic inequality as the quintile
ratio, and Internet penetration.

Computing the Facebook Gender Divide

We quantify the Facebook Gender Divide as a comparison of the rates of activity
between genders. The amount of Daily Active Users (DAU) measures how many
users have logged into Facebook at a given day, which could be either through
a Web browser or a mobile application. We use the segmented data from 13
to 65 years old to normalize the amount of DAU over the total population of
a country in those ages, truncating all data that is not included in that age
range. This way we avoid introducing a bias with life expectancy and average
age. To have a stable estimate of the DAU, we calculate the median value over
the month of July 2015. We repeated our analysis with similar measurements
over the following year, validating that our results do not depend on the choice
of that particular time period. This way, for each each country ¢ and gender
g € [Female, M ale]ﬂ , we have a measurement of the amount of active users
Ay, between 13 and 65 years old.

Using the US Census Bureau data, we calculate the total population of each
gender between the ages of 13 and 65 years old in each country, which we
denote as P, .. This way, we can normalize the total activity in Facebook over
the population in the same age ranges, calculating the ratios R, .. We define
the Facebook Gender Divide in country c as

FGD, = log (RM‘”“ )

RFemale,c

, which compares male and female Facebook activity rates over the population
of country ¢. A country with positive FGD will have a tendency for men to be
more present on Facebook, while a country with negative FGD will show the
opposite tendency. A country with FGD = 0 will have complete equality in the
activity tendencies of both genders.

Regression Models

We model dependencies between gender equality indicators and the FGD as lin-
ear models, after applying a rank transformation to all variables such that rank

2For simplicity, we take gender as birth sex, i. e. male or female.



1 is the highest possible value of the variable. This way, we explore monotonic
dependencies that do not need to be linear. We define this FGD model as:

FGD =a;-Q+by-C+cy+e

where () is a matrix with the ranks of economic, health, education, and political
gender equality in each country and C' contains control variables such as Internet
penetration, income inequality, and total population. c; is the intercept and
€ denotes the residuals as the normally distributed, uncorrelated error of the
model.

We analyze the relationship between changes in economic gender equality
and the rank of FGD through the following equality changes model:

AFEco=a, - FGD + b, - Ecosgis + ¢o - O +do, + 9

where AFEco is the change in economic gender inequality between 2015 and 2016.
The inclusion of the term FEcoog15 controls for autocorrelation in the economic
gender equality index. Following previous Economics research on Facebook
data [I2], we include the control matrix O with economically relevant rank-
transformed variables: GDP, Income inequality, and the total population of
each country. d, is the intercept of the model and 1 denotes the residuals.

We model network effects as a power-law relationship between the activity
ratio of a gender and the total Facebook presence ratio, where the Facebook
presence ratio of country ¢, denoted as R, is the ratio between the total amount
of accounts (active or inactive) in country ¢ over its total population. We define
this network effects model as:

lo.g(Rg,c) = a- ZOg(R:;) + 6 + 5g,Female(aF : lOQ(Rlc) + ﬁF) + (b

where a measures the scaling relationship between the Facebook presence
ratio and the activity ratio of male users, ar the difference in that relationship
for female users, and ¢ the residuals. The Kronecker delta function dy remale
takes value 1 when g = Female and 0 otherwise.

The above models do not show relevant multicollinearity, as revealed by
the calculation of Variance Inflation Factors [7] reported in the Supllementary
Material. We fit all models using Markov Chain Monte Carlo sampling in JAGS
[20]. We assume a narrow non-informative Normal prior around zero for all
parameters, and we calculate 95% Credible Intervals (CI) over the posterior
distribution of each parameter to assess the uncertainty of median estimates.

To test the validity of the assumptions of our models after fitting, we verify
the normality of residuals through Shapiro-Wilk tests [9], and check that resid-
uals are uncorrelated with fitted values and independent variables. We further
compare the fit results against the outcome of robust regression through the
Method of Moments [I7], validating that our results are robust to the possible
existence of outliers. For the case of the network effects model, we additionally
analyze multiplicative residuals in order to test for the possible role of outliers,
as shown more in detail in Supplementary Information.
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Supplementary Information

Supplementary Table 1

Gender Facebook accounts Median DAU  Total population

Female 646,953,680 375,148,380 2,422,856,560
Male 800,026,950 391,673,365 2,485,459,305
Both 1,446,980,630 766,821,745 4,908,315,865

Table 1: Total counts of Facebook accounts, DAU estimates, and total popula-
tion covered by the dataset.
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Supplementary Text 1 - FGD as a function of
other inequalities

Table[2reports the Variance Inflation Factors of the variables in the FGD model.
All factors are low enough to discard multi-collinearity in the linear model.

Variable VIF
Education Gender Equality Rank 2.079070
Economic Gender Equality Rank  1.194107
Health Gender Equality Rank 1.307413
Political Gender Equality Rank  1.239827

Internet Penetration Rank 1.625328
Income Inequality Rank 1.121453
Total Population Rank 1.194382

Table 2: Variance Inflation Factors of independent variables in the FGD model.

Table 3] reports the detailed results of the FGD model fit and Table ] reports
the results of the same model when fitted with a robust regression method.
Results are qualitatively similar, revealing that the FGD model result is robust
to outliers.

Term Median estimate 95% Credible Interval — p-value

Intercept 136.8 [121,152.8] p < 0.01

Education Equality Rank -0.53 [—0.66, —0.40] p < 0.01

Health Equality Rank -0.27 [—0.37, —0.17] p < 0.01

Economic Equality Rank -0.16 [—0.25, —0.06] p < 0.01
Political Equality Rank 0.05 [—0.05,0.14] 0.83

Internet Penetration Rank -0.23 [—0.34, —0.12] p < 0.01
Income Inequality Rank 0.01 [—0.08,0.11] 0.60
Population Rank 0.009 [—0.086,0.10] 0.56

| N 142 R? 0.7411 |

Table 3: Regression results of FGD model. Estimates of p-values are based on
the null hypothesis that the coefficient equals zero after 10,000 iterrations.

Figure [5| shows the normal Q-Q plot and the histogram of residuals, which
are distributed very close to normality. This is confirmed by a Shapiro-Wilk
normality test, with a statistic of 0.99 and unable to reject the null hypothesis
that residuals are normally distributed (p = 0.49). Furthermore, residuals are
uncorrelated with all gender equality variables (Near-zero Pearson correlation
coefficients, with p-values above 0.9) and the square root of absolute residuals
are not significantly correlated with predicted values.

To account for the possible role of GDP as a correlate of Internet penetration,
we repeated the fit of the FGD model by replacing the Internet penetration rank

14



Term Estimate Standard Error t-value p-value
Intercept 139.02 8.08 1721 p<10~10
Education Equality Rank —0.54 0.06 -835 p<10710
Health Equality Rank —-0.29 0.05 —5.51 p<1076
Economic Equality Rank —-0.13 0.05 —2.60 0.0104
Political Equality Rank 0.06 0.05 1.18 0.2403
Internet Penetration Rank  —0.25 0.06 432 p<107*
Income Inequality Rank —0.001 0.05 —0.02 0.98
Population Rank —0.008 0.05 —0.16 0.87

Table 4: Robust regression results of FGD model.
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Figure 5: Left: Normal Q-Q plot of residuals of the FGD model. Right: His-
togram of residuals. The regression residuals are close to normality.

with the GDP rank of the country. Results are reported on Table [5] revealing
that the main result is robust to controlling for the wealth of countries.
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Term Median estimate 95% Credible Interval — p-value

Intercept 147.3 [130.7,163.7] p < 0.01

Education Equality Rank —-0.57 [—0.70, —0.44] p < 0.01

Health Equality Rank —0.25 [—0.35,—0.14] p < 0.01

Economic Equality Rank -0.17 [—0.26, —0.07] p < 0.01
Political Equality Rank 0.05 [—0.05,0.15] 0.80
GDP Rank ~0.16 [-0.28, —0.04] 0.002
Income Inequality Rank 0.02 [-0.07,0.12] 0.68
Population Rank 0.01 [—0.084,0.114] 0.63

N 142 R? 0.7228

Table 5: Regression results of FGD model with GDP instead of Internet pene-
tration.

We repeated the fit of the FGD model for measurements of the DAU in
twelve months between 2015 and 2016. Figure [6] shows the results of the fit for
these alternative periods. The coefficient estimates barely depend on the period
when the DAU are calculated and the R? of the fits range between 0.726 and
0.757, confirming that our results are robust to fluctuations in the reporting of
DAU through the Facebook API.
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Figure 6: Results of repetition of the fit of the FGD model for 12 months
between 2015 and 2016. The results are qualitatively stable across months.
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Supplementary Text 2 - Network effects

The results of the network effects model are shown on Figure [7] The model
achieves a R? = 0.96 on the logarithmic scale and a R? = 0.89 on the linear
scale of activity ratios per gender. Table [f] shows the detailed results of the
model, evidencing the superlinear scaling (o = 1.2) and the difference between
genders (ap = 0.25).
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Figure 7: Results of network effects model fit. The left panel shows the com-
parison between empirical and predicted values, the right panel shows median
estimates and 95% CI of model coefficients.

Term Median estimate 95% Credible Interval  p-value
8 —0.57 [—0.63, —0.50] p < 0.01
a 1.198 [1.16,1.24] p < 0.01
B 0.15 [0.06,0.25] p < 0.01
ap 0.25 0.2,0.31] p < 0.01

| N 422 (211 countries, 2 genders) R? 0.96 |

Table 6: Regression results of network effects model. Estimates of p-values are
based on the null hypothesis that the coefficient equals one for o and zero for
the rest, after 10,000 iterations.

Figure[8|shows the analysis of the residuals of the model and the error in the
linear scale of activity ratios per gender. Some small deviations from normality
can be observed at the tails, corresponding to significant Shapiro-Wilk statistics
of 0.94 and 0.95. Both types of residuals are uncorrelated with the Facebook
presence ratio and do not appear to have a structure across predicted values.
We identified some of the residual outliers, such as China and Tajikistan, which
when removed do not have a qualitative impact in the results of the model fit
and lead to residual distributions closer to normality.

17



= o
8 21 8
< >
s g
e} g
o © 5 3
3 2 7 <
g ! e
3 -
n ° 8
‘f ~lo o
T T T T T T T I T T T 1
-3 -2 - 0 1 2 3 -15 -05 00 05 1.0
Theoretical Quantiles residuals
- o
o
wn
R ?
z >
. g
C v | 3 3
o - g
g [
3 i
[%2] o o
©° 4
o
T T T T T T T T T T T T 1
-3 -2 -1 0 1 2 3 05 10 15 20 25 3.0
Theoretical Quantiles residuals

Figure 8: Analysis of residuals of network effects model. The top panels show the
normal Q-Q plot and the histogram of residuals ¢ of the model, and the lower
panels the converse for multiplicative residuals in the linear scale of activity
ratios per gender. Some minor deviations from normality can be observed in

both.

We repeated the fit using a robust regression method, reporting the results on
Table[7] While estimates slightly change, the qualitative results of a superlinear
relationship that is stronger for female users still hold. This shows that our
conclusions are robust to the influence of outliers.

Term Estimate Standard Error t-value p-value
] —0.523 0.033 —1625 p<10~10
a 1.19 0.02 60.88 p< 10710
Br 0.25 0.05 5.43 p <1077
ap 0.37 0.03 1259 p< 10710

Table 7: Robust regression results of the Network effects model.

As with previous models, we evaluated the model of network effects over
twelve months following our initial measurement. Figure [J] reports the over-
all results, showing no relevant decrease in R? and generally the same result,
where the parameter ap is significantly larger than zero and the parameter o
is significantly larger than one.
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Figure 9: Results of repetition of the fit of the network effects model for 12
months between 2015 and 2016. The results are qualitatively stable across
months.
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Supplementary Text 3 - Gender equality changes

Table [§] reports the Variance Inflation Factors of the variables in the model
of economic gender equality changes. All factors are low enough to discard
multi-collinearity in the linear model.

Variable VIF
FGD Rank 2.181729
Economic Gender Equality 2015  1.209750
GDP Rank 2.007710
Income Inequality Rank 1.100580
Total Population Rank 1.059272

Table 8: Variance Inflation Factors of independent variables in the economic
gender equality changes model.

Table [0] presents the detailed results of the model of changes in economic
gender equality. Before fitting, we rescaled the ranked variables to have a value
between zero and one to allow a better comparison of their relationships.

Term Median estimate 95% Credible Interval — p-value
Intercept —0.001 [—0.03,0.03] 0.57
FGD Rank 0.045 [0.067,0.024] p < 0.01
Economic Gender Equality 2015 —0.10 [—0.14, —0.06] p < 0.01
GDP Rank 0.064 [0.044,0.083] p < 0.01
Income Inequality Rank —0.003 [—0.02,0.013] 0.35
Population Rank 0.013 [—0.003, 0.03] 0.06
] N 139 R? 0.307

Table 9: Regression results of economic gender equality changes model. Esti-
mates of p-values are based on the null hypothesis that the coefficient equals
zero after 10,000 iterations.

The residuals of the model of changes in economic gender equality are dis-
tributed close to normality, as shown on Fig. with a significant Shapiro-
Wilk statistic of 0.97 and only some small deviations from normality at the
tails. Residuals are uncorrelated with all independent variables and do not
show signs of heteroscedasticity.

As with the other models, we repeated the fit of the model of changes in eco-
nomic gender equality, using FGD measurements over 12 months. The results,
shown on Figure reveal that there is no qualitative change and that results
are robust to any fluctuation of data reporting.

The results of a repetition of the fit with robust regression are shown on
Table [0l The estimate of the coefficient for FGD is a bit smaller than in the
MCMC fit (0.03 versus 0.045), but still significant and on the same direction. All
results are qualitatively unchanged, showing that any outliers do not influence
the conclusions of our analysis.
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Figure 10: Analysis of residuals of the economic gender equality changes model.
The left panel shows the normal Q-Q plot of residuals of the model, and the right
panel their histogram. Some minor deviations from normality can be observed
in both.

Term Estimate Standard Error t-value  p-value
Intercept 0.05 0.015 0.33 0.74
FGD Rank 0.03 0.01 2.548 0.012
Economic Gender Equality 2015 —-0.07 0.02 —3.1 0.003
GDP Rank 0.04 0.01 44  p<107*
Income Inequality Rank —0.016 0.008 -2 0.04
Population Rank 0.015 0.008 1.99 0.05

Table 10: Robust regression results of economic gender equality changes model.

Since there is a significant and sizeable association between the ranks of FGD
and the score of education gender equality (see Table7 we need to test whether
the negative coefficient of FGD in the model of economic equality changes can
be attributed to the level of gender equality in education. We added a control
term for the rank of gender education equality to the model and repeated the
fit. We found a moderately higher R? = 0.31 and no significant effect of educa-
tion gender equality in the changes of economic gender equality. As shown on
Figure the rest of coefficients of the model remain qualitatively unchanged,
evidencing that the relationship between FGD and changes in economic gender
equality is not a confound with education gender equality.

We repeated the above model for the case of changes in education gender
equality and for changes in political gender equality, including controls for the
autocorrelation of each variable. We could not include an analysis of changes in
health gender equality due to the fact that they do not change yearly, as that
score depends on life expectancy and birth rates, two measurements that take
many years to change. Figure[L3|shows the coefficient estimates of both models,
having R? = 0.17 the model of education equality changes and R? = 0.02 the
model of political equality changes. The FGD has no significant effect in neither
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Figure 11: Results of repetition of the fit of the model of changes in economic
gender equality for 12 months between 2015 and 2016. The results are qualita-

tively stable across months.

of these two equality metrics, indicating that the gender divide in social media
only has a relationship to changes in economic gender equality.
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Figure 12: Repetition of the model of changes in economic gender equality,
including a control for the rank of education gender equality in 2015 (Edu).
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Figure 13: Model results for changes in education (left) and political (right)
gender equality.
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