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Abstract

Literacy is one of the most fundamental skills for people to access and navigate
today’s digital environment. This work systematically studies the language
literacy skills of online populations for more than 160 countries and regions
across the world, including many low-resourced countries where official literacy
data are particularly sparse. Leveraging public data on Facebook, we develop a
population-level literacy estimate for the online population that is based on
aggregated and de-identified public posts written by adult Facebook users
globally, significantly improving both the coverage and resolution of existing
literacy tracking data. We found that, on Facebook, women collectively show
higher language literacy than men in many countries, but substantial gaps remain
in Africa and Asia. Further, our analysis reveals a considerable regional gap within
a country that is associated with multiple socio-technical inequalities, suggesting
an “inequality paradox” — where the online language skill disparity interacts with
offline socioeconomic inequalities in complex ways. These findings have
implications for global women's empowerment and socioeconomic inequalities.

Keywords: global literacy; global inequalities; social media demography;
information accessibility; cross-language measurement

1 Introduction

Literacy, the ability to comprehend and produce textual information, is known as
the foundation for many important personal and social functions. For individuals,
the lack of literacy skills is associated with reduced access to education [1, 2, 3],
employment [1, 4, 2, 5, 6], social benefits [7], as well as poorer health outcomes [8,
9] and lower civic engagement [1, 4, 9, 10]. Collectively, literacy is considered a
prerequisite for democracy and socioeconomic development [6, 10].

Despite a substantial increase in global literacy rates over recent decades, there
were still 750 million adults — two-thirds of whom were women — remaining illiterate
in 2016 [11]. The rise of digital communication technology has brought new chal-
lenges to those with limited literacy skills: as more and more public, professional,
and social communications shift to the digital, text-mediated environment, a lack
of literacy skills can not only exclude people from the information and resources
available online but also expose them to greater (mis)informational vulnerability
and harms [12, 13]. With most existing literacy programs and research focusing on
school children and educational settings, we see a significant gap in our understand-
ing of literacy practices and challenges in the digital environment. In this study, we

take a data-driven approach, leveraging the data available on Facebook — the most
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widely adopted social media platform with a third of the world’s population us-
ing it regularly [14] - to obtain a representative and up-to-date sample of literacy
activities (e.g. reading and writing textual content) by the global online population.

This study systemically examines the language literacy skills of online populations
(henceforth called online language literacy) for more than 160 countries and regions
around the globe. We introduce a new population-level measure called online lan-
guage literacy estimate (OLLE) that is based on aggregated and de-identified written
content posted publicly on Facebook. Thanks to the reach of Facebook to hundreds
of millions of active users from low-resourced regions such as Africa, Latin American,
and South East Asia [15], our measure is able to estimate and track population-level
language literacy at an unprecedented level of coverage, resolution, and timeliness
comparing to traditional literacy assessment methods [16], while achieving an over-
all strong correlation with available official data. With 0OLLE calculated for different
gender, country, and regional groups across the world, we capture the disparities
in online literacy across broad geographical areas and explore gender and regional
literacy gaps under a diverse set of societal contexts. Our results not only quantify
the association between online language literacy gaps and offline inequality metrics,
but also uncover the complex interaction between literacy, Internet adoption, and
civic participation for women. In summary, the main contributions of our work are:

e We develop a global online language literacy estimate (OLLE) using Facebook
data from over 160 countries in 12 languages.

o We evaluate our measure with existing offline population literacy benchmarks,
showing a strong correlation and broader coverage than current official data.

e We demonstrate how the online language literacy measure can be used to track
gender and regional literacy gaps and unpack the complex societal context
around literacy and literacy development.

The rest of the paper is structured as follows: Sec. 2 offers a literature review
of related work to contextualize our study. Sec. 3 describes our methodology and
the dataset used for developing the online language literacy estimate (OLLE). Sec. 4
validates the resulting OLLE’s with existing literacy assessment data and presents
an overview of online language literacy skills across the world. We also share a few
applications of OLLE in studying and understanding regional and gender inequali-
ties globally. Sec. 5.1 discusses the implications and limitations of this study, and
concludes our work.

2 Background and Related Work

2.1 Population Literacy Assessment

Recognizing the importance of literacy in reducing poverty and expanding lifelong
opportunities, the United Nations has included literacy as part of its Sustainable
Development Goals (Goal Target 4.6) [12, 17]. However, tracking population-level
literacy development for different demographics globally remains challenging, with
most existing datasets incomplete, dated, or costly to obtain [18].

Worldwide, the United Nations Educational, Scientific and Cultural Organization
(UNESCO) has been tracking country-level literacy rates for major demographics
such as youth, adults, men, and women [19]. However, their data is based on self-
declaration of reading and writing skills, often collected by asking the head of the
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household to answer questions like: “Can you (and others in your home) read and
write a simple sentence?” As a result, the data may overstate actual skills and
not capture any notion of functional literacy [18]. Even after adding a simple test
of reading skills in the data collection process, the results only group people into
three big categories — illiterate, functional literate, and literate — and cannot mea-
sure literacy on a continuum. Despite issues in the UNESCO data, they are still
a major reference point, especially for developing countries and regions where the
government infrastructures for census and population surveys are scarce.

In the developed world, many countries have invested significant efforts to de-
velop and implement modern literacy assessments that capture population literacy
skills beyond a simple literacy-illiteracy dichotomy. In the US, the National Adult
Literacy Survey (NALS) has been funded by the federal government in 1992 and
2003 [1, 4]. Internationally, there have been coordinated efforts to assess adult lit-
eracy skills through programs such as the Program for International Assessment of
Adult Competencies (PIAAC), involving 39 countries and regions since its incep-
tion in 2012 [20]. While these assessments provide more granular and contextualized
literacy skill measures, they are expensive to administrate and hard to scale: both
NALS and PTAAC were conducted once per decade, requiring 8 to 10 months to
conduct the surveys and interviews, and a few years to compile the results [1, 4, 20].

As a result, the Global Alliance to Monitor Learning has recently made the call
to develop “efficient”, and “light” methodologies to gather nuanced, standardized
data that allows for cross-national tracking and comparison [18]. This work directly
responded to this call, by proposing a data-driven method that leverages social
media data to estimate the literacy skills of diverse geographic and demographic
populations in a cost-effective way with unprecedented coverage. Although our data
were collected from only one platform — Facebook, its high penetration in many
parts of the world allows our method to capture the literacy skills of the entire
population, especially populations with high Internet adoption.

2.2 Digital Literacy
Although closely related to digital literacy — the ability to operate and communi-
cate through digital technology [21], language literacy is composed of fundamental
language skills such as reading, writing, and numeracy, that are often a prerequisite
for digital literacy [13, 22, 23]. In fact, research has shown that the lack of language
literacy skills is a top barrier to Internet access and technology adoption [13, 22, 23].
As human society enter an increasingly technological and informational-rich age,
modern literacy assessment programs such as PIAAC also include the assessment
of “problem-solving skills in technology-rich environment”, showing several demo-
graphic differences and similarities in literacy and digital literacy proficiency in the
developed countries [9]. For example, while the gender gap in favor of men was
observed with digital literacy skills, there is a very small or non-existent gender
difference in literacy skills. Similarly, the age gap in favor of young people was
more observed with digital literacy than with literacy [9]. The results from PIAAC
also showed a significant interaction effect between gender, age, and socio-economic
backgrounds on literacy and digital literacy [9], inspiring us to explore similar trends
for the broader global population covered by this research.
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With over 27,000 new Internet users every hour and many of them from tradition-
ally low-resourced regions [24], this work measures and characterizes the language
literacy skills of the population that is already online - as captured on Facebook,
laying the foundation for future research on more contextualized literacies such as
digital literacy and information literacy.

2.3 Literacy and Social Media

Most studies of literacy in the social media context focus on youth and their liter-
acy practice. For example, many studies documented the young social media users’
practice of “remixing” - creating, uploading, selecting, copy-pasting, combining,
and co-producing content in their profiles and timelines, noting a new literacy prac-
tice that is more collaborative, dynamic, and multi-model than traditional, print
literacy [25, 26, 27, 28, 29, 30]. As a result, the task of “reading” has changed
significantly, becoming more technically simple yet socially complex while [31, 25].

Numerous research examined the relationship between social media and literacy
development, especially, for socially disadvantaged groups and English Language
Learners (ELLs). Most of these works supported the benefits of social media in
literacy development. For example, [32] found that reading and writing blogs en-
hanced the confidence in writing for young people in the UK; [33] documented the
use of Facebook is positively correlated with improved English skills for college
students in Indonesia; and [34]) argued that social media technologies can support
ELLs to develop valuable print literacy, based on longitudinal ethnographic studies
of adolescent ELLs literate and social activities around online fandom communities.
However, some research also suggested that social media use can negatively impact
the reading culture and academic performance of students [35].

As misinformation on social media became a public concern [36, 37], some recent
work highlighted the importance of literacy skills in the social media age. For ex-
ample, data from the PISA 2018 reading assessment showed that less than 10% of
the 15-year-old students in OECD countries had the reading proficiency level to
distinguish facts from opinions, which could significantly impact their abilities to
assess the quality and credibility of information spread on social media [38]. While
an increasing amount of attention has been devoted to developing the digital and
media literacy of online populations, this work underlines the prevalence of lan-
guage literacy challenges and calls for future research in understanding the scale
and impact of misinformation on low literacy populations.

3 Methods

3.1 Facebook dataset

To obtain a written sample of online populations worldwide, we collect public posts
written in any of the 12 chosen languages created by Facebook users who are at least
18 years old and active during a 30-day period between April 20 and May 20, 2020.
To ensure that the collected posts represent the writings of individual Facebook
users, we exclude posts made by pages, organizational accounts, and public profiles.
We also exclude posts that did not contain any text or text that was shorter than
2 characters or longer than 1000 characters, as well as posts that contained URLs
as these are more likely to be copied and pasted from other sources rather than
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composed by users. After pre-processing the text, the median length of posts in our
dataset is 18 characters, the average is 51 characters, and the 95th percentile is 187
characters.

All the analysis and statistics were computed over a populational aggregate,
based on self-reported attributes such as country and gender. OLLE were only cal-
culated for groups with at least 1,000 active users, to minimize the risk of user
de-anonymization. The original text, together with the intermediate results, were
dropped after populational level OLLE and other statics were calculated.

More details about Facebook public post data collection and use can be found in
Supplemental Material: S1.3.

3.2 Estimating online language literacy

We use the vast amount of text produced by Facebook users to quantify popula-
tions’ online language literacy skills. This method relies on two assumptions: (i)
literacy across populations may be measured collectively by aggregating the ob-
served data within country or regional borders, and (ii) vocabulary usage patterns
observed in corpora of written texts can be used as a proxy for language practice
in a digital environment. The first assumption comes from prior observations that
literacy skill is locally clustered, largely determined by the socioeconomic status of
the local community and by the abundance of public resources such as public school
systems and libraries [2]. This also alleviates the need to analyze individual-level
data, which are harder to de-identify, and often too sparse for reliable estimates.
The second assumption is motivated by the relationship between literacy and vo-
cabulary knowledge found in the education domain [39, 40, 41, 42, 43]. In practice,
vocabulary size was often employed as a proxy for literacy skill, as reading compre-
hension cannot be achieved unless the reader knows 95% of the words in the text
[44], and a certain vocabulary size is required for unassisted text comprehension
[45]. Vocabulary knowledge of words at various frequency levels has been used to
measure total vocabulary size. For example, the Vocabulary Size Test (VST) tests
a learner’s knowledge of 140 or 200 words, with 10 words sampled from each 1000
word in frequency levels based on British National Corpus [46].

Analogous to the VST method, we measure the aggregated use of lower-frequency
words (“LoFF words”) - secondary vocabulary words outside the high-frequency ev-
eryday lexicons - in public Facebook posts as a proxy for online populations’ literacy
skills in a given language. Intentionally designed as a population-level, aggregated
measure, our approach does not collect any personally identifiable information or
any personal/private content (see Supplemental Material: S1.3). For maximal geo-
graphical coverage, we pick the twelve (12) most widely used languages (in terms
of countries) and algorithmically define a set of lower-frequency words for each
language. The 12 selected languages are: Arabic (ar), German (de), English (en),
Spanish (es), French (fr), Italian (it), Malay (ms), Dutch (nl), Portuguese (pt), Rus-
sian (ru), Turkish (tr), and Chinese (zh). The next section will detail our method
to determine the sets of LoFF words based on a multi-lingual reference corpus.

3.3 Detecting LoFF words from a reference language corpus
While the VST method relies on the British National Corpus (BNC) for baseline
word-frequencies, we use the fastText unigram data [47] as our reference corpus.
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Comparing to other popular language corpora such as BNC and Google Books
Ngram [48], fastText has two major advantages: (i) coverage: The distributed fast-
Text data currently supports 157 languages and covers all 12 languages considered
in our study. (ii) up-to-date representation of vocabularies used by online popula-
tion: fastText is based on texts collected from Wikipedia and Common Crawl [,
containing petabytes of web page data collected since 2008.

Using fastText data, we are able to retrieve up 200,000 most frequent words in each
language as the candidates for LoFF words in that language. Understanding that
the exact range of LoFF words may vary depending on the language, we first try to
understand the use of these top 200,000 words by Facebook users through language-
specific “word popularity curves”: a scatter plot where the x-axis represents the
rank of a word by its frequency (0 for the most frequent), and the y-axis represents
“word popularity”, as measured by the percentage of unique users in the language
population who have used that word in our data. Fig. S1 (Supplemental Material)
shows the word popularity curves for the 12 chosen languages in our study.

As illustrated in Fig. S1, the word popularity curves first decline sharply for the
most frequent words before settling into a relatively flat region. The transitional
area - the “elbow” (or “knee”) region of the smoothed word popularity curve - cor-
responds to the words that are neither too popular nor too unpopular, thus ideally
covering the set of LoFF words for that language. Mathematically, the curvature is
a mathematical measure of how much a function differs from a straight line [49, 50],
and the elbow areas start at the point of maximum curvature in a popularity curve.
Estimating the knee/elbow point for a continuous function is straightforward since
the curvature is well-defined for continuous functions; however, it is a challenging
task for discrete data. We leverage the “Kneedle” detection [49], an efficient al-
gorithm that can efficiently detect knee points in discrete data, and the standard
maximum curvature approach on a smoothed function learned from the discrete
points. We found this hybrid approach is more robust to rescaling and small fluctu-
ations in our data. Details of this elbow detection is given in Supplemental Material:
S1.2.

Fig. 1 A-C highlight the elbow range detected from the word popularity curve for
each of the three most used languages (English, Spanish, and Arabic). Words falling
into the elbow range are defined as the “LoFF words” in the language. Fig. S1 shows
the detected elbow ranges for all 12 languages.

3.4 Calibration for language use and bias
After determining the LoFF words per language, we can calculate the relative fre-
quency of LoFF words, among all the public text posted by Facebook users from a
given country in a given language. We denote the relative frequency of LoFF words
as W, , with [ representing the 12 languages considered in this study and c rep-
resenting the 167 countries whose official or dominant languages are among these
languages.

While w,; makes it possible to track online language literacy for multiple lan-
guages in parallel, we decide to use one representative language per country in all
our analyses for simplicity. For most countries, the official language is chosen as the

Whttps://commoncrawl.org/
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representative language. For countries with no or multiple official languages, we use
the language that is used by most users in that country. For example, for India, a
country that uses both Hindi and English as official languages, we use English as the
representative language for India since English was used by the largest number of
Facebook users in India based on our data. Fig. S2 (Supplemental Material) shows
the number of countries broken down by dominant language.

As validation, we group countries by the representative language and compare
the value of w. with the official literacy rate data for each country. After exclud-
ing countries where the official literacy rate is not available or where the Internet
penetration is lower than 25% percent, the three most widely used languages (in
terms of the number of countries covered) in our data are English (41 countries),
Spanish (19 countries), and Arabic (15 countries). Fig. 1 D-F shows the relation-
ship between the officially reported literacy rates and w,, for English, Spanish, and
Arabic, respectively: each dot represents a country, with x value corresponding to
the rank-based quantile normalization[51] of @., and y value corresponding to the
rank-based quantile normalization of its official literacy rate. The shadow areas in
Fig. 1 D-F visualize Spearman’s rank correlation coefficient between the two vari-
ables, with 95% CIsl?. As seen in Fig. 1 D-F, all three sets of countries exhibit
strong positive correlations, though the Spanish-speaking countries show a larger
variance than countries mostly using English or Arabic. The positive correlations
between w. and the reported literacy rate in the three top languages suggest the
efficacy of using the relative LoFF word count as a measure of literacy across the
different most-used languages. The correlations for other languages are not reported
because none of the remaining languages cover more than 7 countries.

To generate a global online literacy estimate that is directly comparable across
languages, we also calibrate w, for all countries using the official literacy data
collected by UNESCO [19]. Given that the two measures have different distribu-
tions, both w. and the official literacy data were transformed to better fit a normal
distribution. A rank-based ordered quantile normalization transformation [51] was
used for both @, and the literacy rates, where the transformation g(-) is given by
g(z;) = o1 (%) where @ refers to the standard normal CDF, z; is a continu-
ous measurement observed for each object i, r; refers to the sample rank of ¢ when
the measurements are placed in ascending order, and n refers to the number of
observations. In the case of new values that fall outside the observed domain of =,
we adopt the standard procedure and use generalized linear models to estimate the
ranks beyond the bounds of the original domain of x.

A linear fixed effect model is employed to quantify the systematic differences
across languages in relation to the offline literacy rates. Let (V) be the representative
language for a (country) population ¢, the calibrated estimate, denoted as w;, is

given as w;  y;;, where

Y = Bry + g + €,

Z'Without specification otherwise, the confidence interval for all the correlation
coeflicients are produced using a nonparametric bootstrap procedure based on the

percentile method (with 1000 bootstrap replicates).
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where x;; = g(w;) is the direct literacy estimate of population i, a; is the language-
specific effect, €; is the idiosyncratic error term with e; ~ N(0, 62), and 3 is the
parameter. After 8 is learned, the global online language literacy estimate
(oLLE) is the calibrated estimate ;, obtained by rescaling y;; between 0 and 1.
This rescaling step is to make the OLLE value more interpretable and to facilitate
the comparison across populations and subpopulations by a single index.

Since the information about the official literacy rates has been used in the calibra-
tion, to get an unbiased evaluation, we use the leave-one-out procedure to obtain
an out-of-sample evaluation — for each i, the calibrated estimate was generated by
using all countries other than ¢ in the model (the estimated parameters can be found
in Model (a) in Table S2). In other words, the language calibration is calculated
from the residualized mean aggregated over the rest of the countries using the same
language as 3.

While the official literacy rates data has served an important role in our study
to validate and calibrate OLLE, they are not suitable as target variables for building
a predictive model for online language literacy, for a few reasons: 1) conceptually,
we want to distinguish online population literacy and general population literacy in
this study; 2) technically, the official literacy rates data were collected for different
countries at different time, with methodological variances over the years, introducing
extra noise and latent variables for a robust supervised model.

3.5 Country-level socioeconomic covariates

To understand the relationship between literacy and other social factors, we col-
lect information about countries’ socioeconomic status and technical development
from multiple data sources. Tables S6 and S8 list all variables used in our study,
with definitions and the sources where the variables are gathered. The first-order
correlations among these variables are provided in Table S6. Due to the heteroge-
neous distributions across variables, we report correlations using Spearman’s rank
correlation coefficient unless otherwise stated.

Inspired by previous research showing the effect of a country’s income, Internet
penetration, and other gender inequality measure on the digital gender gap [52],
we study the relationship between social factors and online literacy gaps through
regression analysis with the gender or regional differences in OLLE as the dependent
variable and country-level variables as the independent variables. All the regres-
sion models presented in this work are based on standard OLS estimates, where
all variables are first separately transformed to better fit a normal distribution. For
example, the income variable was transformed logarithmically. Considering the geo-
graphical clustering of many of the socioeconomic variables, in each of the regression
analyses, we provide models with and without controls for geographical groups. The
control for geographical groups signifies whether the pattern observed in our study
is a global phenomenon or particular to certain areas. For example, when predicting
the gender gap in OLLE, the coefficient estimates are consistent between the mod-
els with and without geographical information. We show in Supplemental Material
Tables S9-S11 the detailed estimates of regression models and their comparisons.
The consistent coefficient estimates are also found in predicting regional disparity
(Supplemental Material Tables S12-S13).
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4 Results

The results are two-fold. We first validate of our literacy estimates with existing offi-
cial data and report the global state of online language literacy across 167 countries.
Next, we consider within-country demographic segments such as gender and regions
to benchmark the differences in online language literacy across subpopulations, and
examine the socioeconomic factors that explain those differences.

4.1 Online Language Literacy Worldwide

4.1.1 Significant agreement between OLLE’s and official literacy data

Following the methodology detailed in Section 3, we generate OLLE, the calibrated
online language literacy estimates, in 167 countries or regions whose representa-
tive languages are among the 12 selected languages and have at least a thousand
adult Facebook users who posted publicly in the representative language during our
data collection period. To ensure we obtain a sufficient sample size of the popula-
tion in each country, we leave out five countries—China, Iran, Russia, Kazakhstan,
and Turkmenistan—where Facebook use is curbed by the countries’ government
regulations or other policy challenges. We show the country and world population
coverage breaking down by languages in Supplemental Material Fig S2. The raw
and calibrated values of online language literacy estimates for all 167 countries can
be found in Supplemental Material Table S4.

Fig 1 illustrates the key steps of our methodology, as well as the correlation
between 0LLE’s and official literacy rate data in 1G. As visualized in Fig. 1G, we
find a strong and positive correlation between OLLE with the reported literacy rates
(Spearman’s rank correlation p = 0.78, 95% CI [0.69, 0.84], p < 0.001 based on out-
of-sample evaluation). Similar results are found when validating our estimates with
global educational attainment statistics: OLLE is highly correlated with a country’s
average schooling years (p = 0.78, 95% CI [0.65, 0.87], p < 0.001; see details in
Supplemental Material Fig. S3). These findings indicate that our estimates do reflect
populations’ literacy skills and can be used as a reliable proxy for official literacy
and educational attainment statistics when such data are unavailable or outdated.

4.1.2 Understand global online literacy inequalities through OLLE
One direct application of OLLE is to track the state of literacy for online populations
across the globe. Mapping OLLE’s by country in Fig. 2B, we see significant inequalities
in online language literacy skills across geographical regions, with the “global south”
countries collectively lagging behind in terms of online population literacy skills.
Fig. 2A summarizes the aggregated statistics for seven geographical groups and
benchmarks the online literacy gaps across regions. The bottom 10% of countries
with the lowest OLLE’S are primarily located in Sub-Saharan Africa (13 countries),
plus one in Latin America & the Caribbean (Haiti), and one in Northern Africa &
Western Asia (Algeria). While our result is consistent with the geographical patterns
observed in official literacy rate data [11], it also highlights the persistence of literacy
gaps across offline and online populations, calling out for additional literacy support
for a substantial percentage of the online population in today’s digital environment.
On the other end of the spectrum, the top-ranked countries in terms of OLLE are
all located in the Europe & North American region, as well as Oceania, with the
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top 3 countries being Belarus, Ukraine, and San Marino. While this result is again
largely consistent with the official literacy rate data by UNESCO, it also suggests
potential biases introduced by language-based calibration. For example, countries
with Russian as the representative language (e.g. Belarus, Ukraine) could get an
extra boost during calibration due to the overall high literacy rates in Russian-
speaking countries reported in the official data.

4.2 Gender Difference in Online Language Literacy

Although the gender gap in literacy has been shrinking globally in recent decades,
women are still facing obstacles when accessing school and the Internet [11, 53].
As a result, serious male-favoring gender gaps in literacy skills still persist in the
Middle East and North Africa, South Asia, and Sub-Saharan Africa regions [54].
An earlier study showed that, in low-income countries, female Internet penetration
is 24% lower than that for males [52]. To track the gender literacy gap in the online
population, we calculate the standardized difference in OLLE between female and
male Facebook users in each country. This measure captures both the direction
and the size of the gender gap in online language literacy, where a positive value
indicates a female-favoring gap, and vice versa. To ensure a sufficient sample size of
the male and female subpopulations, we drop countries (17 out of 167) with fewer
than a thousand adult users in either gender group in our dataset for this analysis.
While the gender digital divide has generally referred to the gaps in access and use
of digital technology, our measure calls for attention to the disparity in language
skills between women and men who are already online. Understanding that gender
is non-binary, we only present the female-male gender gap here for two reasons: (a)
it enables us to correlate our estimates with existing gender gap data; (b) in our
dataset, we do not have sufficient data from users with self-reported non-binary
gender information to deliver a reliable estimation for this sub-population.

4.2.1 Women collectively scored higher than men on Facebook in most countries,
with substantial male-favoring gaps in two regions

Fig. 3A shows the gender differences in OLLE captured in our data. Among the 160
countries where the gender gap in OLLE is calculated, 69 countries (43.1%) have
significant female-favoring gaps and 54 countries (33.8%) have significant male-
favoring gaps. The remaining 37 countries do not have a significant gender gap in
OLLE. The significance is determined based on whether a country’s male-favoring
gap (or female-favoring gap) falls above the 95% confidence limits of the expected
male-favoring gaps (or female-favoring gaps). Overall, we observe more countries
having female-favoring gaps in our measure, suggesting on average higher language
literacy skills for women than men among today’s online population.

Fig. 3A highlights countries with the most and least substantial female-favoring
gaps. As observed in Fig. 3A, almost all of the countries with the world’s largest
advanced economies (the G7) have a significant female-favoring gap, with Italy
the only exception. This finding is generally consistent with the data collected in
recent PISA tests, which showed that girls outperformed boys in reading in all the
OCED countries and regions [55]. Despite progress, gender-based inequalities are
still pervasive in today’s society. To summarize the global state of online literacy
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difference between male and female subpopulations, a world map of OLLE gender
gap is provided in Supplemental Material Fig. S5. Notably, while most regions on
average appear to have female-favoring gaps, two regions (Sub-Saharan Africa and
Northern Africa & Western Asia) still show substantial gaps favoring men. In Sub-
Saharan Africa, there are 22 countries with male-favoring gaps, compared to 8 with
female-favoring gaps; in Northern Africa & Western Asia, there are 15 countries
with male-favoring gaps, compared to only two countries with female-favoring gaps.
The regional patterns here are generally consistent with what was reported by
UNESCO in the official literacy rate data [11]. Our measure, however, characterizes
more countries with female-favoring literacy gaps than the official data, indicating
a potential populational difference between women on Facebook and the general
female population in a country. We will further explore the relationship between
populational factors and the gender gap in OLLE in the next subsection.

4.2.2 Understand the societal context for gender online literacy gap

We first compare the observed gender gap in OLLE with other country-level mea-
sures such as overall OLLE, income per capita, Gini index, average education attain-
ment, and Internet penetration rate. As shown in Fig. 3 (B,C,D) the OLLE gender
gaps are positively correlated with the countries’ OLLE (Spearman’s rank correla-
tion p = 0.59, 95% CI [0.47,0.68], p < 0.001), overall education (p = 0.59, 95%
CI [0.44,0.71], p < 0.001), and Internet penetration (p = 0.30, 95% CI [0.14, 0.46],
p < 0.001), suggesting that women are disproportionally disadvantaged in low-
resourced, low-literacy countries. Fig. 3 (E,F,G) show that countries’ OLLE gender
gaps significantly correlate with other gender parity measures, including a positive
association with the female-male difference in offline literacy rates (p = 0.43, 95%
CI [0.26, 0.58], p < 0.001), women’s civic participation (p = 0.48, 95% CI [0.3, 0.62],
p < 0.001), and a negative association with the countries’ Gender Inequality Index
or GII (p = —04, 95% CI [-0.57, -0.23], p < 0.001). The GII reflects how women are
disadvantaged in multiple dimensions of human development and thus a negative
association is expected [56]. Interestingly, among all gender parity or empowerment
measurements, women’s civic participation — the extent to which women have the
ability to express themselves and to participate in civil society [57] — appears to
have the strongest association with the OLLE gender gap. This could suggest that
the offline structural barriers to women’s civic participation are strongly associated
with their literacy relative to men in the online space.

To better understand the societal context for online literacy gender gap glob-
ally, we further examine the relationship between country-level variables and the
observed gender gap in OLLE through multiple regression Ordinary Least Squares
(OLS) model. Given that many of the country-level variables are highly correlated
(see Supplemental Material Table S6), we only include the most relevant variables
in this analysis. Fig. 4A summarizes the estimated effect of these variables, where
the effect of geographical grouping is further detailed in Supplemental Material (see
Tables S9-S11). Based on the OLS estimation, the 0LLE gender gap remains signif-
icantly and positively associated with overall education status and women’s civic
participation while controlling for other variables. The overall Internet penetration
rate is negatively associated with the OLLE gender gap. This may look counterintu-
itive. One possible interpretation is that a lower level of Internet penetration rate
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excludes groups from lower socioeconomic status to participate in the digital world,
and women in those groups also tend to lack opportunities in education and many
other developmental aspects. Hence, a lower level of Internet penetration rate iron-
ically serves as an equalizer for the 0LLE gender gap. Interestingly, the OLS model
also reveals an interaction effect between the overall Internet penetration rate and
women’s civic participation on the OLLE gender gap. When a country’s Internet pen-
etration rate is high, the country’s OLLE gap may be either high or low — depending
on whether the country has a high level of women’s civic participation (Fig. 4B).
This could suggest that technological advancements — i.e., the adoption of the In-
ternet — are not necessarily associated with more opportunities or higher skills for
women relative to men unless such a relationship appears in a society where women
have the chance to actively participate in civic processes.

4.3 Within-Country Regional Disparity in Online Language Literacy

While it is widely acknowledged that the disparity in education resources and tech-
nology infrastructure has contributed to the digital divide between developed and
developing countries [58, 59], there have been only a few studies that examined the
digital disparities within a country — often limited to studying a single country with
the digital divide among gender and ethnicity groups [60, 61]. Here we intend to pro-
vide insights into the within-country regional digital disparities for a large number
of countries across the world. Extending our methodology, we measure the within-
country regional disparity in online language literacy by quantifying the variability
of regional OLLE’s for a given country. More specifically, the variability of regional
OLLE’s is calculated as the standard deviation of OLLE’s aggregated across available
regions within a country, thus a larger value indicates a higher variability observed
in OLLE’s at a sub-national level. We define a region as a sub-national administrative
division (self-government or jurisdiction under a country’s national laws), such as
a state or a province. Countries with less than two regions having a minimum of a
thousand active adult Facebook users in our dataset are excluded, which resulted in
119 countries in our analysis. Fig. S6 in Supplemental Material provides summary
statistics and a map of the within-country regional disparity in OLLE, as well as the
representative countries with a relatively high or low level of regional disparity from
each geographical group.

4.8.1 Within-country regional disparity in OLLE is associated with multiple
inequality measures

We examine the societal backdrop for the observed regional disparities in online lan-
guage literacy. Our particular interest is in the link between the regional disparity
in OLLE and countries’ resource distribution, such as the inequalities in education
and income within a country, as well as its overall education and socio-technical
development. Using multiple regression analysis, we find that, after controlling for
all other variables, inequality in education and the Internet penetration rate have
a strong and positive association with regional disparities in OLLE (Fig. 4C). Not
surprisingly, a higher level of overall educational attainment predicts a smaller re-
gional variation in online language literacy skills, which is converse to the effect
of inequality in education. The inequality in income, as captured by a country’s
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Gini index, however, appears to have a negative relationship with the 0LLE regional
disparity, indicating a greater income inequality is associated with smaller regional
OLLE disparity within the country.

4.3.2 Inequality paradox

The interaction between inequalities in education and income is also observed
(Fig. 4D), where a greater level of within-country regional disparity in OLLE is pre-
dicted for countries with one of the two conditions: either the country has a relatively
high level of income and education inequalities, or has a relatively low level of both
inequalities. This finding suggests an “inequality parador” — a paradoxical pattern
we notice that links the offline socioeconomic inequalities to online language skill
disparity in surprising ways. For example, in countries with a higher level of both
economic and educational inequalities, access to social media is more likely to be
reserved for the more socio-economically advantaged groups, and therefore show a
less regional disparity in OLLE (corresponding to the bottom-left corner of Fig. 4D).
In contrast, in countries where education inequality is low but economic inequality
is high, a higher level of regional disparity in OLLE is observed (corresponding to the
bottom-right corner of Fig. 4D). Similar patterns are observed when taking the geo-
graphical grouping into account, suggesting that the observed patterns are common
across societies (see Supplemental Material Tables S12-S13 for more details).

5 Discussion

A data-driven, cross-language, cross-country online literacy estimation Taking ad-
vantage of the abundance of user-generated text online, our proposed methodology
of measuring online language literacy can be scaled across languages and subpop-
ulations, as long as population-level text corpora are available. OLLE complements
the traditional sources and makes it possible to monitor future progress and an-
swer questions such as: whether the online language skills improve faster (slower),
or whether the literacy gap is closing (widening), particularly in low-literacy coun-
tries. While our current dataset only contains text generated within a 30-day period,
further collection of similar data over a longer period of time will offer new insights
on the temporal evolution of OLLE’s across the world.

Tracking global trend in online language literacy This study reveals the current
state of global online language literacy. Based on our study, the estimated global
online language literacy has remarkably high correlation with documented country-
level literacy rates and educational attainments data (with p = 0.78 in both corre-
lations; see Fig. 1 and Supplemental Material Fig. S3). This finding has two impli-
cations. First, given that 86% of the world population are now reportedly literate
(i.e., able to read and write) [11], our study suggests the variation in language
skills remains within the literate, online population. Even though many countries
now have more than 95% literate populations, our online literacy map (Fig. 2) has
revealed the nuanced differences among the online population’s language skills in
these countries. Second, beyond a few options in assessing a country’s digital ad-
vancement, such as the Internet penetration measure, OLLE’s robust correlation with
offline literacy and educational data make it a more relevant alternative for track-
ing the outcome of a country’s access to education and resources for global literacy
development.
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Women’s empowerment, social inequalities, and online language literacy disparities
In our study, we show that the gender difference in OLLE is significantly correlated
with various offline gender parity metrics, including gender gaps in literacy rate,
education, GII (which also considers the economic standing across gender groups),
and women’s civic participation index. This suggests that a country’s offline gen-
der equity progress is crucially relevant to how literate populations across genders
participate online. In contrast to existing studies that exposed the well-known corre-
lation between the gender gaps and a country’s economic and technical development
[54, 52], we find that the link is not trivial. The relationship between countries’ In-
ternet penetration and the gender gap in OLLE is not monotonic, and only when
there is a sufficiently high level of women participation in civic society does the
OLLE gender gap align with countries’ Internet access. In countries with a low level
of women’s civic participation, the OLLE gap favoring men persists even with the
rise of the overall Internet penetration (Fig. 4B). This finding highlights the cru-
cial social condition that allows more literate women to participate online. We
also observe non-trivial relationships among multiple inequalities in our analysis of
within-country regional disparity. The regional disparity in OLLE is positively asso-
ciated with unequal education, but the relationship is not simple when comparing
countries with different levels of income inequality — for example, a lower disparity
OLLE may reflect the homogenized language skills from only the economically ad-
vantaged subpopulations, or those from only more educated subpopulations. Our
study explicates the complex relationship between the multidimensional inequality
measurements and their manifestation on digital populations’ online literacy skills.

5.1 Limitations and future research opportunities
We discuss the limitations of this study and highlight where study results must be
interpreted with caution, as well as future research opportunities.

Self-selection bias in Facebook data Traditional literacy surveys are expensive to
implement and many areas of the world have limited resources for survey research.
The challenge for gathering nationally representative samples is not unique to tra-
ditional survey research; more recent assessments — for example, PIAAC, which
was predominantly administered on computers, were subject to selection effects
and therefore required additional adjustment [62]. Our analyses are not immune
from self-selection bias where the use of Facebook varies in popularity across dif-
ferent demographics and the differences also vary with countries and regions [63],
as well as user subcultures. For example, the observed gender gaps may be due to
the over-representation of more privileged women online [64, 65]. On Facebook, a
user’s comfort level of posting likely depends on their language skills; those with
very limited vocabulary may not be in the data, or may choose to communicate
via other modalities, e.g., images or videos. This study only considers users’ text-
based interactions on Facebook and thus the estimates likely miss out on people at
the low end of vocabulary skills. To some extent, sampling bias may be mitigated
by post-sampling weightings with demographic information, as has been demon-
strated in recent data-driven studies [66]. Such an approach nevertheless depends
on sufficiently rich demographic information in the data. In our study, only data
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disaggregated by gender and coarse-grained geographical grouping are available.
Future work may consider tackling the selection bias by separately collecting users’
information on demographics and their social media interaction practice.

Representative languages and language-based calibration In the current study, a
country’s online language literacy was measured based on a single representative
language (either the official language or the most used language). One potential risk
of relying on a single representative language is that the regional disparity measure
in a multilingual country may simply capture the distribution of languages, rather
than the diversity of language skills. To address this concern, we perform robust
checks in the Supplemental Material: S1.5 and Fig. S8 and do not see systematic
biases associated with different penetration rates of the representative language.

Another potential risk is to underestimate the language literacy of countries that
have sizable language minorities (including people who use/speak a dialect), multi-
lingual communities, or multiple monolingual subpopulations, since their data are
largely excluded from our methodology. For example, an English-majority country
with a larger Spanish-speaking population may score lower in a measure of English-
language literacy skills. For such countries, focusing on improving a dominant-
language literacy measure can be potentially harmful, since more resources may
be allocated in favor of the dominant language. In Supplemental Material: S1.4, we
present a case study using India as an example of a multilingual country and show
that literacy estimation based on multiple languages has neglectable improvement
over English-based estimation in its correlation with the official literacy data (see
Fig. S8). However, we acknowledge the official literacy data often have a bias against
language minorities and recommend future work consider measuring the online lan-
guage skills separately for all languages used by sizable populations within a country,
to better understand the literacy skills and needs across diverse communities.

The use of official literacy data for cross-language OLLE calibration also intro-
duces potential biases and noises. As mentioned in Section 4.1, the post-calibration
OLLE’s for the Russian-speaking countries are likely to be overestimated due to their
historically high literacy rates in the official data. On the other hand, OLLE’s for
Arabic-speaking countries be underestimated due to the fact that the alternative
learning (e.g., religious education) provided in those countries was not included in
the official literacy data. Languages concentrated in only one or a few countries,
such as Japanese and Korean, are not considered in our study due to the lack of
benchmark data that can be used for validation or calibration. Therefore, to estab-
lish an adequate common scale for more languages, future research will benefit from
more comprehensive and up-to-date data for literacy skills across languages.

Thresholding vs. continuum measurement Our measure relies on thresholding the
observed word frequency bands — i.e., the set of LoFF words was identified by the
automatically determined word frequency cut-offs — but one may also consider the
continuum of the word frequency range. Our choice of focusing on particular word
frequency bands is aligned with the existing literature in language comprehension
research. For example, studies from English language comprehension distinguish
the utility of high-, mid-, and low-frequency vocabulary: the high-frequency vocab-
ulary (e.g., the most frequent 2000- or 3000-word families from a particular English
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corpus) provides the largest lexical coverage of any text but is not sufficient for ad-
equate reading comprehension, while the low-frequency vocabulary (including the
words over the 9000-word families) is too infrequent and thus has very limited util-
ity; only the mid-frequency vocabulary gives the important range of words required
for reading authentic materials [45, 67]. However, different vocabulary sets may
serve significant functions for different populations; for example, high-frequency vo-
cabulary has been shown as an important source of knowledge for second-language
learners [67]. Future work may take into account the continuum of the word fre-
quency range and investigate the level of contribution provided by the various word
frequency bands to online language skills.

Heterogeneity in social media texts A potential concern about using social media
text to measure the language skills of a population is how to deal with social me-
dia users’ heterogeneous behaviors, e.g., some users may post more than others,
and some tend to copy content from elsewhere, which could disproportionally im-
pact the population-level measurement. We adopt a few methods to address this
concern, including counting each unique unigram once per user, and leaving out
posts that are likely to be copy-pasted (see Supplemental Material: S1.3 for more
details). However, we did not perform efficacy evaluation for these methods, and
would encourage future work further examine the impact of text recycling and text
production disparities for online literacy assessment.

Aggregate vs. individual measures, and correlations OLLE’s are generated based on
aggregate data, which inherently poses risks of ecological fallacy compared to other
literacy data collected through individual-level tests and surveys. In our study, the
between-country correlations only involve the between-country differences in ag-
gregate statistics of the within-country distributions, and the unmeasured within-
country measures could be uncorrelated, or could even be correlated in the opposite
direction. Taking into account individual assessment in a multi-level analysis with
a proper privacy protection mechanism may be a fruitful direction to reduce aggre-
gation bias and the ecological fallacy in future research. In the case of the observed
association between the gender gap in OLLE and women’s civic engagement, a less
ambiguous interpretation — whether higher literacy empowers women for civic en-
gagement, or civic engagement leads to legal and institutional changes that enhance
literacy, or other cultural, religious, political, and socio-economic conditions influ-
ence both women’s civic engagement and progress in online language literacy —
requires further research to carefully examine the causal pathways.

5.2 Conclusions

This work develops a scalable language literacy measurement to monitor the collec-
tive language literacy of the online population using social media data from more
than 160 countries. The measure then allows for tracking the trends and inequali-
ties in online language literacy and their relationships with various socioeconomic
conditions. Our findings identify key regions and populations disproportionally im-
pacted by literacy challenges, and suggest that education or technical infrastructure
alone is not sufficient to explain the variance in online population language literacy
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skills. Our study calls out the need for more attention and resources to be allo-
cated to populations with limited online literacy skills — especially those who also
suffer from poverty, low resource, and other structural discrimination, to empower
them through global challenges such as misinformation and social inequality, and
to sustain the overall progress in democratic and socioeconomic development.
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Figure 1: Creating online language literacy estimate. Our methodology
produces online language literacy estimate (OLLE) through three major steps: 1.
(A-C) The set of LoFF words (lower-frequency frequent words) is algorithmically
determined based on the vocabulary popularity in the language corpus; the red
bands in (A-C) indicate the selected sets of LoFF words in the three most widely
used languages in our data (English, Spanish, Arabic). 2. (D-F) Normalized total
occurrence of LoFF words in Facebook dataset from each country is used as
a language-specific online literacy estimate for that country. (D-F) show the
strong correlations found between our estimates and countries’ officially reported
literacy rates in English, Spanish, and Arabic, respectively. 3. (G) The calibrated
global estimates, OLLE, are generated after addressing language group bias and
shown here with a strong correlation with reported literacy rates (Spearman’s
rank correlation coefficient p = 0.78, 95% CI [0.69, 0.84], p < 0.001.) Error
bounds represent the 95% confidence intervals. In (D-G), each dot represents
a country, with z value indicating the country’s raw (D-F) or calibrated (G)
literacy estimate and y value the country’s officially reported literacy rate.
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Figure 2: Online language literacy estimates across the world. (A) Sum-
mary of the OLLE’s across the seven geographical groups. The dashed line marks
the global average (0.477, population-weighted). Within each box, a line denotes
the median value of the group, and a diamond indicates the population-weighted
mean of the group; boxes extend from the first to the third quartile of each
group’s distribution of values; whiskers (lines extending from the boxes) denote
the most extreme values within 1.5 interquartile range of each group; dots denote
observations outside the range of extreme values. (B) Map of the OLLE’s available
in our dataset.
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Figure 3: Gender gap in online language literacy. (A) Country-level OLLE’s
for women and men. (B-G) The standardized online literacy gender difference
(women over men) compared with the country’s overall OLLE, education, Internet
penetration, as well as gender parity and empowerment measures. Error bounds
represent the 95% confidence intervals. Spearman’s rank correlation coefficients
and 95% CI are indicated in the scatterplots.
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Figure 4: The societal context and disparities in OLLE. (A) Multiple re-
gression model shows robust associations of the gender gap (female over male)
in OLLE with overall education status and women’s civic participation. (B) The
significant interaction between women’s civic participation and Internet pene-
tration in predicting gender gap in OLLE. (C) Multiple regression models show
robust associations of regional disparity in OLLE with inequality in education,
internet penetration, inequality in income (Gini index), and overall educational
attainment. (D) Inequalities in education and income appear to have the opposite
contribution in predicting a country’s regional disparity in OLLE. Full regression
estimates are provided in Supplemental Material Tables S9 and S12, respectively.
(B.,D) show the average marginal effects of the two interaction terms.
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