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A B S T R A C T

A growing body of evidence suggests that digital literacy is an important barrier constraining adoption and use
of Internet and digital technologies in the developing world. By enabling people to effectively find valuable
information online, digital literacy can play a crucial role in expanding economic opportunities, thereby leading
to human development and poverty reduction. Unfortunately, there is a dearth of validated survey measures
for capturing digital literacy of populations who have limited prior exposure to technology. We present a
novel approach for measuring digital literacy of low literacy and new Internet users, an important segment
of users in developing countries. Using a sample of 143 social media users in Pakistan, which includes a
significant fraction of low literacy individuals, we measure digital literacy by observing the effectiveness of
participants in completing a series of tasks and by recording a set of self-reported survey responses. We then
use machine learning methods (e.g., Random Forest) to identify a parsimonious set of survey questions that are
most predictive of ground truth digital literacy established through participant observation. Our approach is
easily scalable in low-resource settings and can aid in tracking digital literacy as well as designing interventions
and policies tailored to users with different levels of digital literacy.
1. Introduction

Digital technologies can play an important role in alleviating poverty
and inequality by enabling access to economic opportunities (Jack and
Suri, 2014; Chun and Tang, 2018; Hjort and Tian, 2021). However, 37%
of the world’s population or nearly 2.9 billion people remain offline,
96% of whom live in developing countries. This is despite the fact
that 94% of the population in developing countries is covered by at
least a 3G cellular network.1 One major barrier to closing the digital
divide is the lack of digital literacy (Dimaggio et al. 2004, Zillien and
Hargittai 2009, Rains and Tsetsi 2017, Hargittai and Micheli 2019).
Digital literacy—defined as the ability to access and effectively find
information online (Hargittai, 2005; Gilster, 1997) is the most often
cited reason for why individuals are held back from taking up the
Internet (World Bank, 2021).2

Digital literacy matters not only for Internet adoption, but also
for effectively finding information in the digital space. Evidence from
developing countries shows that digital technologies provide access
to valuable information about markets, jobs, health, educational and

∗ Corresponding author.
E-mail addresses: ayeshaali@lums.edu.pk (A. Ali), agha.ali.raza@lums.edu.pk (A.A. Raza), ihsan.qazi@lums.edu.pk (I.A. Qazi).

1 Data from International Telecommunications Union 2021 global and regional ICT statistics (ITU, 2021).
2 A World Bank survey of 22 developing countries in 2017-18 found that 69% of the respondents cited lack of digital literacy as the reason for not taking up

data services. Responses included ‘‘Do not know what internet is’’ and ‘‘Do not know how to use internet ’’ (World Bank, 2021).

financial services, but their benefits depend on complementary invest-
ments that enable effective use of these technologies such as infras-
tructure and skills (Aker and Blumenstock 2014, Wheeler et al. 2022,
Dodson et al. 2013). Thus, digital literacy by enabling effective use of
the digital technologies, can play a crucial role in expanding economic
opportunities, thereby leading to human development and poverty re-
duction. Furthermore, several studies show that individuals with higher
digital literacy are better at spotting fake news and misleading content
online (Ali and Qazi 2022; Sirlin et al. 2021; Muda et al. 2021; Flintham
et al. 2018). Thus, digital literacy can help individuals become more
discerning consumers of online content, which can in turn have positive
effects on social and political behaviors (Guriev et al. 2020; Levy 2021;
Zhuravskaya et al. 2020; Iyengar et al. 2019).

Despite the importance of digital literacy from a development per-
spective, there is a dearth of validated survey measures to capture
digital literacy especially for new Internet users and populations with
low levels of literacy. Prior works on measuring digital literacy have
focused on developed countries, where age has been found to be a
key moderator for digital literacy (Grinberg et al. 2019, Hargittai et al.
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2018, Guess and Munger 2020, Brashier and Schacter 2020). However,
in developing countries a larger set of demographic attributes are
likely to be correlated with digital literacy (e.g., education, gender,
and income level) due to the unique barriers faced when using the
Internet (Medhi Thies 2015, Vashistha et al. 2019, Qazi et al. 2021).
Self-reported survey measures of digital literacy can serve as a proxy
but are likely to be contaminated with social desirability bias or random
responses (Osborne and Blanchard, 2011; Antin and Shaw, 2012).
Objective measurement of digital literacy would involve observing
individuals complete a set of digital literacy tasks, resulting in veri-
fiable measurements (e.g., proportion of tasks successfully completed
or average time taken to complete a task). However, such participant
observation is time consuming, costly and not easy to scale (Hargittai
and Hsieh, 2012).

In this paper, we design and deploy an innovative measurement tool
to create parsimonious and scalable survey measures for capturing dig-
ital literacy grounded in objective digital literacy measurements. Our
measurement tool establishes a ‘‘gold standard’’ measure (or ground
truth) of digital literacy through participant observation (PO). Each
participant in our study completed a series of digital literacy tasks of
increasing sophistication, which cover the essential steps needed to
access and effectively find information online. It then uses a standard
machine learning algorithm to capture the extent to which various
survey measures predict the ground truth.3

Our study sample comprised 143 social media users in Pakistan,
hich included university staff (e.g., personnel involved with janitorial,

lassroom, and administrative services) and students of a university
n urban Pakistan. Participants were recruited through a purposive
ampling process, that is we sought to sample from populations with
ttributes that are likely to vary with digital literacy in the context
f developing countries (e.g., low literacy, low-income, and females).4
hus, our sample included a significant fraction of low literate (44.6%
f participants in our study received either no formal education or
ttained education below grade 6), low-income (at least 50% of par-
icipants in our sample had a monthly household expenditure below
he national median household expenditure in Pakistan), and female
articipants (27.7% of our sample were females).

As PO studies are extremely challenging to scale due to the costs and
abor involved, we evaluated the effectiveness of four (self-reported)
urvey modules for capturing the ground truth digital literacy of our
ample. To this end, we assessed two types of survey questions: platform-
neutral and platform-specificmodules. We evaluated two platform-neutral

odules, which included a module involving questions about the
nowledge of Internet-related terms (which we refer to as the ‘Terms
urvey’), adapted from Hargittai and Hsieh 2012 and a survey module
omprising basic digital literacy questions (‘Basic DL survey’) as well
s two platform-specific modules, which included a module involving
uestions about the use of Facebook features (‘FB survey’) and another
odule comprising questions about WhatsApp features (‘WA survey’).

To find survey questions that are most predictive of the ground
ruth digital literacy, we use Random Forest (RF), a standard supervised
achine learning method (Breiman, 2001). We use RF due to its effec-

iveness in capturing non-linear associations, flexibility, and robustness
ver small sample sizes (Biau and Scornet, 2016). This method has been

3 Our approach draws upon the idea of criterion validity, which captures the
xtent to which a proposed measure agrees with a ‘‘gold standard’’ measure
f the same construct (DeVon et al. 2007).

4 Also known as the fit-for-purpose approach, it is widely used in political
cience (Guess and Munger, 2022) and pharmaceutical sciences (Lee et al.
006) as a criterion guiding sampling; that is sampling from populations
hose behavior is of considerable interest and likely to co-vary with the
utcome of interest. Prior work shows that online convenience samples, such as
hose drawn from Amazon’s Mechanical Turk, may either miss or substantially
ndersample low digital literacy populations (Hargittai and Shaw, 2020; Guess
2

nd Munger, 2022). u
mployed in earlier studies on survey measures (e.g., Jayachandran
t al. 2021; Guess and Munger 2020). Using RF, we obtain the most
redictive survey modules by adding a constraint on the number of
urvey questions selected, a problem that is commonly referred to as
eature selection.

We find that across the four survey modules, the 15-item Terms
urvey performed the best. This was followed by the Facebook fea-
ures survey (‘FB survey’). We then constructed the best 7-item survey
odules considering the following categories:5 (i) all questions from

he Terms survey (the best performing module out of the four), (ii) all
latform-neutral questions, and (iii) all platform-specific questions. We
ind that the best 7-item platform-neutral module resulted in the lowest
ean squared error (MSE) and highest 𝑅2 values. This is followed by

he best 7-item Terms survey, which is within 15.8% of the MSE and
ithin 2.5% of 𝑅2 of the best 7-item platform-neutral module. Even

hough platform-specific surveys ranked lower than the best 7-item
latform-neutral module, they provide reasonable predictive power
e.g., the FB survey achieved a 𝑅2 of 0.72). To further analyze their

effectiveness, we implemented PO involving tasks related to specific
Facebook and WhatsApp features. We find that performance on these
tasks is predictive of performance on digital literacy tasks. Thus, such
measures can be used by social media platforms, who already record
users’ interactions with application features for providing functionality
(e.g., searching on the platform).

We also analyzed how well demographic characteristics such as
age, income, education, and employment status, predict the ground
truth digital literacy. Unlike earlier studies involving U.S. or European
samples (Sirlin et al. 2021, Guess and Munger 2022), we find income,
education, gender, and employment status to be strong predictors of
digital literacy. This likely points to barriers that different demographic
groups face in improving their digital literacy due to lack of affordable
Internet access, lack of affordable access to education, and lack of
regular income (Qazi et al. 2021, Vashistha et al. 2019).

Our paper is part of the growing literature on measuring digital
literacy which is important for bridging the digital divide (Dimaggio
et al. 2004, van Deursen and van Dijk 2009, World Bank 2021).
Closest to our work is Hargittai 2005 which used correlation between
participant observation and self-reported familiarity of Internet terms
for a sample of 100 internet users in New Jersey to propose survey-
based digital literacy measures which were later updated in Hargittai
(2009) and Hargittai and Hsieh (2012).6 van Deursen and van Dijk
2009 conducted a PO study involving 109 Dutch citizens to complete
nine government related assignments on the Internet. In another recent
paper, Guess and Munger 2020 found that the survey measure by Har-
gittai (2005) to be most discriminating between respondents that were
subjectively identified by the authors ex ante to possess ‘‘low-skills’’
(𝑁 = 18) or ‘‘high-skills’’ (𝑁 = 83).

Our work aims to bridge the knowledge gap in the measurement
of digital divide, specifically with respect to digital literacy among
low literacy populations and new technology users. To this end, we
make several contributions to the existing literature. To the best of our
knowledge, we are the first to conduct a PO study on digital literacy
and carry out a validation of survey modules involving low skilled
and hard to reach users in a developing country. Our research offers
a scalable and cost-effective way for measuring digital literacy. This
can be achieved by adding the recommended survey module to existing
nationally representative household surveys carried out by governmen-
tal organizations annually. Social media platforms can also deploy

5 There is nothing special about seven questions, but this length seems
ppropriate for survey designers seeking a short instrument on digital literacy.

6 The latter two works were surveys of Internet-related terms and did
ot involve a PO study. The study by Hargittai (2009) was conducted on
sample of students of an urban public university in the U.S. whereas the

tudy (Hargittai and Hsieh, 2012) included two different samples of American

sers.
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platform-specific survey items on their platforms to track the digital
literacy of their users. Finally, developing scalable digital literacy mea-
sures with high validity can aid in tracking the distribution of digital
skills across geographical regions, designing new interventions, user
interfaces, and policies for improving digital literacy, and customizing
interventions for users with different levels of digital literacy. For
instance, such measures can be used for identifying populations who
may be more vulnerable to negative externalities of technology, such as
misinformation, and thus are important targets for interventions. This,
in turn, can help reduce the spread and impact of misinformation and
more generally, improve the informational well-being of people.

2. Participant recruitment and demographics

Our sample of 143 users comprised staff and undergraduate students
of a university in Lahore, the second largest city by population in Pak-
istan. The university staff included personnel involved with janitorial
services, classroom services, and administrative services. The survey
and the participant observation (PO) were completed in two waves.
In the first wave of the study, 43 subjects participated whereas in
the second wave 100 subjects participated. While the first wave was
conducted from August 23–25, 2021, the second wave was carried
out from February 15–17, 2022. The participants were recruited via
brochures that were placed throughout the campus as well as through
purposive sampling. We offered an incentive of PKR 300 (USD 1.68) to
each participant. Each survey (including the PO study) lasted for 40–
45 mins. Our PO study was carried out over Android phones, which
were provided by our team of surveyors. We used Android phones
because of their popularity; over 3 billion active devices use Android
worldwide (Cranz, 2022) as well as to ensure consistency in mea-
surement. Further details about the study procedure are provided in
Appendix Appendix A.3. The study was approved by the Institutional
Review Board.

Rationale. The selection of our study sample was informed by the prin-
ciple of ‘fit-for-purpose’, which has been used in political science (Guess
and Munger, 2022) and pharmaceutical sciences (Lee et al. 2006) as a
criterion guiding sample selection, measurement, and validation efforts.
For selecting study participants, this meant sampling from populations
whose online behavior is of considerable interest and likely to co-vary
with digital literacy in the context of a developing country (e.g., low-
income, low literate, and female Internet users). Prior work shows that
drawing (probability) samples from online platforms (e.g., Amazon’s
Mechanical Turk) may either miss or substantially undersample low-
skill populations (Hargittai and Shaw, 2020; Guess and Munger, 2022).
For measurement, the fit-for-purpose approach meant using specific
tasks, such as the ability to find information online, as competencies to
be predicted or explained. Finally, for validation, this meant drawing
upon the idea of criterion validity, which captures the extent to which a
proposed measure agrees with a ‘‘gold standard’’ measure of the same
construct (DeVon et al. 2007).

Participant demographics. 72.3% of participants in our study were
males whereas 21.7% were females. 65.5% of the participants were
below the age of 29 (median age was 26 years) and 25% were between
33–55, and the maximum age was 55 years. The age distribution in our
sample is comparable to the national distribution in Pakistan where
64% of citizens are estimated to be below the age of 29 and nearly
28% were between 30–55 (compared to 34.5% in our sample). The
national median age is 22.5 years (Najam and Bari, 2018).7 21.7% of
our sample received no formal education, 23.1% had received formal
education between grade 1 and grade 6, 28.7% between grade 6 and 12,

7 However, one difference is that while 8% of the national population is
stimated to be older than 55 years, our sample does not include individuals
rom this category.
3

i

and 26.5% above grade 12.8 24.7% of the participants had a monthly
household expenditure under PKR 30,000 (USD 167.8), 46.1% between
PKR 30,000 and PKR 70,000 (USD 391.2) and 29.2% above PKR
70,000. According to the Household Integrated Economic Survey 2018–
19 conducted by the Pakistan Bureau of Statistics, the median monthly
household expenditure in urban areas in Pakistan was estimated to
be PKR 31,031. After adjusting for inflation, we estimate this amount
to be PKR 41,987 in 2022 Pakistani Rupees, which is similar to the
median household expenditure (i.e., PKR 40,000) in our sample. 79%
of the sample had a full-time employment status, 11.2% were employed
part-time, and 9.8% were students (and were not employed). Appendix
Table A.1 provides details about the descriptive statistics of our sample.

Social media use. All participants in our study were social media users
and all of them had a WhatsApp account. 96.5% reported using their
own mobile phones for accessing social media whereas the rest did
not use their own device. The percentage of users in our sample hav-
ing Facebook, YouTube, Instagram, and Twitter accounts was 87.4%,
93.7%, 46.2%, and 29.4, respectively. This distribution of accounts
across social media platforms is similar to the finding of an earlier study
based on a random sample from the city of Lahore, which found that
WhatsApp was the most popular platform followed by Facebook and
Twitter (Ali and Qazi, 2021). Facebook was the primary source of news
for the largest fraction of participants in our sample (30%) followed by
TV (21.7%). Interestingly, for the remaining 48.3% of users – who did
not use Facebook or TV as their primary source of news – reported using
Facebook (25.2%), TV (16.8%), and WhatsApp (15.4%) as the second
primary source of news. This highlights the importance of social media
platforms as an important source of receiving news.

3. Measuring ground truth of digital literacy

To measure the ground truth of digital literacy (DL), we draw upon
the tradition of conceptualizing DL as the ability to effectively find
information online (Hargittai, 2005; Gilster, 1997).9 Viewed this way,
DL comprises two key components: (i) an information literacy compo-
ent, which refers to the literacy required to find relevant information
nline effectively (e.g., looking up answers to questions and verifying
laims using various strategies) and (ii) a digital skills component, which
omprises a set of basic digital knowledge and competencies needed to
se the Internet and digital media and attain information literacy. For
xample, finding information related to a news headline encountered
n social media would require the ability to read and understand the
ews content, extract relevant information, open a browser, access a
earch engine (e.g., by typing its URL), and enter a suitable query. Thus,
he ground truth DL can be measured by asking people to complete a
eries of tasks that capture the steps needed to find information online
nd observing their effectiveness in completing these tasks (Hargittai,
005; van Deursen and van Dijk, 2009).

We establish the ground truth DL using in-person observations.10

ach participant in our study completed a series of DL tasks of increas-
ng sophistication, which resulted in two objective measures of online

8 29% of Pakistan’s population is non-literate (i.e., they received no formal
ducation) whereas 65% received education between grade 1 and grade 12
compared to 51.8% in our sample).

9 Recently, Guess and Munger 2020 postulated digital literacy to mean
nline information discernment, i.e., the ability to reliably assess the credibility
f information encountered online. While the conceptualization we draw upon
s different as it does necessarily require discernment, we include multiple tasks
n our participant observation study that is related to information discernment.
10 Another possible approach for capturing the ground truth DL is to use
utomated, remote tests. For example, an online ‘‘quiz’’ could directly assess
ome of the skills mentioned in Table 1 (e.g., participants could be asked
o search for a term on Google and copy and paste the result). However,
here are limitations of what a browser can reliably detect with respect to
ser’s online behaviors (e.g., ability to connect to a WiFi network, making
ookmarks, opening new tabs, clearing cache, etc.). Moreover, obtaining such
nformation directly from the browsers may raise privacy concerns.
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Table 1
Digital literacy tasks for ground truth measurement using in-person observations and their completion rate (i.e., proportion of participants who successfully completed the task).

Digital literacy task Completion rate (𝑁 = 143)

1. Connect to a WiFi network 0.87

2. Search the term ‘‘LUMS’’ on google.com 0.82

3. Open a mobile browser 0.78

4. Look up the birthplace of ‘‘Quaid-e-Azam’’ 0.73

5. Open a new tab in the browser 0.52

6. Observe a news headline on social media and find information relevant to the headline using a search engine. (participants
were shown a screenshot of the news headline and asked to find information relevant to the content in the screenshot)

0.51

7. Copy the URL that appears after searching ‘‘LUMS’’ 0.45

8. Bookmark a webpage 0.34

9. Clear all cache and cookies from your browser 0.30
Fig. 1. Frequency plot of ground truth digital literacy scores of 143 study participants.
The DL score of a participant is defined as the proportion of successfully completed
tasks out of a total of nine DL tasks. The mean and median DL scores in our sample
were 0.59 and 0.67, respectively.

skill: (i) the percentage of tasks successfully completed (effectiveness)
and (ii) the amount of time spent on the tasks (efficiency). The set of DL
tasks we use in our study cover the essential steps needed to effectively
find information online and thus included tasks that capture users’
computer/mobile and web-use skills (e.g., the ability to connect to WiFi
and open a browser) as well as their information literacy (e.g., ability
to search for the birthplace of a personality, ability to observe a news
headline and being able to find relevant information online) as shown
in Table 1.

To capture the high-end of DL (i.e., users who are both highly
effective as well as efficient in finding information), we include the
ability to bookmark a webpage as a task in our set as it is related to
being able to organize information and gain fast access to it. Similarly,
the ability to clear cache and cookies from a browser is related to un-
derstanding of user privacy (e.g., how one’s information may be used to
show personalized content or ads) and how can it be managed. Finally,
the ability to open a new tab on a mobile browser can capture the
skills needed to multi-task and access multiple sources of information
quickly.

Some tasks were intentionally designed to include redundancy in
them (e.g., Search the term ‘‘LUMS’’ on www.google.com and Look up the
birthplace of ‘‘Quaid-e-Azam11’’) because they allow us to capture more
granular difference in DL. For instance, in the former task, a user needs
to enter a given term ‘‘LUMS’’ on www.google.com whereas in the
latter task, a user needs to compose a suitable query from the provided
information and then find the birthplace from the search results. The
difficulty of the latter task is also reflected in its lower completion rate
(e.g., 0.73 vs. 0.82) as shown in Table 1.

11 Quaid-e-Azam (or the great leader) refers to the founder of Pakistan.
4

In general, we observe that the completion rate of tasks decreases
with the increase in task sophistication; see Table 1. Thus, the ability
to clear browser cache and cookies had the lowest completion rate
whereas the ability to connect to a WiFi network had the highest
completion rate.12

Using data on task completions from our PO study, we calculate the
ground truth DL score of a participant to be the completion rate across
all the nine tasks (i.e., the proportion of tasks successfully completed
by the individual).13 The mean and median DL scores were 0.59 and
0.67, respectively. Fig. 1 shows the frequency distribution of DL scores
in our study sample of 143 users. We found that the respondents
varied considerably in their capacity to access, understand, and find
information online. For example, 25% of participants in our study could
only complete up to 3 tasks out of a total of 9 tasks whereas the top
30% completed between 7 to 9 DL tasks.

4. Survey measures of digital literacy

It is extremely challenging to scale PO studies due to the cost and
labor associated with conducting them, which makes it important to
design self-reported survey modules that can serve as reliable proxies
for measuring the ground truth DL (Hargittai 2005).

An ideal survey module to serve as a proxy for the underlying DL
will have several properties. First, it should be correlated with the
ground truth (Hargittai and Hsieh, 2012). Second, it should capture
variations at both the low-end and high-end of the DL spectrum. Third,
it should reflect the process (e.g., knowledge of digital spaces, digital
skills) that causes the effects of Internet and digital media use to vary
across individuals (Guess and Munger, 2022).

To find survey-based proxies that are most predictive of the ground
truth, we evaluated the effectiveness of two types of survey modules:
(i) platform-neutral modules, which comprise questions that do not
test knowledge or use of any specific social media platform14 and (ii)
platform-specific modules, which include questions that test the knowl-
edge and/or use of features of social media platforms (e.g., Facebook
and WhatsApp).

12 Observe that the completion rate of task 2 is higher than task 3, which
may seem counter-intuitive because presumably the latter task should be a
required to complete task 2. However, we noticed that a small fraction of users
who could not open a mobile browser but were able to search the term ‘‘LUMS’’
on google used the Google voice assistant available on Android phones.

13 Our efficiency analysis of PO tasks (i.e., the time taken to complete a task)
shows that users with higher digital literacy are able to complete tasks more
quickly than lower digital literacy. As expected, we observe that the variance
in task completion times grows smaller for harder tasks, due to their lower
completion rates; see Appendix A.2.

14 In general, ‘‘platform’’ may refer to any digital platforms (e.g., operating
system, databases) but we use ‘platform’ to refer to social media platforms
only.

http://www.google.com
http://www.google.com
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Table 2
Mean Squared Error and 𝑅2 for different survey modules on the training and Out-of-Bag (OOB) samples using a Random Forest regression model.
Survey Modules Items MSE (OOB) 𝑅2 (Training) 𝑅2 (OOB)

1. Basic Digital Literacy Module 7 0.048 0.60 0.52
2. Internet-related Terms Module 15 0.022 0.94 0.78
3. Knowledge of Facebook Features Module 9 0.039 0.72 0.56
4. Knowledge of WhatsApp Features Module 9 0.056 0.55 0.45

Best 7-item Survey Modules

𝛼. Best 7-item Internet-related Terms Module 7 (/15) 0.022 0.89 0.78
𝛽. Best 7-item Platform-neutral Module 7 (/22) 0.019 0.90 0.80
𝛾. Best 7-item Platform-specific Module 7 (/18) 0.033 0.73 0.63
Platform-neutral modules are attractive because they can be used
o compare the DL of users across populations (e.g., users of different
ocial media platforms, individuals who do not use social media).
latform-specific survey measures are useful for three key reasons.
irst, social media applications – such as Facebook and WhatsApp
have become extremely popular especially in developing countries

nd make up a significant fraction of digital media consumption of
nternet users (DataReportal, 2022). Second, it is common for social
edia platforms to provide features for: (i) finding different types of

ontent (e.g., finding pages on Facebook, searching for chat messages
n WhatsApp), (ii) understanding the type of content (sponsored vs.
on-sponsored content on Facebook), and (iii) managing one’s personal
nformation (e.g., via use of privacy settings). Thus, the use of such
latform features reflects the ability to effectively find information and
herefore captures the process by which DL may vary across individuals.
s a result, the ability to use platform features is likely to be correlated
ith the ground truth DL. Finally, a desirable aspect of such platform-

pecific questions is that their responses can be implicitly gleaned from
sers’ interactions with the platform without requiring them to fill a
urvey.

We evaluate and analyze four survey modules, which include two
latform-neutral and two platform-specific modules:

1. Internet-related Terms Module (‘Terms Module’): This platform-
neutral module measures self-reported familiarity with Internet-
related terms (e.g., browser, bookmark).

2. Basic Digital Literacy Module (‘Basic DL Module’): This platform-
neutral module measures self-reported ability to accomplish var-
ious DL tasks.

3. Knowledge of Facebook Features Module (‘FB Module’): This
platform-specific module measures self-reported knowledge and
use of various Facebook application features.

4. Knowledge of WhatsApp Features Module (‘WA Module’): This
platform-specific module measures the self-reported knowledge
and use of various WhatsApp application features.

4.1. Comparison of survey modules

To compare the effectiveness of the four survey modules in predict-
ing the ground truth DL, we train four regression models – one for each
survey module – using Random Forest (RF); a standard machine learn-
ing algorithm that can efficiently fit non-linear relationships in the data,
provides robustness performance over small sample sizes (Breiman,
2001; Biau and Scornet, 2016) and can be applied when predictor
variables are highly correlated (Strobl and Zeileis, 2008). In each
model, the outcome variable is the ground truth DL score whereas the
independent variables are the responses to survey questions. We ran
each RF model with 100,000 trees and used the default values for the
tuning parameters.

Table 2 shows the results for the four surveys modules in terms
of three metrics: Mean Squared Error (MSE) over Out-of-Bag (OOB)
5

samples,15 𝑅2 over the training samples, and 𝑅2 over the OOB samples.
Observe that across all the three metrics, the Terms module achieves
the best performance (i.e., the smallest MSE and the largest 𝑅2 values)
indicating its effectiveness in predicting DL. This is followed by the FB
module, Basic DL module, and the WA module each of which exhibit
moderate predictive performance. The 𝑅2 values for these survey mod-
ules suggests that they can also serve as useful proxy measures for the
ground truth DL albeit with less accuracy.16

Next, we trained models for shorter 7-item modules drawn out of
the Terms module, platform-neutral module (which combines questions
from the Terms and Basic DL modules), and the platform-specific
module (which combines questions from the FB and WA modules).17

We find that the 7-item platform-neutral module performs the best
across all modules. The 7-item Terms module was the next best, which
was within 16% of the best module in terms of MSE and within 2.5%
in terms of 𝑅2 computed over OOB data.

4.2. Platform-neutral modules

We now analyze each platform-neutral survey module separately.
In particular, we evaluate the relative importance of each question in
a module in terms of their contribution to the predictive power of the
survey module.

4.2.1. Knowledge of internet-related terms module
We now examine the 15-item Terms survey, which was first pro-

posed by Hargittai 2005. In this survey, respondents are asked to
self-report their familiarity with computer- and Internet-related terms
using the following question: How familiar are you with the following
computer and Internet-related items? Please choose a number between 1 and
5, where 1 represents no understanding and 5 represents full understanding
of the item.

The 15-item survey we use included Internet-related terms previ-
ously examined (Hargittai 2009; Hargittai and Hsieh 2012) as well
as four new terms (i.e., ‘‘Internet’’, ‘‘MB/GB’’, ‘‘MP4’’, and ‘‘URL’’)
as shown in Table 3. These items are designed to reflect terms that
are common in everyday Internet use, such as ‘‘Browser’’, ‘‘Search
engine’’, and ‘‘URL’’, as well as more technical terms but presumably
less common, such as ‘‘Cookies’’ and ‘‘Malware’’. This approach makes
sense as a way to capture a spectrum of digital skills and is also flexible
because the items can be adapted to include more recent terms.

We also included two bogus terms in our survey to see if participants
were responding randomly or were affected by social desirability bias.
Thus, if the bogus terms score significantly better than or as well as the
real terms then we must question the validity of the measure as a proxy

15 OOB samples are bootstrap samples that are not used for training the
model. Instead, they are used for evaluating how well the model generalizes
(James et al. 2013).

16 In Appendix Table A.3, we also report the Pearson’s correlation coefficient
and Spearman’s correlation coefficient for the survey modules.

17 See Online Appendix Table 6 for an extended set of results including
those involving other combinations of survey modules to serve as proxies for

predicting digital literacy.
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Table 3
Column 2 shows the average score (or rating) for each Internet-related item across
respondents. Columns 3 and 4 show two metrics of variable importances with random
forest: %IncMSE and IncNodePurity, respectively. The terms with the ⋄ symbol are part
of the best 7-item Terms module whereas the terms with the ∙ symbol are part of the
best 7-item platform-neutral module. ∗𝑝 < .10;∗∗ 𝑝 < .05;∗∗∗ 𝑝 < .01. 𝑁 = 143, 𝑅2 (OOB
samples) = 0.78.

Term Average score %IncMSE IncNodePurity

1. Internet ⋄ ∙ 3.80 261.4∗∗ 1.33∗∗

2. MP4 3.69 125.1 0.47
3. Browser ⋄ ∙ 3.55 261.4∗∗∗ 0.96∗∗

4. Search engine 3.46 160.9∗ 0.89
5. MB/GB 3.40 156.2 0.34
6. PDF ⋄ ∙ 3.10 320.1∗∗∗ 3.68∗∗∗

7. Bookmark ⋄ ∙ 2.93 213.6∗∗ 1.85∗∗∗

8. JPG ⋄ 2.69 137.2∗∗ 1.32∗∗∗

9. URL ⋄ ∙ 2.66 151.8∗ 0.94∗∗

10. Cookies 2.52 175.8∗∗ 0.33
11. Torrent ⋄ ∙ 2.45 142.1∗∗ 0.63∗∗

12. Podcasting 2.16 146.9 0.29
13. Malware 2.01 115.1 0.24
14. Phix (bogus) 1.45 −21.5 0.07
15. Jcrypt (bogus) 1.29 −26.4 0.07

for DL because it suggests that respondents are not reporting levels of
understanding if they claim to understand bogus terms.

Table 3 shows the mean scores of the terms. First, the two bogus
items had the lowest mean score, therefore, it is reasonable to assume
that people did not select their responses randomly and that the module
measures people’s understanding of Internet-related terms. Second, the
wide range of mean scores across the terms indicates that they are able
to capture a spectrum of ground truth DL.

Next, we trained a RF regression model with each term added as a
distinct feature to analyze their contribution to the predictive power of
the Terms survey module. To evaluate feature importance, we employ
two commonly used metrics for evaluations involving RF regression:
%IncMSE and IncNodePurity. The former metric is the percentage in-
rease in MSE when that feature variable is removed from analysis18

nd the latter metric is the total decrease in node impurities (or residual
um of squares) from splitting on a feature variable in the decision
ree, averaged over all trees used in the RF (Breiman, 2001; Biau and
cornet, 2016).

Table 3 also shows the importance of each term in predicting ground
ruth DL along with their p-values.19 Observe that the terms PDF,
nternet, Browser are the top three terms in terms of the magnitude
cross both the metrics. Observe that values for these metrics are
tatistically significant at the 5 percent level or less (i.e., 𝑝 < 0.05).

Again, the bogus terms have the smallest values across both the metrics,
which indicates that respondents did not know about these terms and
thus were highly unlikely to have responded randomly. In Section 7,
we show that different terms best predict DL of users at the low and
high end of the digital literacy spectrum.

4.2.2. Basic digital literacy module
Next, we evaluate a basic DL survey comprising questions shown in

Table 4. These questions aim to capture the skills and literacy needed to

18 This metric – which is also known as permutation importance – breaks
he relationship between the feature and the outcome variable by randomly
huffling feature values using OOB data (Altmann et al. 2010). As a result, the
ncrease in MSE is indicative of how much the model depends on the feature.
19 We compute the p-values for feature importance metrics by permuting

he response variable, which produces a null distribution for each predictor
ariable. For this purpose, we use the rfPermute package in R (Archer, 2016).
or each survey module, we train a RF model using 100,000 trees and conduct
0,000 repetitions for finding the p-values. We use the default values for the
6

est of the parameters.
access, understand, and find information online through self-reported
responses.

We find that the questions, ‘‘Are you able to search/google things
online?’’, ‘‘Are you able to read text on social media?’’, and ‘‘Are you
ble to connect to WiFi and/or turn on mobile data?’’ as the best three
redictors in this survey module across both metrics (see Table 4). The
alue of both metrics for these questions are statistically significant at
he 1 percent level. Indeed, the ability to find information on a search
ngine is an important information retrieval task whereas being able
o connect to WiFi and/or mobile data and read text capture users’
bility to access the Internet and read and understand content online.
he latter two questions are particularly helpful in separating users at
he lower end of DL (see Section 7).

.3. Platform-specific modules

Platform-specific surveys can be useful measures for the ground
ruth DL for a number of reasons. First, social media applications
rovide features whose use can capture a range of digital skills as
ell as information literacy (e.g., searching on the platform, updating
rivacy settings of your account and reporting a post on Facebook).
econd, social media platforms provide features (or clues) to potentially
pot low quality content (e.g., discerning between sponsored and non-
ponsored posts). Knowledge of these features can be suggestive of
nformation discernment. We now analyze the importance of individual
tems in the FB and WA survey modules.

.3.1. Facebook module
In the FB survey, we asked participants about their use of nine

acebook application features; see Table 5. For each question, we
onstruct a dummy variable (equal to 1 if a participant uses the feature
nd 0 otherwise).20 We find that the top three predictors were the
bility to update the privacy settings of one’s account and posts, and
he ability to identify which posts are sponsored or not (see Table 5).

.3.2. WhatsApp module
Next, we analyze the WA survey module, which also comprised nine

tems. Again, for each feature we construct a dummy variable (equal to
if the they use the feature and 0 otherwise). Our RF regression results

how that the top three predictors include: (a) the ability to report a
ser, (b) ability to determine whether a sent message has been seen, and
c) the ability to block a user all of which are statistically significant at
he 1 percent level (see Table 6).

Overall, the WA survey had the highest MSE and lowest 𝑅2 across
he four modules, which suggests that it may not be as effective as other
odules.

In summary, the FB and WA modules can serve as useful proxies
or capturing the underlying DL. However, such measures are generally
nly useful for measuring the DL of users of a given platform as they
ay not allow for cross-platform comparisons due to differences in

he use of social media platforms across regions. For example, in our
tudy sample WhatsApp was more popular than Facebook and Twitter
as the least popular platform in terms of usage. More generally, the
ffectiveness of platform-specific surveys for measuring DL depends on
ow well the application features test digital skills and information
iteracy.

20 87.4% of the respondents (125 out of 143) in our study were Facebook
users. The mean DL score in this sample was 0.625, which is about 6% higher
than the mean DL score of the entire study sample.
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𝑅

Table 4
Column 2 shows the average score (or rating) for each basic digital literacy question across respondents. Columns 3 and 4 show two metrics of variable importances with random
forest: %IncMSE and IncNodePurity, respectively. The item(s) with the ∙ symbol are part of the best 7-item platform-neutral module. ∗𝑝 < .10;∗∗ 𝑝 < .05;∗∗∗ 𝑝 < .01. 𝑁 = 143, 𝑅2

(OOB samples) = 0.52.
Survey module question Options Avg. score %IncMSE IncNodePurity

1. Are you able to connect to WiFi or turn on mobile data? Yes; No 0.85 271.1∗∗∗ 1.89∗∗∗

2. Are you able to read text on social media? Yes; No 0.83 392.6∗∗∗ 1.92∗∗∗

3. Are you able to use social media applications generally without assistance? Yes; No 0.92 209.1∗∗ 0.49∗

4. Are you able to search/google things online? ∙ Yes; No 0.81 418.6∗∗∗ 2.89∗∗∗

Please select all the activities you perform on social media:

5. Viewing posts; messages; images; videos; news articles ✓; 0.99 0.0 0.02
6. Creating a post; message; image; video ✓; 0.80 44.1 0.25
7. Sharing a post; message; image; video; news article ✓; 0.80 −24.7 0.19
Table 5
Column 2 shows the average score (or rating) for each Facebook feature across respondents. Columns 3 and 4 show two metrics of variable importances with random forest:
%IncMSE and IncNodePurity, respectively. The item(s) with the ∙ symbol are part of the best 7-item platform-specific module. ∗𝑝 < .10;∗∗ 𝑝 < .05;∗∗∗ 𝑝 < .01. 𝑁 = 125, 𝑅2 (OOB
samples) = 0.56.

Facebook feature Avg. score %IncMSE IncNodePurity

1. Create post 0.68 35.0 0.28
2. Like a post 0.87 0.0 0.14∗∗∗

3. Comment ∙ 0.78 166.2∗ 0.45∗

4. Update privacy settings of your account ∙ 0.58 322.3∗∗∗ 2.1∗∗∗

5. Update privacy settings of posts ∙ 0.55 260.5∗∗ 2.0∗∗∗

6. Report a post 0.48 18.0 0.25
7. Hide an ad ∙ 0.44 232.9∗∗ 1.11∗∗∗

8. Hide a post 0.45 93.2 0.54∗

9. Identify sponsored vs non-sponsored posts ∙ 0.48 267.3∗∗ 1.2∗∗∗
Table 6
Column 2 shows the average score (or rating) for each WhatsApp feature across 143
respondents. Columns 3 and 4 show two metrics of variable importances with random
forest: %IncMSE and IncNodePurity, respectively. The terms with the ∙ symbol are part
of the best 7-item platform-specific module. ∗𝑝 < .10;∗∗ 𝑝 < .05;∗∗∗ 𝑝 < .01. 𝑅2. 𝑁 = 143,

2 (OOB samples) = 0.45.
WhatsApp feature Avg. score %IncMSE IncNodePurity

1. View chats 0.97 −0.92 0.14
2. Reply to a chat 0.89 170.0 0.59∗∗∗

3. Record audio messages 0.97 6.3 0.16
4. Forward message 0.91 73.6 0.45∗∗∗

5. Delete message 0.94 −38.2 0.12
6. Report user ∙ 0.55 414.6∗∗∗ 2.55∗∗∗

7. Block user 0.80 267.0∗∗∗ 1.56∗∗∗

8. Message seen ∙ 0.88 354.4∗∗∗ 1.69∗∗∗

9. Audio note speed change 0.71 56.2 0.37

4.3.3. Participation observation study of platform-specific DL tasks
On a sub-sample of participants in our study, we conducted a

PO study to measure the actual ability to use various Facebook and
WhatsApp features. This is particular attractive because social media
platforms often keep track of user interactions with application fea-
tures. Thus, if such measures predict ground truth DL, they can be
conveniently employed as a proxy measure by platform providers. In
turn, this can inform digital literacy based interventions to counter
misinformation (Sirlin et al. 2021; Ali and Qazi 2021).

The completion ratios for Facebook and WhatsApp tasks are shown
in Table 7. Observe that they cover a wide range of completion rates.
Moreover, these PO tasks are able to more precisely measure the ability
to use features than through self-reported responses via the FB survey
module even though the difference is not large.

FB tasks. We find that the five Facebook tasks predict the ground truth
DL well with a MSE and 𝑅2 values (over OOB samples) of 0.037 and
0.66, respectively. Interestingly, our subsample had a mean ground
truth DL score of 0.53, which is nearly 10% lower than the mean DL
score of the entire sample, therefore, the subsample is skewed towards
low-end DL users. Taking a closer look at the individual questions,
we find that Facebook tasks 3–5 (Table 7) were most predictive of
DL scores as shown in Fig. 2. These include searching for the ‘LUMS’
7

facebook page, following the ‘LUMS’ facebook page and changing the
privacy settings of a post. These tasks relate to being able to find
information online.

WA tasks. In case of WhatsApp tasks, the MSE was higher (0.055) and
𝑅2 was lower (0.53) compared to Facebook tasks, which suggests that
they are less predictive of DL scores even though the mean DL score
in this subsample was also 0.53. The most predictive tasks include the
ability to mute notifications for a chat, block a contact, and send a chat
message as shown in Fig. 2.

5. Best 7-item modules and indices

Employing survey modules with large number of questions just for
measuring DL poses a challenge for studies where the primary focus is
not on understanding DL and thus have less space for such questions.
To address this concern, we find shorter 7-item survey modules and
evaluate their effectiveness for serving as proxies for the ground truth
DL.

To find the best 7-item survey modules, we consider the following
categories of questions: (i) a 15-item Term module (the best performing
module out of the four survey modules), (ii) a 22-item module that
combines questions from the two platform-neutral surveys (‘Platform-
neutral module’), and (iii) a 18-item module that combines questions
from the FB survey and WA survey (‘Platform-specific module’). Note
that we do not include platform-specific participant observation tasks as
they reduce the sample size substantially.

To find the best 7-item modules, we select the top seven items from
each category of larger modules using the following criterion: We first
select all items that are statistically significant at 10 percent or less
(i.e., having a p-value less than 0.10) across both the metrics (i.e., %In-
cMSE and IncNodePurity), we then sort them by the magnitude of the
%IncMSE metric, and finally select the top seven items. We select based
on the magnitude of %IncMSE because it is considered a more robust
measure of variable importance (Strobl et al. 2007).

We find that the resulting best 7-item platform-neutral module
included the following items: PDF, Bookmark, Internet, Browser, URL,
Torrent, ‘Are you able to search/google things online?’. While six items
were from the Terms module, one item was from the Basic DL module.
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Table 7
Results of a participant observation study involving Facebook tasks (N = 34) and WhatsApp tasks (N = 44).
Facebook task Completion rate

1. Like/React to a post 0.97
2. Comment on a post 0.84
3. Search for LUMS facebook page 0.78
4. Follow LUMS facebook page 0.68
5. Change the privacy settings of a post on your timeline to ‘Only Me’ 0.35

WhatsApp task

1. Send a chat message (on a given number) 0.90
2. Send a voice note 0.92
3. Block a contact on WhatsApp 0.79
4. Mute notifications for a chat 0.46
Fig. 2. Results of a Random Forest regression. (i) The two leftmost plots correspond to Facebook tasks (𝑁 = 34) and (ii) the two rightmost plots correspond to WhatsApp tasks
(𝑁 = 44).
This was the best performing module across the categories we consid-
ered and resulted in a MSE of 0.019 and a 𝑅2 value of 0.80 over OOB
data.

Next, we find the best 7-item platform-specific module. It included
five items from the FB module (items 3, 4, 5, 7, and 9 shown in Table 5)
and 2 items from the WA module (items 6 and 8 in Table 6). The
resulting MSE and 𝑅2 were better than any of the individual surveys.21

Such a module can be launched for measuring the DL of users of
multiple platforms (e.g., Facebook and WhatsApp). For entities like
Meta, which owns Facebook, WhatsApp, and Instagram, this may be
particularly feasible.

We find that the best 7-item Terms survey module included the
following terms: PDF, Bookmark, Internet, Browser, JPG, URL, Torrent
with a MSE = 0.022 and 𝑅2 equal to 0.78 over OOB data, which
is as almost good as using the 15-item Terms module. Moreover, 7-
item Terms module is only 15.7% higher in MSE and 2.5% lower
in 𝑅2 (OOB data) compared to the best performing module (i.e., the
platform-neutral module).22

21 In Appendix A.4, we report the distribution of DL scores predicted by
the Best 7-item platform-specific survey and the Basic DL survey on a sample
(𝑁 = 618) of Facebook users in Lahore, Pakistan, whose data was collected in
an earlier study in 2019. We find that both survey modules are able to detect
significant variations in digital literacy.

22 In Online Appendix E, we report the best 7-item survey modules con-
structed from the Terms survey, platform-neutral survey, platform-specific
8

6. Demographic correlates of digital literacy

We collected data about the demographic characteristics of our
study sample, which included data on age, gender, education, income,
and employment status of participants.23 We now analyze (i) the corre-
lation between these demographic characteristics and the ground truth
DL and (ii) their effectiveness in predicting the DL relative to the four
individual survey modules we evaluated.

Fig. 3 shows the coefficients of a OLS regression model, where the
dependent variable is the ground truth DL scores and the independent
variables are the demographic characteristics. We find that educa-
tion, household income (for which we use household expenditure as
a proxy), employment,24 and gender have large and statistically signif-
icant (at the 10 percent level) effect sizes. The predictive power of these
characteristics highlights the importance of taking into account cultural
context in studies on digital literacy. It also points to potential barriers
people face in improving their digital literacy due to lack of affordable

survey, and global survey (which included items from all of the individual
survey modules we evaluated) as well as feature importances of each survey
item along with their corresponding p-values.

23 See Online Appendix Table 3 for details about response options and
coding of responses.

24 The negative association between employment and DL scores can be
explained by the fact that the only unemployed individuals in our sample were
students, who had higher DL scores than employed individuals on average.
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Fig. 3. Results of OLS regression. The outcome variable is the DL score of respondents and the independent variables are the five demographic characteristics of participants. All
variables are standardized. The plot shows regression coefficients along with 90% confidence intervals.
Fig. 4. Results of a Random Forest regression. Each row in the left panel shows the percentage increase in MSE when that feature is removed from analysis, while each row in
the right panels shows the average increase in node purity. 𝑁 = 89.
access to the Internet, lack of affordable access to education, and lack of
regular income (Qazi et al. 2021, Vashistha et al. 2019). The negative
correlation between gender scores and DL scores is also suggestive of
the digital gender divide that exists in several developing countries. For
example, currently Pakistan ranks the highest in the world in terms of
the gender gap in Internet access between men and women (65%) and
mobile phone ownership (51%) (EIU Inclusive Internet Index, 2021).
It is useful to note that data on some of these characteristics may be
challenging to obtain due to privacy considerations. For example, in our
study, only 89 participants responded to the question about monthly
household expenditure.

To compare the relative effectiveness of demographic characteris-
tics and other survey modules in predicting DL of respondents, we
conducted a ‘horserace’ using a RF regression model in which we
added the mean scores by each of the four survey modules and each
demographic characteristic as a separate feature (see Fig. 4). While
9

the results suggest that adding demographic variables may improve the
accuracy of predicting DL in a study sample similar to ours, however,
this insight is unlikely to generalize to other populations. The reason is
that demographic characteristics do not directly capture the knowledge
about digital spaces, digital skills or information literacy. Rather, they
serve as a proxy for some other characteristics that relate to people’s
experiences online. Thus, they likely point to barriers that different
demographic groups face in improving their digital literacy (e.g., less
educated, low-income, females, and individuals with part-time employ-
ment in our study sample). For example, studies conducted over U.S.
and European Internet users have found age to be correlated with DL
(Sirlin et al. 2021, Guess and Munger 2020). However, in our study
sample where lower income levels and affordable access to Internet and
education are significant barriers to improving one’s DL, we do not find
age to be a strong predictor of DL (see Fig. 3).
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Table 8
Mean Squared Error and 𝑅2 (Training Data, OOB data) for Low DL (L) and High DL (H) users across two survey modules using a Random Forest regression model. The mean DL
score in the low DL and high DL groups were 0.30 and 0.85, respectively.

Survey modules MSE (L) MSE (H) 𝑅2 (L) 𝑅2 (H)

1. Best 7-item Platform-neutral Module 0.016 0.010 (0.78, 0.56) (0.55, 0.21)
2. Basic DL Module 0.027 0.014 (0.51, 0.26) (0.067, −0.046)
7. Separating low DL and high DL users

Our study sample comprised participants with a wide range of
digital literacy. To understand why the best 7-item platform-neutral
survey module performs well, we divide our sample into a low DL group
and a high DL group and analyze its effectiveness in predicting the
ground truth DL within each group. To construct the two DL groups, we
divide our sample by the median DL score. For comparison purposes,
we consider the Basic DL module. We train RF regression models for
the best 7-item platform-neutral module and the Basic DL module. For
each module, we trained one RF model for the low DL group and one
for the high DL group. We make the following observations:

• We found that while the platform-neutral module was effective at
separating individuals within each sub-group group, the Basic DL
module was only effective at differentiating between users in the
low DL group (see Table 8).

• For low DL users, the term ‘Internet ’ and ‘Are you able to
search/google things online?’ were the top two predictors of DL
whereas for high DL users, the terms URL and Torrent were
most predictive (in terms of %IncMSE). This indicates that the
platform-neutral module is able to capture variations at both
the low-end and high-end of the DL spectrum by having terms/
questions with a range of difficulty.

• With the Basic DL survey, the ability to search online (item 4 in
Table 4) and the ability to connect to WiFi or turn on mobile data
(item 1 in Table 4) were the best two predictors in the low DL
group. However, none of the questions are effective at measuring
digital literacy of users in the high DL group as it does not include
more difficult questions.

In summary, the predictive power of the platform-neutral module
can be attributed to its effectiveness in capturing variations at both
the low-end and high-end of the DL spectrum by having questions of
varying difficulty (or sophistication).

8. Recommendations

We recommend using the best 7-item platform-neutral survey mod-
ule, which resulted in the lowest MSE and the highest 𝑅2 values
across all categories of survey modules we considered in this work
(see Table 9). For instance, it resulted in the highest 𝑅2 (0.8) over the
OOB data, which points to its effectiveness in generalizing to unseen
samples.25 To map survey responses to digital literacy scores, we have
made our trained RF model publicly available at the following link:
https://github.com/nsgLUMS/predict_DigitalLiteracy. The model takes
as input one or more observations, where an observation comprises
responses to the 7-item platform-neutral survey module, and predicts
the individuals’ digital literacy score.

25 In Online Appendix Table 6, we show that while the full 22-item platform-
neutral module improves 𝑅2 over the training data, it does not generalize to
unseen data any better than its best 7-item counterpart. Such a module is
particularly suitable for measuring digital literacy among populations with a
significant fraction of individuals with low Internet experiences, such as in
developing countries.
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Fig. 5. Accuracy achieved by the best 7-item platform-neutral module in predicting
quintile ranks of the ground truth DL score. The plot shows the confusion matrix, where
the diagonal shows the probability of correctly predicting a quintile rank (e.g., rank 2
was correctly predicted with probability 0.91).

To further aid researchers and practitioners in using the recom-
mended survey module, we assess its accuracy in predicting the quintile
ranks of the ground truth DL scores.26 Fig. 5 shows the confusion matrix
for the best 7-item platform-neutral survey. Observe that the module
achieves accuracy between [0.78, 0.96] for the first four quintile ranks
(i.e., ranks corresponding to the bottom 80th percentile of DL scores)
but the accuracy reduces to 0.5 for the fifth quintile, which comprises
users with the highest 20% DL scores in our sample.27 To interpret the
accuracy of the fifth quintile rank, two observations can be instructive:
(i) a random classifier will achieve an accuracy of 0.2 in correctly
predicting the last rank whereas the platform-neutral survey improves
on such a classifier by 2.5× and (ii) the predicted rank is either 4 or
5 with an accuracy of 0.82, thus most mis-classifications are clustered
around 5.

9. Conclusion

Digital literacy can play an important role in expanding economic
opportunities by enabling people to effectively find and consume valu-
able information online, yet there is a dearth of validated survey
measures for capturing digital literacy of populations with limited prior
exposure to technology. In this work, we evaluated and recommend
a platform-neutral survey module for measuring digital literacy. Our
proposed survey module consists of seven items that are most predictive
of ground truth digital literacy measured using participant observation.

We find that when the goal is to measure the digital literacy of
users of a specific social media platform (e.g., Facebook, Twitter, or
WhatsApp), platform-specific measures – such as the FB module – can

26 A quintile represents 20% of a given set of values. The first quintile (or
quintile rank 1) represents the smallest 20% of values, the second quintile
(rank 2) includes values from 20%–40%, and so on.

27 These users attained a DL score between [0.89, 1], i.e., they either
completed 8 or 9 out of a total of 9 DL tasks.
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Table 9
Column 1 shows the survey questions of the platform-neutral module, which we recommended based on our evaluation. Column 2 shows the corresponding response options for
each question.

Recommended survey module: platform-neutral Response options

1. Are you able to search/google things online? Yes; No

How familiar are you with the following computer and Internet-related items? Please choose a number between 1 and 5, where 1 represents no understanding and
5 represents full understanding of the item.:

2. Internet 1–5

3. Browser 1–5

4. PDF 1–5

5. Bookmark 1–5

6. URL 1–5

7. Torrent 1–5
serve as a good proxy for the underlying ground truth digital literacy.
They are attractive because the use of platform-specific features can
potentially be inferred through users’ natural interactions with the
platform without the need for taking a survey.

Our work also highlights the importance of considering contex-
tual relevance and the experiences of the population being studied
when designing survey modules and participant observation tasks for
measuring digital literacy. As new Internet services, tools, and (social
media) application features become part of mainstream Internet uses,
the evaluation and addition of new items will be necessary.

In studies that aim to find the causal impact of digital literacy on
different outcomes, such as technology adoption and use, ability to
distinguish between true and false information, trust in information
sources, economic and political behaviors, it is important to consider
representative samples from the target population of interest. For exam-
ple, MTurk samples are known to have higher digital literacy (Hargittai
and Shaw, 2020) and thus findings derived from such samples may not
hold in the general population of interest.

Our results provide evidence that survey measures can be used to
identify low digital literacy populations, who may be left out from
the digitalization process or more vulnerable to negative externalities
of technology (e.g., misinformation) and thus important targets for
interventions.

Finally, our study design and the associated insights – such as
the completion rate of different participation observation tasks we
used which cover a wide spectrum of digital skills needed to access,
understand, and effectively find information online – can (i) inform the
design of interventions for improving the digital literacy of individuals
and (ii) provide insights about customizing digital literacy programs
for different subgroups within a population (e.g., across age groups,
education levels and income levels).
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Appendix A

A.1. Descriptive statistics

See Table A.1.

A.2. Efficiency analysis

Next, we conducted the efficiency analysis of PO DL tasks, i.e., the
time it takes for participants to complete tasks. Our hypothesis is that
higher DL users are likely to complete a DL task sooner than low DL
users.

Due to different task completion rates, respondent-level completion
times (e.g., sum of the completion times of all tasks) can be biased
due to selection effects because we only obtain completion times for
tasks that are successfully completed; see Online Appendix Table 5. As a
result, only high DL users are represented in tasks with low completion
rates, who may be more efficient than an average Internet user. In such
cases, it is useful to examine intra-task time variations, i.e., among only
those who completed the task successfully. If there exists variations in
DL within the sample, we would expect efficiency to be better among
higher DL users for each task.

Thus, we regress the DL scores on the time taken by participants
to complete each DL task, separately. Fig. A.1 shows the horizontal
plot of regression coefficients for each DL tasks. We make the following
observations:

• All regression coefficients are in the expected direction, i.e., they
are negative. This shows that higher completion times are associ-
ated with lower DL scores.

• For more difficult tasks – ones with lower completion rates (e.g.,
finding the birthplace of Quaid-e-Azam) – coefficients are smaller
indicating greater homogeneity in the DL scores who completed
these tasks.

A.3. Study procedure

At the start of the study, each participant completed a baseline sur-
vey. As part of this survey, they first answered a set of questions about
their demographics and social media use. Participants then completed
the basic Digital Literacy, Facebook, and WhatsApp survey modules.
Finally, participants completed a set of participant observation tasks
for the ground truth measurement of digital literacy.

For each PO task, the enumerator recorded whether the participant

was able to successfully complete the task (coded as 1 if the task was
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Table A.1
Descriptive statistics for the sample.

Variable N Mean St. Dev Min Median Max

Age 143 27.80 7.45 18 26 55
Females 143 0.22 0.41 0 0 1
Education level 143 0.98 0.75 0 1 2
Employment status 143 1.68 0.67 0 2 2
Monthly household expenditure (PKR. ’000s) 89 51.80 26.15 15.00 40.00 90.00
Users with a WhatsApp account 143 1.00 0.00 0 1 1
Users with a Facebook account 125 0.87 0.33 0 1 1
Users with a YouTube account 134 0.94 0.24 0 1 1
Users with a Twitter account 42 0.29 0.46 0 1 1
Users with a Instagram account 66 0.46 0.50 0 1 1

Notes: Educational level was coded as 0 (if the attained education was below grade 6), 1 (if between grade 6 and 12) and 2 (if above grade 12). Employment status was code as
0 (for unemployed persons or students), 1 (for part-time employed persons), and 2 (full-time employed persons). For household expenditure, the response options included: Less
than 10,000; 10,000–20,000; 20,000–30,000; 30,000–50,000; 50,000–70,000; 70,000–90,000; >90,000. Female is a variable equal to 1 if the respondent was a female, 0 for male,
and 2 for other. Except age (which was a quantitative variable with no pre-specified category), the other remaining variables were binary (1 if the respondent had an account on
the specific social media platform, 0 otherwise).
Fig. A.1. Results of OLS regressions. For each DL task, we regress the DL score of respondents on the time taken by participants to complete the task. The plot shows regression
coefficients along with 90% confidence intervals.
successfully completed, 0 otherwise) and the time taken to perform the
task (recorded via a digital timer). For consistency in measurements
and sample size considerations, the ordering of the PO tasks was kept
the same across all participants; see Table A.2. Following the PO tasks,
the participants took the Terms survey.

While we do not measure the effect of changing the order of survey
questions or the PO tasks, it is possible that the order may have
had an effect on survey responses and task completions. For example,
participants may have become tired or started losing interest towards
the end of the survey due to which their responses might have been
affected thereby potentially biasing the results.

Finally, we used Android smartphones of the same model for all
participants to ensure consistency in measurements. However, par-
ticipants with different Android phones (e.g., phones with different
Android versions) or iPhone users may have lacked familiarity with the
study device, which might have impacted their effectiveness as well as
efficiency in completing PO tasks.

A.4. Distribution of digital literacy

We now apply two digital literacy measures (Basic DL survey and
the Best 7-item platform-specific survey) to determine the distribution
of digital literacy on a sample of low- and middle-income social media
users in Lahore, Pakistan. The sample was recruited as part of a previ-
ous randomized control trial (RCT) in 2019 (Ali and Qazi, 2021). The
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Terms survey was not conducted on this sample, therefore, we exclude
survey measures that include items from the Terms survey. We compare
the digital literacy scores predicted by two survey instruments on a
subsample of social media (𝑁 = 618) users who used both Facebook
and WhatsApp and thus responded to both the surveys that we use
for predicting the digital literacy; see Fig. A.2. First, we find that both
modules are able to detect significant variations in the digital literacy
of respondents. Second, because the Basic DL survey is better able
to separate users at the low end of digital literacy, we find greater
variation in the predicted digital literacy scores at the lower end. On
the other hand, the Best 7-item platform-specific survey is better able
to separate users at the high end.28

A.5. Pearson’s and Spearman’s correlation coefficient analysis

In Table A.3, we report the Pearson’s and Spearman’s Correlation
Coefficient along with the corresponding p-values.

28 In Online Appendix Table 2, we show that combining the Basic DL survey
with either the FB survey or the WB survey can result in better prediction of
digital literacy.
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Table A.2
The order in which the participants completed the digital literacy tasks for ground truth measurement using in-person observations.
Digital Literacy Tasks

1. Connect to a WiFi network
2. Open a mobile browser
3. Open a new tab in the browser
4. Search the term ‘‘LUMS’’ on google.com
5. Copy the URL that appears after searching ‘‘LUMS’’
6. Bookmark a webpage
7. Clear all cache and cookies from your browser
8. Look up the birthplace of ‘‘Quaid-e-Azam’’
9. Observe a news headline on social media and find information relevant to the headline using a search engine. (participants were
shown a screenshot of the news headline and asked to find information relevant to the content in the screenshot)

WhatsApp Tasks

1. Send a chat message (on a given number)
2. Send a voice note
3. Block a contact on WhatsApp
4. Mute notifications for a chat

Facebook Tasks

1. Like/React to a post
2. Comment on a post
3. Search for LUMS facebook page
4. Follow LUMS facebook page
5. Change the privacy settings of a post on your timeline to ‘Only Me’
Fig. A.2. Density of predicted digital scores. The plot shows scores predicted by the basic DL survey and the best 7-item platform-specific module on a sample of 618 Facebook
users in Lahore, Pakistan.
Table A.3
Correlation between the mean 9-item DL scores and scores obtained via different survey modules. ∗𝑝 < .10;∗∗ 𝑝 < .05;∗∗∗ 𝑝 < .01.
Survey Instrument Pearson’s Corr. Coeff. Spearman’s Corr. Coef.

1. Basic DL Survey 0.71∗∗∗ 0.70∗∗∗

2. Internet-related Terms Survey 0.86∗∗∗ 0.87∗∗∗

3. Knowledge of Facebook Features Survey 0.75∗∗∗ 0.74∗∗∗

4. Knowledge of WhatsApp Features Survey 0.64∗∗∗ 0.64∗∗∗

Best 7-item Survey Modules

𝛼. Best 7-item Internet-related Terms Module 0.86∗∗∗ 0.87∗∗∗

𝛽. Best 7-item Platform-neutral Module 0.88∗∗∗ 0.87∗∗∗

𝛾. Best 7-item Platform-specific Module 0.79∗∗∗ 0.77∗∗∗

Demographic Characteristics

a. Education 0.72∗∗∗ 0.71∗∗∗

b. Income 0.62∗∗∗ 0.63∗∗∗

c. Age −0.37∗∗∗ −0.29∗∗∗

d. Employment Status −0.46∗∗∗ −0.51∗∗∗

e. Gender −0.03 0.01
13
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