
Assessing eHealth literacy among internet users
in Lebanon: A cross-sectional study

Marco Bardus1,2 , Arda Keriabian3, Martine Elbejjani4 and Samar Al-Hajj3

Abstract

Objective: Assessing the level of eHealth literacy in a population is essential to designing appropriate public health inter-
ventions. This study aimed to assess eHealth literacy among adult internet users in Lebanon, recruited through social
media and printed materials. The study examined the relationship between internet use, perceived eHealth literacy, and
sociodemographic characteristics.

Methods: A cross-sectional study based on a web-based questionnaire was conducted between January and May 2020. The
survey assessed internet use and eHealth literacy using the homonymous scale (eHEALS) in English and Arabic. Cronbach’s
alpha and factor analyses were used to evaluate eHEALS’ psychometric properties. A generalized linear model was used to
identify factors predicting the eHEALS.

Results: A total of 2715 respondents were recruited mostly through Facebook (78%) and printed materials (17%). Most
respondents completed the survey in English (82%), were aged 30± 11 years, female (60%), Lebanese (84%), unmarried
(62%), employed (54%), and with a graduate-level education (53%). Those who completed the eHEALS questionnaire (n
= 2336) had a moderate eHealth literacy (M= 28.7, SD= 5.5). eHEALS was significantly higher among older females with
a high education level, recruited from Facebook, Instagram, or ResearchGate, and perceived the Internet as a useful and
important source of information.

Conclusions: Future internet-delivered public health campaigns in Lebanon should account for moderate-to-low levels of
eHealth literacy and find ways to engage older males with low education levels representing neglected segments (e.g.
Syrians). To be more inclusive, campaigns should reach neglected population segments through non-digital, community-
based outreach activities.
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Introduction

Internet as a source of health information

The active internet population is growing worldwide, rising
from 4.6 billion in January 20211 to 5 billion in April 2022,
reaching a 63% penetration rate.2 However, internet pene-
tration rates range widely, from 98% in Northern Europe
to 25% in central Africa3; the highest rates were recorded
in Denmark, the United Arab Emirates (UAE), and
Ireland (99%), followed by South Korea, the United
Kingdom, Switzerland, and Saudi Arabia (98%).4 In the
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Middle East, the average penetration rate in 2021 was 75%,
with the lowest rate recorded in Yemen (26%).5 These
figures demonstrate that internet access is yet to be univer-
sal, and the “digital divide”6 affects both developing and
developed countries.7 This discrepancy exacerbates exist-
ing health, and social inequalities, particularly that rich
and highly educated individuals can benefit from internet
resources.8–10 The internet is a common source of
health-related information globally11,12 and in the Arab
world.13–15 Research evidence consistently confirms that
individuals with access to online information are more
likely to have better health literacy,16,17 which translates
into better health outcomes.18–20 Examining the approaches
people adopt to access health information online is funda-
mental to expanding the reach and impact of internet-
delivered public health campaigns.10,21–25

eHealth literacy

Digital health interventions and campaigns assume that
users possess the ability to “seek, find, understand, and
appraise health information from electronic sources and
apply the knowledge gained to addressing or solving a
health problem,”26 a complex skillset that Norman and
Skinner26 called “eHealth literacy.” In 2006, Norman and
Skinner26 proposed a conceptual model of eHealth literacy,
metaphorically represented as a lily flower with six petals
representing as many types of skills, three analytical (func-
tional, media, and information literacies), and three context-
specific (scientific, health, and computer literacies). The
analytical skills can apply to any information-seeking
context, whereas the context-specific abilities cannot be
easily transferred to different domains.26 For example,
when searching for information online, one must know
how to read and write or type (functional literacy), learn
how to use the device to search (e.g. computer literacy),
know how to search and which databases to consult (infor-
mation literacy). Finally, one must appraise the information,
its quality, and sources (media literacy) and discern
amongst scientific data related to a specific health topic (sci-
entific and health literacies). The eHealth literacy model is
mainly conceptual as the outlined six skills are not easily
acquired.21,27,28 Some research demonstrated a close link
between health literacy and eHealth literacy,21,27 with the
latter being associated with improved health outcomes in
various digital health interventions.8,10 A recent scoping
review looking at the application of the eHealth literacy
model in digital interventions noted that eHealth literacy
and health literacy were the two most frequently assessed
domains of the Lily model.22 Understanding the level of
eHealth literacy is essential in developing public health
campaigns that are inclusive by design, practical, and
effective. For instance, knowing the level of eHealth liter-
acy allows campaign designers to adapt the content and
decide the best channel to deliver it.

Assessing eHealth literacy

The first tool designed to assess eHealth literacy is the hom-
onymous scale (“eHEALS”), created by Norman and
Skinner.29 Designed as a self-reported instrument, it is
intended to assess an individual’s perception of their
skills and knowledge about finding, appraising, and using
information online.29 The eHEALS consists of eight ques-
tions (see Table 4), chosen through an iterative scale devel-
opment process,29 to assess the perceived ability to seek,
find, understand, and appraise information online, closely
representing the Lily model.30 The eHEALS demonstrated
good reliability, showing good internal consistency
(Cronbach’s alpha= 0.88),29 which was consistently con-
firmed in many eHEALS studies done in different lan-
guages.31–36 However, the eHEALS was developed in
2006 when there were no social media sites, and the internet
looked much more static than it is today. In 2011, Norman37

admitted that the instrument needed some improvements and
updates. The items referred to the internet in generic terms,
not acknowledging that individuals might find information
through social networking sites. Between 2009 and 2014,
several other eHealth literacy assessments were developed to
overcome some eHEALS conceptual and methodological lim-
itations, according to existing systematic reviews.30,38 The
most recent study, by Lee et al.,30 identified six additional
instruments: the “eHealth literacy scale–extended”
(eHEALS-E),39 the “electronic health literacy scale”
(e-HLS),40 the “digital health literacy instrument” (DHLI),41

the “eHealth literacy assessment toolkit” (eHLA),42 the
“eHealth literacy questionnaire,” (eHLQ)43 and the “transac-
tional eHealth literacy instrument” (TeHLI).44 While some
instruments were based on the original eHEALS, many pro-
posed several new items that diverged from the original
eHealth literacy model. All new eHealth literacy assessment
tools provided evidence supporting their psychometric proper-
ties, but this was limited to the respective validation study.30

Most of the criticisms of the eHEALS revolve around its
factor structure. In the original eHEALS study,29 Norman
and Skinner29 used principal component analysis (PCA)
based on eigenvalues above 1. While the authors did not
report model fit indices, they identified a single factor
explaining 56% of the variance in the data, with factor load-
ings ranging from 0.60 to 0.84 across the eight items.
However, several studies questioned the validity of a
single-factor solution (e.g.33,35,45–48). For example,
Sudbury-Riley et al.45 and Brørs et al.,35 who tested the
eHEALS using confirmatory factor analyses (CFAs),
reported that a single-factor was not fitting the data as
well as a three-factor solution. The authors of these
studies argued that items 1–3 were assessing a latent
factor, “awareness of what health sources are available,”
that items 3–5 were expressing the latent factor “skills
and behaviors needed to access health resources,” and the
items 5–8 indicated a factor labeled “evaluation of health
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resources once accessed.”35,45 Similar findings were reported in
eHEALS studies employing exploratory factor analyses
(EFA),49,50 arguably deemed appropriate when testing translated
instruments and new populations (see eHEALS translations in
Hungarian,51 Polish,52 Serbian,36 Spanish,50 Korean,53

Chinese,49 and Arabic54). These studies supported the super-
iority of a multi-factor over a single-factor solution. Yet,
despite its criticisms and limitations, the eHEALS remains
the most frequently used instrument to assess eHealth literacy,
according to systematic reviews on the topic.30,38 A systematic
review of eHealth literacy interventions among older adults
found that the eHEALS was used in 16 of the 27 selected
studies (59%).55 Additionally, the eHEALS has been trans-
lated into 18 languages and validated across 26 countries,30

making it an ideal instrument for cross-cultural comparisons.

eHealth literacy assessment in the Middle East and
Arab World

The eHealth literacy research in the Middle East and the
Arab world is limited to affluent countries of the
Gulf-Cooperating Council (GCC),56 including Kuwait57

and Saudi Arabia,58–60 and Jordan.61 Most of these
studies used the eHEALS to assess eHealth literacy
among internet users,57 nursing students,60,61 and patients
living with diabetes58 and breast cancer,59 demonstrating
the instrument’s flexibility and convergent validity.
Recently, the eHEALS was validated in Arabic among a
sample of native speakers living in Sweden.54 However, to
our knowledge, no studies assessed eHealth literacy in
Lebanon, a country in the Eastern Mediterranean region
with a high internet penetration rate comparable to those of
the neighboring Jordan and GCC countries. As of January
2022, there were more than 6 million internet users (89%
penetration rate) and 5.1 million active social media users.62

In the last decade, the Lebanese Ministries of Public Health
and Telecommunications have invested in digital transform-
ation, establishing an eHealth unit, and fostering some pro-
grams and campaigns. Some preliminary evidence shows
that digital technologies could be used to facilitate access to
a heavily privatized public health infrastructure.63–65

Lebanon has recently become constrained by multiple eco-
nomic, financial, sociopolitical, and health crises hindering
livelihoods66 and making it difficult to manage the COVID-
19 outbreak that started in February 2020.67 In this context,
heavily characterized by high levels of COVID-19-related
misinformation on social media,68–70 factors such as educa-
tion, literacy, and social norms play a crucial role in respect-
ing COVID-19 guidelines.71 Understanding the level of
eHealth literacy in the Lebanese population is essential to
developing an adequate and efficient response to the pan-
demic and other public health issues.

This study aimed to (1) examine what health-related infor-
mation internet users residing in Lebanon seek and why; (2)
assess the level of eHealth literacy; and (3) determine which

demographic characteristics and Internet usage patterns were
associated with eHealth literacy. The results will allow us to
make recommendations for governmental and non-
governmental policy makers and designers of public health
campaigns in the country.

Materials and methods

Study design

A cross-sectional study was conducted using an anonym-
ous, web-based questionnaire. The study received ethical
approval from the Institutional Review Board (IRB) of
the American University of Beirut (AUB) (ref. number:
SBS-2019–0503; 27/12/2019).

Population and sample size

Participants were eligible if they were adults residing in
Lebanon and provided informed consent. Considering the exist-
ing 5 million internet users, of which four were social media
users,62,72 assuming a confidence level of 95% and a 5%
margin of error, the estimated minimum sample size was 385.

Recruitment strategy

Participants were recruited between January 27 and 5 May
2020, using digital and printed communication materials
distributed at two large university campuses, local
community-based health organizations, schools, and reli-
gious centers in Beirut. Printed materials included a QR
code linking to the web-based questionnaire. The study
was also advertised on Facebook with four paid posts in
February and April. One post included a screenshot representing
a Google search for “Coronavirus in Lebanon,” which attracted
much traffic. The link to the questionnaire was diffused on the
institution’s official Twitter, Facebook, and Instagram profiles,
and on our personal profiles on Twitter, Facebook, Instagram,
ResearchGate, and Linkedin. Participation was entirely volun-
tary, and no incentives were provided. Participants could skip
any questions or quit the survey at any time.

Questionnaire

The questionnaire was created using LimeSurvey73 and was
available in English and Arabic. It collected data on partici-
pants’ demographics (age, gender, nationality, marital
status, employment, education); internet use (i.e. number
of hours spent online per day); the types of information
sought, and reasons for seeking information (multiple-
choice questions)57; perceived usefulness and perceived
importance of the internet as a source of health information
(5-point scales: not useful/beneficial; not important/very
important)57,61; the eHEALS,29 entailing a battery of eight
5-point Likert-type items (1, strongly disagrees and 5,
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strongly agree), showing excellent internal consistency
(Cronbach’s alpha= 0.88).29 Since the eHEALS was not
yet translated into Arabic in late 2019 when this study
was designed, the version used in the Kuwaiti study57

was adapted to the Lebanese Arabic variety and piloted to
test comprehension and language appropriateness.

Data analyses

Data collected from LimeSurvey was exported into Excel,
cleaned, and prepared for the analyses completed in JASP.74

Descriptive statistics summarized demographic characteristics,
types, and reasons for seeking health information online, per-
ceived internet usefulness and importance, and the eHEALS
items. Once the psychometric properties were verified, a
total eHEALS score was computed by summing all eight
items (range: 8–40), the median point of 26 being the thresh-
old for high literacy as reported in various eHEALS
studies,57,61,75 including the recent Arabic validation.54

As web-based surveys inevitably generate missing
outcome data, missing value analyses were conducted on
the eHEALS items and scale. We created a binary variable
to distinguish between those respondents who answered all
eight items of the eHEALS and those who completed less
than that eight items. Sensitivity analyses were conducted
to compare those who completed all eHEALS items to
those who did not. Bivariate associations were explored
using Chi-square, t-tests, ANOVAs, and Pearson’s r.

As this was the first study to employ eHEALS in
Lebanon, its psychometric properties were tested by exam-
ining its internal consistency and factor structure. Internal
consistency was examined using Cronbach’s alpha,76

whereas its factor structure was examined through explora-
tory (EFA) and CFAs,77,78 following other similar eHEALS
studies.49,50 While CFA is generally performed with estab-
lished instruments, EFA is deemed appropriate when
testing tools with new populations. Furthermore, EFA
allows testing the adequacy of the sample using the
Kaiser-Meyer-Olkin index (> 0.80) and of the data structure
(i.e. significant Bartlett’s test of sphericity).77 Using a
varimax rotation, EFA was used to establish the optimal
factor structure based on eigenvalues above 1.36 The goodness
of fit of EFA models was based on the Chi-square test (p<
0.001), the Tucker-Lewis index (TLI>0.95), and the root
mean square error of approximation (RMSEA<0.07, p<
0.05). The Bayesian information criterion (BIC) was performed
to define model performance. The goodness of fit of CFA
models was based on the Chi-square test, TLI, RMSEA, the
comparative fit Index (CFI>0.95), and the standardized root
mean square residual (SRMR<0.05).79,80 Models were com-
pared according to the Akaike Information Criterion (AIC)
and BIC (the smaller values, the better).35,81 Modification
indices were inspected to identify sources of poor fit.

A generalized linear model employing a Gaussian distri-
bution and an identity link function with robust standard

errors82,83 was used to estimate eHEALS based on all socio-
demographic variables, internet use, and perceived useful-
ness, importance, and the number of reasons for seeking
health information.

Results

Sample characteristics

A total of 3904 internet users accessed the survey during the
recruitment window. Of these, 191 were ineligible, 35 did not
consent, and 963 consented but failed to complete the survey.
The remaining 2715 provided informed consent and completed
the questionnaire. Table 1 summarizes the sociodemographic
profile and internet usage characteristics of the sample.

Most participants were recruited through Facebook
(78%) and printed materials (17%), scanning the QR code
or typing the shortened links. Most participants chose to
complete the survey in English (82%). Respondents were
aged 30± 11 years, primarily female (60%), Lebanese
(84%), unmarried (62%), employed (54%), and with a
graduate education level (53%). Most respondents used
the Internet for more than 3 h/day (67%). The perceived
usefulness and the perceived importance of the internet
were high (average four out of five points), and participants
reported 3± 2 reasons (range 0–10) for using the internet to
seek health information.

Chi-square tests, t-tests, and ANOVA tests showed
bivariate associations among sociodemographic factors.
For instance, respondents recruited through Facebook (n
= 2124) were more likely to complete the survey in
Arabic (p < 0.001), be males (p= 0.047), Syrian (p <
0.001), married (p< 0.001), and use the internet for more
than 5 h/day (p= 0.004). Participants who completed the
survey in Arabic (n= 491) were significantly older (p=
0.019) and more likely to be males (p < 0.001), Syrian (p
< 0.001), married (p < 0.001), unemployed (p= 0.016),
with an undergraduate or high-school level of education
(p < 0.001), and perceived the internet as a less important
source of health information (p < 0.001) compared to
those who completed the survey in English.

Compared to their female counterparts, male respon-
dents were more likely to be Syrian (p < 0.001), unmarried
(p= 0.007), have the lowest education level (p< 0.001);
they were more likely to use the internet for more than
5 h/day (p= 0.039), finding it less useful (p= 0.016), and
less important (p < 0.001), and reporting fewer reasons for
seeking health information (p < 0.001).

Syrian respondents, compared to the other nationalities,
were more likely to be younger (p= 0.025), married (p=
0.001), unemployed (p< 0.001), and with the lowest
levels of education (p < 0.001); they also perceived the
internet as less useful (p= 0.011) and important and
reported fewer reasons for using it to seek health informa-
tion (both p< 0.001).
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Table 1. Characteristics of the total sample and eHEALS completers and non-completers.

eHEALS completers
n= 2336

eHEALS non-completers
n= 379

Total sample
n= 2715 p-valuea

Recruitment channel, n (%) 0.097

Printed 418 (17.9) 49 (12.9) 467 (17.2)

Facebook 1809 (77.4) 315 (83.1) 2124 (78.2)

Twitter 28 (1.2) 2 (0.5) 30 (1.1)

Instagram 55 (2.4) 8 (2.1) 63 (2.3)

LinkedIn 4 (0.2) 0 (0.0) 4 (0.15)

Google 6 (0.3) 0 (0.0) 6 (0.2)

ResearchGate 16 (0.7) 5 (1.3) 21 (0.8)

Language of survey, n (%) 0.051

Arabic 436 (18.7) 55 (14.5) 491 (18.1)

English 1900 (81.3) 324 (85.5) 2224 (81.9)

Age, M (SD) [18–83] 30.42 (10.51) 28.21 (10.35) 30.11 (10.51) <0.001

Gender, n (%) 0.008

Male 881 (37.7) 171 (45.1) 1052 (38.7)

Female 1424 (60.9) 200 (52.8) 1624 (59.8)

Not specified/no answer 31 (1.3) 8 (2.1) 39 (1.4)

Nationality, n (%) 0.071

Lebanese 1948 (83.4) 324 (85.5) 2272 (83.7)

Syrian 187 (8.0) 19 (5.0) 206 (7.6)

Palestinian/other 191 (8.2) 32 (8.4) 223 (8.2)

Not specified/no answer 10 (0.4) 4 (1.1) 14 (0.5)

Marital status, n (%) 0.003

Single 1431 (61.3) 263 (69.4) 1694 (62.4)

Married/divorced/widowed 893 (38.2) 110 (29.0) 1003 (36.9)

Not specified/no answer 12 (0.5) 6 (1.6) 18 (0.7)

Employment status, n (%) <0.001

Unemployed 1016 (43.5) 204 (53.8) 1220 (44.9)

(continued)
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Married individuals, compared to unmarried, were more
likely to be employed and have the highest level of education
(both p<0.001); they used the internet fewer hours per day
(p<0.001) and provided fewer reasons to use it for health infor-
mation (p=0.008) despite finding it more useful (p<0.001).

Employed respondents were more likely to be older (p <
0.001), have the highest level of education (p< 0.001), use
the internet for fewer hours per day (p < 0.001), but per-
ceive it more useful (p= 0.003) and important (p < 0.001)
than unemployed counterparts.

Respondents with the highest level of education (gradu-
ate) were significantly older (p < 0.001) and more likely to
use the internet for fewer hours per day (p< 0.001), despite
finding it more useful (p= 0.011) and an important source
of information (p < 0001) and providing a higher number
of reasons for seeking health information (p < 0.001) com-
pared to respondents with undergraduate or high-school
levels of education.

Respondents who used the internet for more than 5 h/day
were significantly younger than the other categories, per-
ceived it more important than those who used it for less
time, and reported more reasons for using it (all p < 0.001).

Finally, age was positively related to perceived internet
importance (r= 0.08, p< 0.001) and negatively related to
the number of reasons (r=−0.04, p= 0.043). Perceived
internet usefulness was positively related to importance (r
= 0.433, p < 0.001) and to the number of reasons (r=
0.21, p < 0.001). Perceived importance was also positively
associated with the number of reasons (r= 0.27, p < 0.001).

Online health information seeking

Table 2 summarizes the reasons for seeking health informa-
tion and the type of information sought among those who
responded to the related questions. The table represents
the number of selections as this was a multiple-choice

Table 1. Continued.

eHEALS completers
n= 2336

eHEALS non-completers
n= 379

Total sample
n= 2715 p-valuea

Employed 1308 (56.0) 171 (45.1) 1479 (54.5)

Not specified/no answer 12 (0.5) 4 (1.1) 16 (0.6)

Education, n (%) <0.001

High school or less 380 (16.3) 74 (19.5) 454 (16.7)

Undergraduate level 689 (29.5) 122 (32.2) 811 (29.9)

Graduate level or PhD 1258 (53.9) 176 (46.4) 1434 (52.9)

Not specified/no answer 9 (0.4) 7 (1.8) 16 (0.6)

Internet use, n (%) 0.198

Less than 1 h/day 51 (2.2) 3 (0.8) 54 (2.0)

1–3 h/day 571 (24.4) 57 (15.0) 628 (23.1)

3–5 h/day 778 (33.3) 61 (16.1) 839 (30.9)

More than 5 h/day 924 (39.6) 62 (16.4) 986 (36.3)

Not specified/no answer 12 (0.5) 196 (51.7) 208 (7.7)

Perceived internet usefulness,
M (SD) [1–5= very useful]

3.79 (0.79) 3.54 (0.92) 3.77 (0.80) <0.001

Perceived internet importance,
M (SD) [1–5= very important]

4.13 (0.78) 3.86 (0.84) 4.11 (0.78) <0.001

No. of reasons for seeking information online, M (SD) [0–10] 3.41 (2.13) 2.41 (1.91) 3.34 (2.13) <0.001

Note: ap-value for an independent sample t-test or Chi-square test comparing completers with non-completers.
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question. Respondents indicated 3± 2 reasons for 10 pos-
sible options. Most of the sample wanted to gain more
knowledge (63%) or were curious (48%) about a health
topic, including a disease (78%), a treatment (60%), or a
medication (53%).

eHealth literacy assessment

Of the 2715 respondents, 2336 (86%) completed all eight
items of the eHEALS (further referred to as “eHEALS com-
pleters”), 32 respondents answered 7/8 items (1%), 11
answered between six and one items (0.4%), and 366
(12%) did not complete any item (“eHEALS non-
completers”). Due to the small proportion of those that

provided incomplete eHEALS data, we grouped them
under “non-completers.” As Table 1 shows, eHealth com-
pleters were significantly older (p < 0.001), more likely to
be female (p = 0.008), married (p = 0.003), employed
(p < 0.001), and with a graduate education level (p <
0.001) than non-completers. Additionally, completers per-
ceived the internet as more useful and important, reporting
more reasons for using it than non-completers (p < 0.001).

Internal consistency. The eHEALS descriptive statistics are
presented in Table 3. Cronbach’s alpha was 0.892 (95% CI:
0.885–0.899), and the average inter-item correlation was
0.516 (95% CI: 0.496–0.536), suggesting excellent internal
consistency.

Table 2. Reasons for seeking information online and type of information sought (n= 2515).

n (%)a,b % of cases (n= 2515)

Reasons for seeking health information online

To gain more knowledge 1702 (20.3) 62.6

Out of interest and curiosity 1289 (15.4) 47.5

To find more information 1162 (13.8) 42.8

To manage my health more effectively 1012 (12.1) 37.2

To clarify the information provided by a health professional 923 (11.0) 34.0

To look for alternative or additional treatment options 717 (8.5) 26.4

To verify the information discussed with a health professional after the visit 642 (7.7) 23.6

Insufficient information from a health professional during the consultation 376 (4.5) 13.8

Limited time with a health professional during the consultation 325 (3.9) 12.0

Disagree with a health professional’s advice 244 (2.9) 9.0

Types of health-related information sought

A disease or a health problem 2109 (25.6) 77.7

A treatment or a medical procedure 1641 (20.0) 60.4

Drugs/medication 1443 (17.5) 53.1

Nutrition, diet, or nutritional supplements 1314 (16.0) 48.3

Sports, aerobics, and physical exercise 1008 (12.3) 37.1

A specific doctor or a hospital 512 (6.2) 18.9

Online support groups 197 (2.4) 7.3

Note: aPercentages are based on the number of answers, not cases, as this was a multiple-choice question.
bp-value for an independent sample t-test or Chi-square test comparing completers with non-completers.
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Exploratory factor analyses. Bartlett’s test of sphericity was
significant, and the KMO was 0.894, supporting the sam-
pling and data structure adequacy. The fit indices of the
tested models are reported in Table 4. A single factor
(Model 1) produced factor loadings above 0.4, explaining
about 52% of the variance in the data. However, the
model did not fit the data well, with TLI and RMSEA sug-
gesting a poor fit. A parallel EFA showed that a three-factor
solution (Model 2) fitted the data better and explained 62%
of the total variance. Overall, the factor loadings (see
Table 5) suggested good correlations between the items
and their respective latent factors. The first three items iden-
tified a latent factor that could be defined as “Awareness
skills” about what, where, and how to find information;
items 4 and 5 would indicate “Applied knowledge skills,”
which would put the information to use; items 6–8 would
mean “Evaluation skills,” needed to appraise the informa-
tion and make decisions. Notably, item 3 (“I know how
to find helpful health resources on the Internet”) displayed
a coefficient above 0.43 cross-loading on latent factors 1
and 3. This is plausible in the context of EFA and could
be interpreted as a linkage between “Awareness” and
“Applied knowledge” skills that pertain to eHealth literacy.

Confirmatory factor analyses. Similarly, a single factor CFA
model showed a moderate fit (Table 4, Model 3), explaining
about 42% of the variance in the data. Inspecting the modi-
fication indices showed potential covariances among items
1–3, signifying a possible separate factor. A CFA based on
the three factors identified in Model 2 showed an improved
fit (Model 4). Nevertheless, modification indices indicated

cross-loadings of item 3 on factors 1 and 2 and other
intra-item covariances. Since cross-loadings are not permit-
ted in a strict CFA framework, plausible covariances
between items explaining the same latent factor were
added (items 1–3 and 6–7). The modified Model 5
showed a good fit, with factor loadings above 0.63 and
explaining about 60% of the variance in the data. The
model had one latent factor with items 1–3, a second
factor with items 4 and 5, and a third latent factor comprising
items 6–8. An alternative 3-factor model derived from the lit-
erature35,45,81 was tested. This model had items 1 and 2 repre-
senting “Awareness,” items 3–5 “Applied Knowledge,” and
items 6–8 “Evaluation” (Model 6). However, all fit indices
indicated that this model fitted the data worse than Model 4,
which was based on a well-fitting EFA Model 2, and worse
than Model 5 (CFI and TLI were smaller than our model;
SRMR, RMSEA, AIC, and BIC were larger than our model).

Factors associated with eHealth literacy

Once the psychometric properties of eHEALS were ascer-
tained, the mean total score across the sample was 28.8
(SD= 5.5), corresponding to a 3.6 (SD= 0.69) on a
5-point scale, suggesting a moderate level of perceived
eHealth literacy. Based on the median cut-off point, 1752
participants were classified as having a high level of
eHealth literacy (1752/2336, 75%).

Bivariate analyses showed that eHEALS was signifi-
cantly lower among participants who responded to printed
materials compared to Facebook (p= 0.013) and
ResearchGate (p < 0.001); respondents recruited through

Table 3. eHealth literacy scale (eHEALS) – n= 2336.

eHEALS items Mean (SD)
Cronbach’s alpha
if item dropped

1. I know what health resources are available on the Internet 3.43 (0.89) 0.879

2. I know where to find helpful health resources on the Internet 3.56 (0.93) 0.872

3. I know how to find helpful health resources on the Internet 3.69 (0.88) 0.869

4. I know how to use the Internet to answer my questions about health 3.88 (0.80) 0.878

5. I know how to use the health information I find on the Internet to help me 3.82 (0.79) 0.878

6. I have the skills I need to evaluate the health resources I find on the Internet 3.59 (0.97) 0.880

7. I can tell high-quality health resources from low-quality health resources on the Internet 3.67 (0.99) 0.885

8. I feel confident in using information from the Internet to make health decisions 3.16 (1.01) 0.888

Total score (sum score) 28.79 (5.51)

Mean score 3.60 (0.69)
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ResearchGate had significantly higher eHEALS than those
recruited from Facebook (p= 0.007). eHEALS was higher
among those who completed the survey in English (p<
0.001), female, Lebanese, highly educated, employed,
who perceived the internet as useful and important, and
reported a high number of reasons for seeking information
online (all p < 0.001).

A multivariable generalized linear model predicting
eHEALS showed a good fit with the data (−2LL=
52298.57, df= 2277, p < 0.001). The estimated effects on
eHEALS are represented in the forest plot in Figure 1.
The data showed that eHEALS was higher among partici-
pants recruited through Facebook and ResearchGate (p<
0.001), and Instagram (p= 0.034). The eHEALS was
higher among young (p= 0.005), females (p= 0.033),
with a graduate-level of education, compared to under-
graduate level (p= 0.030) or high school or less (p=
0.001); eHEALS was also higher among those who rated
the internet as a useful (p < 0.001) and important source
of information (p<0.001). For example, holding constant
recruitment channel, age, gender, and education level, a
one-unit increase in the perceived internet usefulness or
importance scales would translate into an increase of 2.5
points or 1.2 points in eHEALS, respectively. Considering
the estimated marginal means (EMM), averaged across
nationality, marital status, employment, and internet use, a
female respondent with a graduate level of education who
was recruited through ResearchGate scored 7.4 points higher
on the eHEALS (EMM= 33.5; 95% CI: 31.0–35.9) than a
male with a high school level of education, recruited
through printed materials, who completed the survey in
Arabic (EMM=27.2; 95% CI: 26.5–27.9).

The data portray a complex inter-relationship between
eHEALS, sociodemographic variables, perceived internet use-
fulness, and recruitment channels. Since the last three vari-
ables were related to the level of education, we can assume
that eHEALS is mainly determined by three sociodemographic

factors: age, education, and gender. Figure 2 visually repre-
sents the relationship between eHEALS and age by gender
and education level. Among respondents with the highest level
of education, eHEALS was high among young females and
appeared constant over time, while it declined among males.
This diverging trend between males and females was more
emphasized among those with an undergraduate level of edu-
cation. Finally, among participants with the lowest level of
education, eHEALS remained constant across age but
declined more among female individuals.

Discussion

Online information seeking

To the best of our knowledge, this is the first cross-sectional
study that assessed health information-seeking, eHealth lit-
eracy, and its associated factors among a large sample (n=
2715) of internet users in Lebanon. Compared to the esti-
mated population aged 15 and above (4.3 million),84 the
average age of the recruited sample (30.1 years) was
slightly lower than the estimated country average of 33.7
years (33.1 for males, 34.4 for females).84 The male–
female ratio in the sample (0.65) was lower than the esti-
mated one for the country (1.00).84 The sample included
a proportion of females (60%) higher than the country’s
population (50%)84 and the active internet population
(44%).62 Nevertheless, the proportion of females is compar-
able to other eHEALS studies conducted among similar
populations in the Middle East57,58 and Europe.50,52

Our findings showed that most respondents use the internet
to learn more about a disease or a treatment, similar to what
was reported in the Kuwaiti study.57 This evidence reaffirms
that the internet is a preferred source of health-related informa-
tion globally and in the Middle East.11,13–15 Even though the
questionnaire did not explicitly ask about what specific
disease-related information users sought, the concurrent

Table 4. Model fit indices of EFAs and CFAs completed (n= 2336).

Model χ² (df) CFI TLI SRMR RMSEA (90% CI) AIC BIC

1. EFA single factor 1039.56** (20) 0.854 0.148 (0.140–0.155) 884.43

2. EFA three factor 54.54**(7) 0.981 0.054 (0.041–0.068) 0.24

3. CFA single factor 1067.84** (20) 0.895 0.853 0.051 0.148 (0.141–0.156) 44927.91 45066.50

4. CFA three factors as identified in Model 2 298.56** (17) 0.972 0.953 0.027 0.083 (0.075–0.092) 40419.52 40575.43

5. CFA three factors with modifications 141.28** (15) 0.988 0.986 0.019 0.047 (0.039–0.054) 40266.25 40433.71

6. CFA three factors from the literature 628.50** (17) 0.939 0.899 0.040 0.123 (0.115–0.131) 40749.46 40905.37

Note: CFI: comparative fit index; TLI: Tucker-Lewis index; SRMR: standardized root mean square residual; RMSEA: root mean square error of approximation;
AIC: Akaike information criterion. BIC: Bayesian Information Criterion.
* p < 0.05, **p < 0.001.
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COVID-19 outbreak in Lebanon might have increased the
number of users reporting seeking disease and treatment-related
information.Moreover, the multiple reasons for searching online
were significantly higher among users who completed the
eHEALS, suggesting that eHEALS completers were avid
health information seekers. Furthermore, most respondents per-
ceived the Internet as a beneficial and essential source of health
information, consistent with the global eHealth literacy litera-
ture.26,37 While these results are encouraging, considering the
proliferation of COVID-19-related misinformation and disinfor-
mation on social media,68,69 future studies should investigate the
role of COVID-19 literacy, a context-specific competence,
according to the Lily model,26 whose level and adequacy have
been questioned even among experts.85

eHealth literacy assessment

In our study, the eHEALS demonstrated good psychometric
properties showing an excellent internal consistency, in line
with the original eHEALS study,29 the Kuwaiti,57 the recent
Arabic validation study,54 and other eHEALS translation
studies.31–36 These findings support the usefulness of the
eHEALS for cross-cultural comparisons. The instrument
can be adopted and easily deployed by organizations in
the Middle East or other parts of the world to conduct for-
mative or summative research in digital health interventions.

The eHEALS is a short instrument providing a quick yet reli-
able way to assess perceived eHealth literacy. Assessing
eHealth literacy should be a prerequisite for developing
digital health interventions, whether these are aimed to
enhance eHealth literacy or to influence other types of liter-
acies.22 Future studies could investigate potential differences
between countries that share similar cultural traits, but this
was beyond the scope of this study.

Even though the eHEALS is a reliable instrument, the
validity of the original single-factor solution remains ques-
tionable. Our study proved that a three-factor solution fitted
the data better than a single-factor one. This is consistent
with numerous studies evaluating the eHEALS through
CFAs33,35,45–48,57 and EFAs36,4.9,50,52,53 A three-factor
solution fitted the data well also in the Kuwaiti study,
which recruited a very similar sample of internet users
and used CFAs to test the eHEALS but did not report the
tested factorial structure configuration.57 In our study, we
identified three latent factors that we called “Awareness,”
“Applied knowledge,” and “Evaluation” in agreement with
the labels used in similar studies (i.e. “Awareness,” “Skills,”
and “Evaluation”).35,45,81 We believe “Applied knowledge”
provides a better definition of the latent factor than skills, as
the items are supposed to measure the perceived skills
needed to seek, understand, and appraise information online,
which matches the original definition of eHealth literacy.26

Table 5. Factor loadings were obtained through EFA and CFA models (n= 2336).

EFA CFA

Model 1
Model 2 Model 5

eHEALS items F1 F1 F2 F3 F1 F2 F3

1. I know what health resources are available on the Internet 0.73 0.62 0.31 0.28 0.72

2. I know where to find helpful health resources on the Internet 0.83 0.87 0.27 0.25 0.79

3. I know how to find helpful health resources on the Internet 0.86 0.68 0.30 0.43a 0.81

4. I know how to use the Internet to answer my questions about health 0.73 0.36 0.28 0.67 0.65

5. I know how to use the health information I find on the Internet to help me 0.70 0.28 0.36 0.66 0.63

6. I have the skills I need to evaluate the health resources I find on the Internet 0.65 0.23 0.74 0.31 0.71

7. I can tell high-quality health resources from low-quality health resources
on the Internet

0.63 0.33 0.58 0.23 0.65

8. I feel confident in using information from the Internet to make health
decisions

0.59 0.25 0.43 0.38 0.67

Explained variance % (cumulative) 51.8 25.4 45.7 62.3 56.2 65.0 60.1

Note: aCross-loading.
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Similar to Sudbury-Riley et al.45 and Brørs et al.,35 we
found some cross-loadings or correlations between item 3
(“I know how to find helpful health resources on the
Internet”), which was loading on “Awareness” and
“Skills,” and item 5 (“I know how to use the health informa-
tion I find on the Internet to help me”), which loaded on
both “Skills” and “Evaluation.”35,45 Since cross-loadings
are not accepted in a strict CFA framework,77,78

Sudbury-Riley et al.,45 and Brørs et al.35 provided a
model with items 1 and 2 loading on “Awareness,” items
3–5 loading on “Skills,” and items 6–8 loading on
“Evaluation.”35,45,81 This same configuration proposed by
the literature was tested (see Model 6), but the model did
not fit the data well compared to the one emerging from the
EFA (Model 2), with items 1–3 loading on “Awareness,”
items 4 and 5 loading on “Applied Knowledge,” and items
6–8 loading on “Evaluation.” These nuances may be due to
the different sample sizes and characteristics of the popula-
tions recruited (i.e. 1695 Norwegian patients with cardiovas-
cular problems,35 484 Korean registered nurses,81 and 996
baby boomers45). Future studies should investigate different
latent factor configurations among larger samples, perhaps
by pooling the data together from multiple studies, as done
in other contexts (e.g. psychometric evaluation of the
Mobile App Rating Scale86). This would allow generalizing
the eHEALS and clarifying whether a multiple-factor solution
is appropriate across different countries, cultural contexts, and
sociodemographic groups.

The level of perceived eHealth literacy reported in our
study was moderate (mean eHEALS= 28.8, SD= 5.5,
range: 8–40), but if we consider the median cutoff point
in the eHEALS as reported in the literature,57,61,75 three-
quarters of our sample demonstrated a high level of per-
ceived eHealth literacy. This figure is similar to those
reported in other eHEALS studies, comprising the
Kuwaiti study targeting adult internet users (28.9),57 the
Hungarian eHEALS (29.2),51 involving a majority of edu-
cated female users recruited from an online panel, and
Jordanian nursing students (28.6).57,61 These findings cor-
roborate the validity of the eHEALS as a tool to compare
perceived eHealth literacy across different countries, even
outside the Middle East.29 These results are encouraging
as eHealth literacy might reduce the impact of
COVID-19-related misinformation on the various social
media channels,68–70 which characterizes the ongoing pan-
demic. However, these results need to be interpreted with
caution, as they cannot be generalizable to the entire popu-
lation living in the country where these surveys were con-
ducted, but only to those with similar characteristics, as
discussed in the following paragraph.

Factors associated with eHealth literacy

Despite the small sample size for some recruitment chan-
nels, there was an apparent pattern that recruitment chan-
nels beyond Facebook had higher levels of eHealth

Figure 1. Forest plot of the multivariate model investigating the association with eHealth literacy using the homonymous scale
(eHEALS) (n= 2299).
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literacy. Participants recruited through ResearchGate had
significantly higher eHEALS than those recruited through
printed materials and Facebook; this is an expected
finding given that ResearchGate is a niche scholarly collab-
oration platform.87 A similar trend was observed for other
channels (Twitter, Instagram, and LinkedIn). Nonetheless,
Facebook was the principal recruitment channel, and the
sample distribution across age and gender resembled the
distribution of the active user population in Lebanon at
the time of the study. Facebook recruited participants
were more likely to be male, older, and less educated than
their female counterparts. Also, participants recruited
from this channel tended to have higher eHEALS than
those recruited from printed materials. Similar findings
were reported in a recent cross-sectional study assessing
cancer prevention practices in Lebanon, recruiting partici-
pants through Facebook ads and community outreach
through inpatient clinics.88 The authors reported that
knowledge about cancer-preventive behaviors (a proxy of
health literacy) was much higher among the internet
sample compared to the community one and among young
and educated individuals.88 These findings suggest that recruit-
ing research participants through Facebook may produce large
samples due to its broad reach. While these samples may
represent the active internet population, some implicit selection
bias toward young generations (e.g. 16–24 and 25–34) cannot
be excluded.89 However, health-related research projects seem
to attract older women with high socioeconomic status (i.e.
higher levels of education in employment). Researchers
should oversample younger segments of the active internet
population, finding creative strategies or using financial incen-
tives to attract and retain males of lower socioeconomic status.

In this study, younger males, unmarried, unemployed,
with a low education level, who perceived the internet as

less useful and important, were less likely to complete the
eHEALS items (we called them “non-completers”), which
means they dropped out of the survey. This is not surprising
as females’ participation in web-based surveys is consid-
ered a well-established sociological phenomenon.90–92 We
cannot know what level of eHEALS the non-completers
might have. Still, we can safely assume that it is likely
low due to gender, age, and education differences detected
in the analyzed sample.

This study showed higher levels of eHEALS among
younger females with a high level of education than their
male counterparts. Other eHEALS studies reported significant
associations between eHealth literacy and age,34,51,59,93

gender,57,94 and education.8,41,59,61 Age, gender, and educa-
tion are consistently reported as major social determinants of
the health and health literacy.9 Gender was an essential dis-
criminant factor of eHealth literacy in the Kuwaiti study57

and studies outside the Middle East, such as Serbia,36

Korea,95 and Japan.96 In Figure 2, we attempted to visually
represent the complex relationship between eHEALS age,
gender, and education; future studies should examine the
potential interactions between these factors. Most importantly,
longitudinal studies must examine whether perceived eHealth
literacy changes over the life course.

In our study, we did not observe a direct relationship
between eHEALS and internet use (expressed in terms of
hours spent online per week) as reported in some litera-
ture.97 This finding might be explained by the fact that
we recruited a relatively homogeneous sample of indivi-
duals who used the internet for many hours a day.
However, we observed a positive bivariate association
between using the internet for more than 5 h/day and the
perceived importance of the internet, which was in turn
related to its perceived usefulness. Additionally, perceived

Figure 2. Scatterplot of the relationship between eHealth literacy using the homonymous scale (eHEALS) and age by education and
gender.
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internet usefulness and importance were both significantly
associated with eHEALS. This finding is consistent with
those reported in the studies conducted in Kuwait and
Jordan,57,61 Australia,27,75 and China,98 which all identified
a positive association between eHEALS and the perceived
internet usefulness. Suppose eHEALS is high among
those who perceive the internet as a valuable and essential
source of information. In that case, one can argue that these
users will likely utilize the platform more than others, but
perhaps not in terms of hours spent online. It might be
because of their elevated information-seeking skills that
these users use the internet more efficiently. Future
studies should investigate the mediating and moderating
role of internet use and perceived usefulness and import-
ance as cognitive predictors of eHEALS.

Strengths and Limitations

This is the first study comprehensively assessing eHealth
literacy among internet users in Lebanon. A unique strength
of this study is the large sample size obtained through an effi-
cient recruitment strategy, which leveraged Facebook advertis-
ing features during the first COVID-19 lockdown in Lebanon.
We recruited more than 2700 respondents, which is a much
larger sample compared to the other similar regional studies
(Jordan: 541 nursing students, recruited through two univer-
sities61; Kuwait: 386 adults recruited through web advertise-
ments57; Saudi Arabia: 120 diabetic patients from outpatient
clinics of two large hospitals58), and compared to all other
eHEALS studies in general. The sample size allowed us to
use advanced statistical methods that enhance the value of
our findings that can be generalized among internet users
who are active on social media in Lebanon.

Despite the large sample size and data quality, we must
acknowledge some limitations common to web-based
surveys based on convenience sampling. Limitations
include self-selection and response biases. While participa-
tion was open to any adult living in Lebanon, the sample
had most Facebook-recruited, English-speaking, young,
female respondents who also had high levels of education.
As age, gender, and education were related to the primary
study outcome, eHEALS, we could thus expect lower
eHealth literacy in a more representative sample and more
differences in gender and subgroups with low socio-
economic status and limited Internet resources. Future
studies should aim to recruit participants using different
strategies to include hard-to-reach population segments.

Another limitation pertains to the eHEALS, which pro-
vides a measure of perceived rather than actual eHealth lit-
eracy. Future studies should compare the eHEALS to
instruments assessing fundamental eHealth literacy skills
through observed knowledge or performance tests as pro-
posed by van der Vaart et al.99 Furthermore, the instrument
measures “internet skills” without distinguishing among
different sources of information such as blogs, official

websites, or social networking sites. This limitation is not
new,37 and several instruments have tried to overcome it;
however, their applicability remains limited.30 Future
studies should investigate whether the sources of informa-
tion might play a moderating role in eHealth literacy.

Conclusions
Higher levels of eHealth literacy were recorded among
young, highly educated female Internet users in Lebanon.
Organizations responsible for publishing health-related
content and undertaking public health campaigns and
digital interventions may assume that many individuals
reached through social media might understand the scope
and find helpful information to prevent or self-manage a
disease or a chronic condition. As a moderate to high liter-
acy level can be assumed, most users might not find it dif-
ficult to process the information currently available.

However, the observed differences in eHEALS based on
recruitment channel, age, gender, education, and perceived
internet usefulness and importance suggest that public
health campaigns should be designed to segment the popu-
lation according to these dimensions.

Government and healthcare organizations should
develop tailored and targeted health information that accounts
for low eHealth literacy. Alternative communication channels
should be used concurrently to reach younger males with
limited eHealth literacy as they lack confidence on the
Internet as a valuable source of information. Campaigns
should strive to find different ways to get relevant yet neglected
segments of the population that lack internet access through
non-digital, community-based outreach activities.
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