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Abstract

Objectives This study aimed to identify which are the socio-demographic factors that can describe health information
users’ profiles in Europe and assess which are the factors distinguishing users and non-users and their association with the
use of health-related online information.

Methods Data from the Flash Eurobarometer No. 404 (2014) was analysed through a multilevel logistic regression model
and a propensity score matching.

Results There were significant differences in the use of the Internet for health information according to gender, age,
education, long-term illness and health-related knowledge. Thus, some digital divides persisted in the use of health
information online. Results showed that a poor health status was associated with a higher use of the Internet for health
purposes only for people having chronic conditions.

Conclusions Findings show a need to increase people’s eHealth literacy, especially for males over 45 years old not
suffering from a long-term illness. In order to limit the misuse of poor or untrustworthy health information that might
contribute to higher health disparities, special interest should be focused on population socio-demographic characteristics.

Keywords Internet - eHealth literacy - Health information - Digital divide - Europe

Introduction

Information and communications technologies (ICTs) have
become widely available to the European population, in
terms of both accessibility and cost (Eurostat 2018). In the
28 country members of the European Union (EU-28),
households with Internet access rose to 87% in the year
2017, approximately 32 percentage points higher than in
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2007. The increase in ICT accessibility has especially
impacted on the EU-28 population aged between 16 and
74 years. A 85% of this age group reported the use of any
ICT tool at least once within the previous 3 months
(Eurostat 2018). ICTs are changing the way we acquire and
share knowledge, including about health and illnesses.
Hence, the Internet is increasingly becoming the first
source of information, especially with regard to diseases
(Hesse et al. 2010). The Flash Eurobarometer No. 404,
which was carried out in the EU-28 in 2014 to investigate
how the Internet is used to manage health, showed that
75% of European citizens considered the Internet as a good
tool for finding health information (TNS Political and
Social 2014). However, recent studies have demonstrated
that 40-50% of web pages related to common diseases
contained misinformation (Bratu 2018; Waszak et al. 2018;
Allcott et al. 2019). Furthermore, social media are largely
contributing to diffuse fake news on many health topics
(Chou et al. 2018). Since 2015, the European Commission
is working to implement a clear, comprehensive and broad
set of actions to tackle the spread and impact of online
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misinformation in Europe, thus protecting EU citizens’
health (European Commission 2019).

The use of ICT, and in particular the Internet, presents
both great opportunities and dangers in terms of informa-
tion seeking that can affect population health. Every day,
anybody can find online a great amount of health-related
information concerning health habits, social determinants
of health, specific diseases and risk factors. Only a fraction
of the information is evidence-based (Norman and Skinner
2006). Furthermore, it is possible to compare retrieved
information across multiple online sources whose trust-
worthiness is variable: health forums, institutional web-
sites, generic health-related websites, blogs, e-mailing and
chatting with health experts or services, and social media
(Coulter et al. 2006; Stevenson et al. 2007; Tonsaker et al.
2014; McMullan 2016). The Internet has actually become
very important for people willing to obtain quick and free
health-related information, in order to take healthcare
decisions for themselves or for their family, or simply out
of curiosity (Devine et al. 2016). There is a great avail-
ability of public data on opinions, attitudes and behaviours
which is continuously generated online. On the one hand,
this data can be useful for promoting healthy conducts and
preventing risky behaviours. On the other hand, knowledge
derived from poor and misleading data can cause harm by
letting people think that they have acquired medical skills
and self-efficacy for fulfilling treatment goals and
improving adherence based on advice found online (Iver-
son et al. 2008). In fact, the autonomous online search of
health information can lead to medically inaccurate beliefs
and risky health behaviour (Vance et al. 2009) Therefore,
the access and use of quality online information have
become a major public health priority (WHO 2014).

The concept of eHealth literacy has been described as
the ‘ability to seek, find, understand and appraise health
information from electronic sources and apply knowledge
gained to addressing or solving a health problem’ (Norman
and Skinner 2006). The four dimensions of eHealth literacy
(‘seek’, ‘find’, ‘understand’ and ‘appraise’) are all essential
for empowering users to better manage their health,
improve health control and illness prevention, facilitate the
early identification of disease symptoms and treatment
choices, and simplify the communication between health-
care professionals and patients (Tan and Goonawardene
2017; Risling et al. 2017). Seeking and finding health-re-
lated information online are the first steps to become
eHealth literate. Unequal access to information can deter-
mine low eHealth literacy by jeopardizing understanding,
appraisal and application of health-related information in a
digital environment. In other words, inequalities in infor-
mation accessibility can produce inequalities also in the
health and social well-being of populations (Estacio et al.
2017).
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In view of this, it is important to identify and understand
who health information users are and which factors deter-
mine their utilization of health information online. There is
still no consensus among the scientific community
regarding which social and demographic characteristics are
associated with online health information seeking (Nolke
et al. 2015). Therefore, specific studies on the profiles of
online health-related information users are needed.

The present work aims at (1) identifying which are the
social and demographic factors that better describe the
profile of health information users in 28 European coun-
tries and (2) studying their association with online health
information usage.

In relation to these objectives, the following hypotheses
were defined:

HI Internet use to search for health-related information
varies among European countries.

H2 Although ICT access has increased in the European
context, divides in the use of health information online
can still be found.

H3 Individuals who have poor health present a higher
use of health information online.

H4 Individuals with poor knowledge of health topics use
more the Internet to decrease their health information

gap.

Methods
Data and variables

We have used data from the Flash Eurobarometer No. 404:
Eurobarometer on digital health literacy, which was carried
out in September 2014 in the 28 EU Member States:
Austria, Belgium, Bulgaria, Croatia, Cyprus, Czech
Republic, Denmark, Estonia, Finland, France, Germany,
Greece, Hungary, Ireland, Italy, Latvia, Lithuania, Lux-
embourg, Malta, Netherlands, Poland, Portugal, Romania,
Slovakia, Slovenia, Spain, Sweden and UK. The Flash
Eurobarometer is a survey conducted by the Leibniz
Institute for the Social Sciences on behalf of the European
Commission aimed at monitoring the public opinion on a
wide range of topics. The specific survey No. 404 assessed
the extent to which European citizens use the Internet and
online resources to manage their own health. This dataset
had a sample size of 26,566 individuals living in private
households, regardless of nationality or citizenship, lan-
guage or legal status. Interviews were carried using the
computer-aided telephonic interview (CATI) system, and
respondents were called on both fixed lines and mobile
phones. The sample design applied in all countries was
multi-stage random. A more detailed description of the
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Flash Eurobarometer No. 404, including sample sizes,
question descriptions and response rates per countries, is
provided in the website of the European Commission (EU
Open Data Portal 2015).

For this specific study, the dependent variable was the
use of the Internet to search for health-related information
corresponding to the question Q2 of the Flash Euro-
barometer No. 404: ‘Within the last 12 months, have you
used the Internet to search for health-related information?
This could include information on an injury, a disease,
illness, nutrition, improving health, etc.” (‘No’, ‘Yes’). The
following items were selected as explanatory variables: Q1,
frequency of Internet use (‘Never used for health pur-
poses’, “Two or three times a month’, ‘Approximately once
a week’, “Two or three times a week’, ‘Everyday/Almost
every day’); Q33, self-rated health (‘Bad’, ‘Good’); Q34,
long-standing illness (‘No long-standing illness’, ‘One
long-standing illness’, ‘Multiple long-standing illness’);
D4, education (continuous variable measured in year of full
education); D2, gender (‘Male’, ‘Female’); D1, age group
(‘15-24°, 25-34°, *35-44°, ‘45-54°, *55-64’, ‘65+); Q36,
knowledge of health topics (‘Bad’, ‘Good’); and D18,
mobile availability (‘No’, ‘Yes’).

Statistical analysis

Descriptive and inferential statistical methods were
applied. Given that the outcome variable was binary and
the hierarchical structure of individuals (level-1 units)
clustered within countries (level-2 units), a multilevel
logistic regression model was used to analyse this nested
structure. This analytical solution enabled the study of
variations in the use of the Internet to search for health
information related to individuals within their particular
countries.

Once the relevant indicators were identified in the
logistic regression analysis, propensity score matching
(PSM) was used to estimate the association considering the
whole set of explanatory variables (Austin 2011), so that
we could measure and compare the specific divides in the
use of the Internet for searching health information among
the 28 European countries. According to this approach, a
propensity score was calculated for each subject and used
to create comparable group pairs based on the statistically
significant predictors in the logistic regression analysis (i.e.
Gender: Female vs Male; Long-limiting standing illness:
Yes vs No; Knowledge: Good vs Bad; and Age: 45+ years
vs 15-44 years). Using this binary grouping, divides in the
use of Internet to search for health-related information
were assessed.

Taking into account the fact that the exposure groups
were sufficiently large to warrant reliable estimation of the
scores, the use of this analytical technique permitted to

balance the distribution of the observed confounders and to
remove possible bias that might arise due to these sets of
predictors (Austin 2011). In contrast to traditional multi-
variate techniques, the use of PSM can reduce errors in the
estimation of the effect of the confounders on the outcome,
while allowing also for the independent assessment of the
balance of the observed covariates between groups to be
compared (Cepeda et al. 2003).

Stata® 14.0 was used to perform data analysis. Survey
sampling weights were applied to account for differential
response and non-response rates across countries.

Results
User profiles

Table 1 describes the percentage of individuals in the EU-
28 that used the Internet for searching health-related
information in the 12 months prior to the survey. In the
study sample, 72% of Europeans had used the Internet to
search for health-related information during this period.
The percentage of female users (77.0%) was higher than
the males’ one (65.4%). According to the age group,
younger individuals presented a higher usage of the Inter-
net to search for health-related information compared with
older groups (81.3% for 25-34 years vs 57.5% for indi-
viduals aged over 65 years). Statistically significant dif-
ferences by self-rated health (SRH) were not found.
Finally, people having one or more than one long-standing
illness(es) presented a higher use of the Internet to search
for health-related information (70.1% people without a
long-standing illness vs 76.1% people having more than
one long-standing illness). Except for SRH (p > 0.05), all
differences were statistically significant at the level of
p < 0.01.

Table 2 shows the online sources used to look for
health-related information only among the 7077 users who
reported having looked for information through any
information channel. These sources were mainly official
health organizations’ websites (28.3%), followed by gen-
eralized search engines (27.3%). Other remarkable infor-
mation sources were social networks (19.5%) and specific
websites and blogs (15.2%). Health-specific mobile apps,
online newspapers and magazines, and patient organiza-
tions’ websites were less used (below 10%). When exam-
ining differences per gender, men used more search
engines, while women preferred health organization web-
sites. Social networks were more consulted by women
(7% = 21.107; p < 0.001).

Topics searched among these users were lifestyle choi-
ces (27.4%), healthcare professionals (22.8%), information
on vaccinations (14.1%), pharmaceutical products (13.7%)
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Table 1 Percentage of use of the Internet to search for health-related information per country, gender, age of respondent, self-rated health (SRH),
and long-limiting standing illness (LLSI). Data source: Flash Eurobarometer No. 404, EU-28 countries, 2014

Country Use  Gender Age of respondent SRH LLSI Total
Male Female 15-24 25-34 35-44 45-54 55-64 654+ Bad Good No One  Multi- &
LLSI LLSI LLSI
Hungary 80.2 71.8 850 804 862 793 81.8 814 71.6 785 804 79.1 824 802 1007
Croatia 80.0 683 86.8 833 794 839 851 765 633 889 790 749 850 888 1000
Greece 793 707 847 82.3 8.0 876 742 635 586 714 796 794 786 805 1000
Italy 784 765 799 847 876 888 757 743 549 767 786 791 766 79.6 1000
Slovakia 774 685 83.0 732 803 833 77.1 733 721 745 779 754 80.1 79.1 1002
Poland 756 70.1  80.0 828 807 774 772 714 648 714 769 713 820 764 1000
Netherlands 748 716 714 872 918 827 848 759 495 80.7 745 716 798 715 1003
Ireland 745 682 782 93.1 87.5 892 787 662 625 769 745 728 749 80.7 1000
Finland 73.1 659 794 765 946 854 825 704 562 671 743 727 741 732 1000
Slovenia 73.0 660 762 804 843 759 750 672 650 702 734 716 741 787 1005
Cyprus 728 722 731 78.3 824 789 709 658 385 462 746 730 764 609 501
Denmark 7277 649 719 79.2 893 8.0 818 709 587 740 726 712 750 753 1000
Luxembourg 726 642 78.6 79.1 763 756 825 61.8 553 619 732 727 702 78.6 505
Bulgaria 726 640 79.1 827 71.0 720 74.1 672 714 766 721 684 779 844 1004
Romania 724 647 819 682 726 772 721 700 688 620 739 69.1 832 783 1006
France 71.8 695 73.6 815  78.1 814 693 694 645 800 713 703 742 750 1007
Sweden 71.0 656 762 750 942 892 787 686 562 629 717 700 729 724 1000
Latvia 700 61.1 759 784 845 763 677 602 465 639 717 697 680 739 1001
Austria 69.4 652 725 81.3 884 727 697 645 518 700 693 689 708 678 1001
Germany 689 648 727 73.8 8.2 71,6 742 640 585 725 68.1 667 665 819 1000
Estonia 68.1 582 741 736 8L7 799 683 590 450 684 69.0 672 686 704 1000
Spain 67.7 635 710 814 826 721 646 496 500 68.6 68.1 646 71.6 78.6 1000
Belgium 67.6 61.0 729 726 702 778 706 632 547 803 665 647 714 789 1004
Lithuania 67.6 585 758 743 714 677 656 590 690 716 676 646 680 787 1000
Portugal 67.0 620 709 73.5 80.8 658 647 590 484 690 670 647 767 612 1005
UK 66.6 61.8 70.2 758 827 814 673 637 465 708 662 641 694 709 1004
Czech Republic 66.2 567 76.3 603 743 693 664 579 659 640 664 612 694 729 1000
Malta 645 609 66.7 784 796 657 615 582 432 500 654 644 639 647 511
Total EU 72.0% 654* 77.0%  77.9% 81.3* 78.6% 73.77* 66.8% 57.5% 715 723 70.1*% 744% 76.1% 26,566
Asterisks indicate significance level at 1%
healtehated mformtion Male Female Toul
gender. Data source: Flash n % n % n %
Eurobarometer No. 404, EU-28
countries, 2014 Search engines 797 29.71 1141 25.97 1938 27.38
Online newspapers and magazines 136 5.07 257 5.85 393 5.55
Specific and dedicated websites and blogs 414 15.43 664 15.11 1078 15.23
Online social network 262 9.77 484 11.02 746 10.54
Patient organizations’ websites 102 3.8 217 4.94 319 4.51
Specific mobile apps 240 8.95 354 8.06 594 8.39
Official health organizations’ websites 732 27.28 1277 29.06 2009 28.39
Total 2683 100 4394 100 7077 100
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and testimonials on health topics (13%) (Table 3). A
smaller proportion of people looked for information on age
care, childbirth and psychological well-being (below 5%).
Differences per gender were small. However, men were
more interested in lifestyle choices than women, while
women were more interested in healthcare professionals,
vaccinations, and pregnancy and childbirth than men
(7% = 40.090; p < 0.001).

Social determinants of Internet use for health
purposes

Table 4 illustrates the multilevel logistic regression model
built to explain the use of the Internet in the previous
12 months to search for health-related information. As we
can observe, Internet search for health information signif-
icantly varied among European countries (H1). The prob-
ability of using the Internet for health purposes increased
linearly with the frequency of Internet use, but exclusively
among those who presented a frequent use of the Internet
(i.e. ‘two or three times a week’, and ‘everyday’). A similar
pattern was also found for mobile phone availability, i.e.
those who had mobile phones used them also for health
information seeking. Compared with men and older groups,
women and younger age groups had a higher likelihood of
using the Internet for health. Number of education years
had a direct relationship with the use of the Internet to
search for health-related information. A better self-reported
knowledge of health topics and having long-standing ill-
nesses also increased the probability of using the Internet
for health information (H2). However, the relationship
between self-rated health and the use of the Internet was
not found to be statistically significant.

The PSM analysis supported the results of the multilevel
logistic model (Table 5). Thus, women had higher
propensity to search for health topics on the Internet. The
propensity scores also showed that the likelihood of using

significantly increased with having one or more long-s-
tanding illness (H3) and a good knowledge of health topics
(H4). Inversely, the increase of age reduced the use of the
Internet.

Finally, the resulting propensity scores were used to
predict and graphically compare the divides in the use of
health information online among the 28 European coun-
tries. Figure 1 shows the population risk of limited use of
the Internet for health-related information according to
gender, age group, knowledge of health topics and having a
long-standing illness (i.e. the indicators that explained
differences in the outcome variable). In accordance with
the results described above, being a male, being above
45 years old and not suffering from a long-term illness
increased the risk of a limited use of the Internet to search
for health-related information and subsequently the risk of
poor eHealth literacy. On the other hand, the association of
the knowledge of health topics with the use of the Internet
varied across countries.

Discussion

To our knowledge, this is one of the first studies measuring
the differences in the search for online health information
according to social and demographic factors in a large set
of European countries. We compared the use of the Internet
to search for health information across different variables
that have been considered as relevant in previous literature
(Czaja et al. 2006; Gracia and Herrero 2009; Renahy et al.
2010; Neter and Brainin 2012; Kontos et al. 2014; Bidmon
and Terlutter 2015; Koo et al. 2016; Estacio et al. 2017;
Baumann et al. 2017; Escoffery 2017): social and demo-
graphic factors (gender, age, educational level); self-re-
ported health conditions (self-rated health status, long-
standing illnesses); health knowledge (i.e. the degree of
knowledge on health topics); and the access to the Internet

the Internet to search for health-related information

a2 Sl s o R

source: Flash Eurobarometer n % n % n %

No. 404, EU-28 countries, 2014
Information on mental well-being, depression 50 1.94 76 1.78 126 1.84
Information on lifestyle choices 796 30.92 1081 25.3 1877 27.41
Information on pregnancy and childbirth 53 2.06 143 3.35 196 2.86
Information on pharmaceuticals 363 14.1 573 13.41 936 13.67
Information on caring for an ageing person 112 4.35 180 4.21 292 4.26
Testimonials or experiences from others 329 12.78 561 13.13 890 13.00
Information on healthcare professionals 546 21.21 1018 23.82 1564 22.84
Information on vaccinations 325 12.63 641 15 966 14.11
Total 2574 100 4273 100 6847 100
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Table 4 Multilevel logistic

regression model for using the Variable Group category OR 95% CI P>z
.Internet for health-related Frequency of Internet use Never used for health (Ref.)
information. Data source: Flash .
Eurobarometer No. 404, EU-28 Two or three times a month 1.365 (1.083-1.722) 0.009
countries, 2014 Approximately once a week 1.660 (1.345-2.048) < 0.000
Two or three times a week 3.214 (2.679-3.855) < 0.000
Everyday/almost everyday 6.601 (5.574-7.818) < 0.000
Mobile availability Non-use mobile (Ref.)
Use mobile 1.372 (1.106-1.701) 0.004
Gender Male (Ref.)
Female 2.026 (1.878-2.186) < 0.000
Age group 15-24 (Ref.)
25-34 1.198 (0.981-1.463) 0.076
3544 1.048 (0.866-1.268) 0.628
45-54 0.781 (0.648-0.943) 0.010
55-64 0.555 (0.459-0.670) < 0.000
65+ 0.379 (0.312-0.459) < 0.000
Education Years of education 1.040 (1.033-1.048) < 0.000
Knowledge of health topics Very bad (Ref.)
Fairly bad 2.270 (1.660-3.104) < 0.000
Fairly good 2.705 (2.001-3.656) < 0.000
Very good 2.183 (1.592-2.993) < 0.000
Self-rated health Bad SRH
Good SRH 1.023 (0.886-1.182) 0.756
Long-standing illness No long-standing illness (Ref.)
One long-standing illness 1.595 (1.457-1.746) < 0.000
Multiple long-standing illness ~ 2.162 (1.896-2.466) < 0.000
Constant 0.055 (0.034-0.089) < 0.000
Variance 0.075 (0.041-0.136) < 0.000
No observations 16,635 Log-likelihood — 8637.8926
No groups 28 Wald 1915.06
R? 0.305 Prob > y* < 0.000

Table 5 Propensity scores for using the Internet in the last 12 months to search for health-related information. Data source: Flash Eurobarometer

No. 404, EU-28 countries, 2014

Treatment effect Coeff. Al robust Z value P>z Conlf. interval

std. err.”
Gender (female vs male) 0.119 0.008 15.56 < 0.001 0.104 0.134
Long-standing illness (yes vs no) 0.104 0.008 12.63 < 0.001 0.088 0.120
Knowledge (good vs bad) 0.023 0.012 1.92 0.054 — 0.001 0.046
Age (45+ years vs 15-44 years) — 0.102 0.008 — 12.59 < 0.001 —0.118 — 0.086

4Al indicates Abadie-Imbens standard errors

for health-related information (frequency of use of the
Internet for health purposes, availability of mobile phones).

Our results show that there are significant differences in
the use of health information according to gender, age,
education, suffering from a long-term illness and health-
related knowledge among European countries (first and
second hypotheses of our study). Females searched health-
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related information on the Internet more frequently than
males and also used for health purposes other technological
means such as mobile phones. These findings are in line
with those of previous studies conducted in France, Ger-
many and USA (Renahy et al. 2010; Bidmon and Terlutter
2015; Baumann et al. 2017; Escoffery 2017). A possible
explanation to this gendered use is that women are more
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Fig. 1 Divides in the use of the Internet to search for health-related information across European countries. Note: Central dashed line indicates
the average use in Europe. Data source: Flash Eurobarometer No. 404, EU-28 countries, 2014

likely caregivers, which means that they search for infor-
mation also for people under their care (e.g. children)
which increases their chances to access the Internet for
health-related purposes (Renahy et al. 2010; Bidmon and
Terlutter 2015; Escoffery 2017). According to previous
research, the use of the Internet decreases with age due to
the ‘generational shift’ in the general use of technology
(Hill et al. 2008; Neter and Brainin 2012; Kontos et al.
2014; Estacio et al. 2017). Our findings are coherent with
this assumption since the use of the Internet for health
gradually declines with age. This occurs in females earlier
than in males, which would denote that the digital gener-
ational shift in women might be wider. Indeed, two pre-
vious studies found that women ascribe lower self-
perceived digital competences (Bidmon and Terlutter
2015) and higher anxiety about using computers (Czaja
et al. 2006) compared to men.

The availability of mobile phones is a second digital
divide that is significantly associated with the use of online
health-related information. This is in line with studies
reporting that mobile apps are commonly used for health
purposes today (Bidmon and Terlutter 2015; Escoffery
2017).

Males above 45 years old and without long-term ill-
nesses were at higher risk of not looking for health-related
information online. This was a well-defined pattern across
all countries. A lower knowledge of health issues increased
the overall risk of low Internet usage for these purposes in
the majority of countries, irrespective of any geographical
cluster.

Previous research suggested that a low educational level
is a barrier to Internet usage (Czaja et al. 2006; Neter and
Brainin 2012; Kontos et al. 2014; Koo et al. 2016; Estacio
et al. 2017). In line with this, our results showed significant
educational influences on the use of the Internet for health
purposes. The likelihood of use of the Internet to look for
health-related information increased with the number of
study years.

The third hypothesis stated that individuals with poor
health use more the Internet to seek for health information
than individuals with good health conditions. Contrary to our
hypothesis, results showed that self-rated health did not have
a significant influence on the usage of the Internet for health
purposes. Similarly, this association was not found in a study
on general Internet usage in older people where different
socio-economic factors were considered (Gracia and Herrero
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2009). Another study found this relationship in women
(Renahy et al. 2010). This finding might indicate that the
search of health-related information is performed not only by
people presenting a health problem (either mild or severe),
but also by people who might be interested in taking care of
their well-being with a health promotion and prevention
purpose (Renahy et al. 2010; Baumann et al. 2017).

However, the higher likelihood of usage of ICT by
people having chronic conditions is a relevant finding. It
suggests that the use of the Internet for health purposes is
considered as an important solution to appropriately meet
the complex care needs of people with several illnesses
(Barbabella et al. 2016).

The fourth hypothesis pointed out a negative relation-
ship between health knowledge and usage of the Internet.
Conversely, our results showed a significant association
between high knowledge of health topics, as a proxy of
eHealth literacy, and the use of the Internet for seeking
health-related information. This relationship might also be
interpreted the other way round: knowledge of health
topics increases because of the use of ICT with health
purposes (Ramtohul 2015).

This study presents some limitations that should be
addressed in future works. First, the analysis did not
include socio-economic factors such as income or occu-
pational status, which were found to be associated with
online health information-seeking behaviours with differ-
ent degrees of prediction in previous studies (Kontos et al.
2014; Baumann et al. 2017). Taking into account the dif-
ficulty in contrasting the household income among this
large set of countries, we decided to use education as a
more comparable indicator of socio-economic status, but
future studies should incorporate additional measures that
capture the effect of economic differences between social
groups. Second, we only explored the first dimension of
eHealth literacy, i.e. access to online health-related infor-
mation, without using validated health literacy scales (Liu
et al. 2018). Further studies should explore how socio-
demographic and socio-economic factors may influence
other dimensions of eHealth literacy, especially the impact
of online health information on healthcare decision-mak-
ing. Third, even though this study identified country-level
differences in the Internet usage for health purposes by
combining multilevel logistic regression and PSM analysis,
it did not explore contextual effects of specific macro-level
indicators that might be relevant to understand between-
countries variations. Nevertheless, this study sets the
starting point to develop this promising line of research.

In conclusion, this study shows that although the degree
of accessibility to online information has gradualy
increased in the last years, some digital divides still persist
in the use of health information online, as reported in our
first hypothesis. Our findings suggest that those who use

@ Springer

the Internet to seek for health contents are moved and
motivated by essential differences based on age, gender,
presence of a long-term illness and the degree of knowl-
edge on health topics. A poor health status is associated
with a higher Internet usage for health purposes, but only in
the case of those having chronic conditions. Our last
hypothesis was not verified since a poor health-related
knowledge was not associated with a higher search for
health information on the Internet. Maybe, a lower health
knowledge could be associated with a lower motivation to
look for health information. Our results show that there is
still a need to increase eHealth literacy levels, especially
for males over 45 years old not suffering from a long-term
illness. This is highly relevant to reduce the misuse of poor
or untrustworthy health information that might contribute
to higher health disparities among this specific population.
Finally, our study supports the relevance of identifying
populations at risk for health misinformation who might be
fundamental targets of eHealth literacy interventions such
as educational programmes, websites that provide clear and
trustworthy health content, and other communication tools
(e.g. apps and social medial platforms) conveying evi-
dence-based knowledge.
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