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Abstract

Background: Although emerging adults play arolein the spread of COVID-19, they arelesslikely to devel op severe symptoms
after infection. Emerging adults' relatively high use of social media as a source of information raises concerns regarding
COVID-19-elated behavioral compliance (ie, physical distancing) in this age group.

Objective: This study aimed to investigate physical distancing among emerging adults in comparison with adults and examine
therole of using social mediafor COVID-19 news and information in thisregard. In addition, this study explored the relationship
between physical distancing and using different social media platforms and sources.

Methods: The secondary data of a large-scale longitudinal national survey (N=123,848) between April and November 2020
were used. Participants indicated, ranging from 1 to 8 waves, how often they were successful in keeping a 1.5-m distance on a
7-point Likert scale. Participants aged between 18 and 24 years were considered emerging adults, and those aged >24 years were
considered adults. In addition, a dummy variable was created to indicate per wave whether participants used social media for
COVID-19 news and information. A subset of participants received follow-up questions to determine which platforms they used
and what sources of news and information they had seen on social media. All preregistered hypotheses were tested with linear
mixed-effects models and random intercept cross-lagged panel models.

Results: Emerging adultsreported fewer physical distancing behaviorsthan adults (3=-.08, tgg 213 85=—26.79; P<.001). Moreover,
emerging adults were more likely to use social media for COVID-19 news and information (b=2.48; odds ratio 11.93 [95%
Cl=9.72-14.65]; SE 0.11; Wald=23.66; P<.001), which mediated the association with physical distancing but only to a small
extent (indirect effect: b=—0.03, 95% CI —0.04 to —0.02). Contrary to our hypothesis, thelongitudinal random intercept cross-lagged
panel model showed no evidence that physical distancing was not influenced by social media usein the previous wave. However,
evidence indicated that social media use affects subsequent physical distancing behavior. Moreover, additional analyses showed
that the use of most social media platforms (ie, YouTube, Facebook, and Instagram) and interpersonal communication were
negatively associated with physical distancing, whereas other platforms (ie, LinkedIn and Twitter) and government messages
had no or small positive associations with physical distancing.
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Conclusions:
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In conclusion, we should be vigilant with regard to the physical distancing of emerging adults, but the study

results did not indicate concerns regarding the role of social mediafor COVID-19 news and information. However, as the use of
some social media platforms and sources showed negative associations with physical distancing, future studies should more
carefully examine these factors to better understand the associations between social media use for news and information and

behaviora interventionsin times of crisis.

(IJMIR Infodemiology 2022;2(2):€33713) doi: 10.2196/33713
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Introduction

Background

In 2022, the COVID-19 pandemicis still ongoing in large parts
of theworld and, as of February, has been responsible for >381
million confirmed cases and >5.69 million deaths worldwide
[1]. Given that most of the world's population has not been
vaccinated yet, alternative precautionary measures are till
essential to contain the spread of the COVID-19 infection.
Therefore, many countries have adopted behavioral
interventions, of which physical distancing is one of the most
widely adopted, persistent, pragmatic, and effective policies
[2]. However, the effectiveness of such strategies depends
heavily on the compliance of the population with desired
behaviors[3]. It istherefore important to study and understand
compliance with governmental behavioral interventions, such
asphysical distancing during the COVID-19 pandemicto design
future interventions most effectively.

In times of crisis, such as these, people tend to rely heavily on
mediato understand the situation and make informed decisions
about related behavioral guidelines [4,5]. According to
cultivation theory [6], content acrossthe entire medialandscape
breeds a widespread meaning among the audience. The theory
proposes that the more media-provided information the people
consume, the greater the likelihood that their perceptions of
reality align with that depicted in the media landscape. This
cultivation process is driven by both mainstreaming and
resonance, that is, different opinions and world viewpointswill
move to align their opinions with the mediated content, and
simultaneously, the mediated content becomes more relatable
and relevant to media consumers. This means that people's
perceptions and intentions will ultimately become similar to
what is portrayed in the media landscape [6]. Therefore, the
more the media emphasi zes on the severity of the situation and
the importance of physical distancing, the more likely it isthat
people will change their behavior.

Moreover, social cognitive theory [7] explains how a single
media message can affect the behavior of people. This theory
explains that people create cognitive schemas based on
first-person experiences and observational learning. A large
part of observational learning occurs through media exposure
[8], meaning that people see and learn from others about
COVID-19 and the counteractive measures viamedia exposure
and adjust their perceptions and behavior accordingly [9]. This
means that people learn how to behave from others portrayed
in the media during the COVID-19 pandemic.

https://infodemiology.jmir.org/2022/2/e33713

However, the nature and content of media messages in social
media and mass media have different effects on people’'s
perceptions and behavioral intentions during a crisis [10].
Although cultivation processes occur in both traditional media
and social media [11], the nature and content of the message
differ between the 2 forms of media. The immediacy of social
media and the direct access to an unprecedented amount of
content allows for less controlled and more fragmented view
of the crisis [12-14]. Therefore, the process of mainstreaming
and resonance is less likely to occur, and the importance of
physical distancing will be less cultivated among social media
users for COVID-19 news and information.

In addition, social media depicts more ambivalent messages
about COVID-19 than traditional mass media does, contains
more rumors or questionable information [12,15], is more
subjective to algorithms that mediate and facilitate content
promotion [16], and is more likely to only reach and circulate
in subgroups of users in so-called echo chambers [17]. In
general, people who use socia media to inform themselves
about COVID-19 will observe a broader range of ideas and
behaviors on the web than those who only use traditional media.
Therefore, it is less clear what normative behavior is during a
crisis, and people are less likely to change their behaviors to
comply with governmental behaviora interventions. This
differencein behavioral change between social mediausersand
nonusers has been observed in previous crises. For example,
research on news consumption after the Great East Japan
Earthquake in 2011 has demonstrated that mass media has a
positive effect on people's perceptions of a crisis and the
subsequent increased behavior change (ie, boosting civic
communications, taking altruistic actions, and preparing for
future crises). Social media showed only limited or no change
in perceptions and behavioral intentions [10]. For the current
crisis, this would mean that people who use social media to
inform themselves about the crisisarelesslikely to change their
behavior and, therefore, lesslikely to be physically distant from
others.

This difference in news and information consumption and
associated compliance with behavioral regulationsis problematic
when particular subgroups of the population rely more heavily
on social media for news and information on COVID-19. In
particular, young people differ substantially in news
consumption compared with older generations. They are more
attracted to social media as a source of news and information
[18-20]; therefore, it seems likely that younger people also
consume relatively more COVID-19 news and information via
social media than adults do [21-23]. As aresult, the subgroup
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of young people, on average, would be less likely than adults
to changetheir behavior and comply with behavioral regulations.
Asidefrom alower health risk when exposed to the coronavirus
[24-26] and a stronger need to socialize with others [27] (A
Orben, unpublished data, August 2020), this difference in the
consumption of COVID-19 news and information might be
important in understanding compliance of young people with
behavioral regulations. That is, using social media for
COVID-19 news and information might explain why young
people are less often maintaining a physical distance from
others.

A review of studies on protective behaviors during severa
pandemics before the COVID-19 crisis showed that older people
have a higher chance of adopting relevant protective behaviors
[28]. Contemporary research on COVID-19 corroborated this
finding and showed that younger people engage less often in
protective behaviors, such as physical distancing, than do older
people. For example, a cross-sectiona survey in the United
States showed that adherence to distancing behaviors of young
people aged between 18 and 24 years was considerably less
than that of adults[29]. Similarly, other studies showed alinear
increase in age with arange of protective behaviors, including
physical distancing [30,31].

In this study, we are particularly interested in young people
aged 18 years to their late 20s, termed emerging adults [32].
As these emerging adults grow as autonomous adults, they
become more independent media consumersand lessinfluenced
by their parents. This is in contrast to the vast magjority of
children and adolescents who live with their parents and the
associated influence of living with their parents on their media
use[33,34]. A better understanding of therolethat social media
playsin compliance with behavioral interventions in emerging
adultsisvaluable knowledge for governments, as thiswill help
them better communicate behavioral regulations to al its
citizens, boost the effectiveness of comparable behavioral
interventions, and ultimately save lives.

This Study

Thisstudy investigated the differences between emerging adults
and adults in terms of their physical distancing behavior while
considering therole of using social mediafor COVID-19 news
and information. On the basis of the theoretical framework and
related empirical findings, we preregistered the following
hypotheses: physical distancing is lower in emerging adults
than in adults (H1), and the effect of age on physical distancing
is mediated by the use of social mediafor COVID-19 newsand
information (H2). More specifically, we anticipated that age
would negatively predict using socia media for COVID-19
news and information (H2a) and using social media for
COVID-19 news and information would negatively predicts
physical distancing (H2b). This study further investigated the
directionality of the association between physical distancing
and socia media use in alongitudinal sample.

In addition, to gain moreinsight into specific social mediause,
we performed exploratory research on a subsample of
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participants who were presented with an additional module of
the questionnaire. These questions examined the use of different
social media platforms and sources of messages consumed on
social media. Specifically, these nonpreregistered analyses
examined the association of physical distancing with (1) the
most often used social media platforms (ie, Facebook, Twitter,
Instagram, YouTube, and Linkedin) and (2) the sources
presented on the platform (ie, government, national news,
regional news, personal communication, or another source).

Methods

Ethics Approval

We used secondary datafrom alarge-scale national longitudinal
study conducted by the Dutch National Institute for Public
Health and the Environment. Participants provided informed
consent before the start of the first survey. The data that we
received did not contain any identifiableinformation. Therefore,
this study did not require to be reviewed by an institutional
review board. The study design, hypotheses, measured variables,
and plan of analysis were preregistered before gaining access
to the data and can be found on the Open Science Framework
page of this study [35].

Participants and Procedure

Participants were recruited via 25 municipal health offices
(Gemeenschappelijke Gezondheidsdienst) to participate in the
national survey (N=124,580). Participantswere asked tofill out
1 or more questionnaires during 8 waves of data collection
between April and November 2020. During this period,
COVID-19 was highly prevalent in the Netherlands, ranging
from 0.47 to 57.87 daily new cases per 100,000 inhabitants, and
various preventive measures were in effect. Some of the
measures that were continuously communicated were to keep
aphysical distance from others (1.5 m), to not shake hands and
to wash hands often, to sneeze and cough in the armpit, and to
work from home as much as possible. Initially, participants
received aquestionnaire every 3 weeks, and after thefifth wave,
the interval was increased to 6 weeks (Table 1).

For each wave, the survey was divided into 3 subcomponents,
and each participant received 1 of these 3 subcomponents per
wave. As a result, a subset of participants received questions
relevant to this study. Also, the preregistered exclusion criteria
were used to exclude participants aged <18 years and
participants for which the control variables were missing. This
resulted in an analytical sample of 123,848 adults aged >17
years (34.11% men) who participated in 1 wave (n=47,708,
38.5%) or multiple waves (n=76,140, 61.5%). The participants
in the longitudinal sample participated in 2 and 8 waves (mean
5.36, SD 2.14). As this study used existing data, no a priori
sample size calculation was performed. Given the sample size,
we did not anticipate problems with the statistical power. For
each analysis, the number of included participants and
observations is reported.
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Table 1. Number of participants and dates of measurements per wave.

van Woudenberg et al

Wave Number of participants Between dates

1 65,572 April 17, 2020, to April 24, 2020

2 52,847 May 7, 2020, to May 12, 2020

3 63,773 May 27, 2020, to June 1, 2020

4 50,200 June 17, 2020, to June 21, 2020

5 50,366 July 8, 2020, to July 12, 2020

6 61,361 August 19, 2020, to August 23, 2020

7 47,670 September 30, 2020, to October 4, 2020

8 63,989 November 11, 2020, to November 15, 2020
M easures as a measure of physical distancing. The higher the score on

Physical Distancing

For each wave, participants first answered the question “In the
past 7 days, how often were you with a group of four or more
people with whom you do not live in 1 house? For example, at
work, at the park, on the street with neighbors, or at a birthday”
on a scale ranging from never (1) to more than 20 times (7).
Participants who were, at least one time, with a group of 4 or
more peoplein thelast week were asked thefollow-up question
“In the past 7 days, how often were you successful in aways
keeping a physical distance of 1.5 meters from these people”
and asked to respond on a Likert scale ranging from never (1)
to always (7). The score on this scale for each wave was used

Table2. Agein categories (N=123,848).

the variable, the more successful the participant was in
maintaining physical distancein the past week (meany,a,q 4.34,
SDgrang 1.58).

Age

The participants indicated the category according to their age
group (Table 2). As only 0.54% (669/123,848) of the
participants were in the eighth category (=85 years), categories
7 and 8 were merged. Dummy coding was used to create a
contrast between the emerging adults (n=6648) and older age
categories (n=117,200). To further investigate differences
between the age categories, reversed Helmert contrast coding
was used to contrast the age category with al higher age
categories combined, starting with the emerging adult category.

Answer Age (years) Label Participants, n (%)
3 18-24 Emerging adults 6648 (5.37)

4 25-39 Early career 31,724 (25.62)

5 40-54 Midcareer 34,692 (28.01)

6 55-69 L ate career 33,476 (27.03)
7-8 =70 Retired 17,308 (13.98)

Social Media Use

Each wave, a subset of participants answered the question “In
the past 7 days, which of these sources did you use to get
information and news about the coronavirus?’ Participantscould
respond by selecting 1 or more media sources from the given
list. One such source was social media. A dummy variable
Social Mediawas created to compare whether participantsused
social media (0.5, Nypeervations=33,941) or did not (0.5,
Nopservations—81,008) for COVID-19 news and information per
wave.

Social Media Platforms and Sources

In waves 2 and 4, a subset of the participants (n=18,047)
received the module with more extensive questions regarding
social mediause. In these questions, participantsindicated how
many days of the past week they had used the following
platforms for COVID-19 news and information: Facebook,
Twitter, Instagram, YouTube, and LinkedIn. For each indicated

https://infodemiology.jmir.org/2022/2/e33713

social platform, participants were also asked to select 1 or
multiple sources presented on the platform: government, national
news, regional news, personal communication, or other sources.

Control Variables

To control for potential differences in physical distancing, al
analyses were controlled for participant sex. In addition, the
wave was added as a covariate to control for potential changes
in behavior and context over time. As not al participantsfilled
out the questions during the same wave, it isimportant to control
this temporal context. During the measurements, the number
of infected people was initially high and decreased during the
summer but increased again after the fifth wave. In addition,
the regulations changed regularly, and the overall sentiment
might have changed as well. A linear wave variable would not
reflect thistrend; therefore, we have tested several other shapes
that would fit the observed data [36]. The wave-transformed
variable with the best fit to the observed data was selected.
Specifically, the wave variable was centered on wave 5, and
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the absolute values were used to create a v-shape. The
standardized effect of the transformed variable was higher and

explained more variance (Rzma,gind:0.031, [3=0.18) than the
linear wave variable (Rzmargi na=0.0002, 3=-0.05).

Strategy of Analysis

We preregistered the intention to use Bayesian statistics to test
the hypothesis. However, all analyses had to be performed on
a secured remote desktop, and the possibilities of running
extensive computations on this large data set were limited.
Therefore, multivariate mixed effectsmodel swere run by using
the Ime4 package [37] in R (R Foundation for Statistical
Computing) [38]. SE, Cls, and P values were computed using
the Satterthwaite approximation [39], and Cls not including O
or P<.05 were considered statistically significant. Effect sizes
were used to determine the direction and relative strength of
the parameter, and parameter importance was determined based
on the improved model fit.

In the mixed effects models, sex and wave were added as
covariates, and random intercepts wereincluded per participant.
According to this hypothesis, the predictor was substituted for
the variable of interest. To test the mediation for H2, amultilevel
mediation model from the mima package was used [40]. In
addition, to determine the cross-lagged effects between physical
distancing and using social mediaasasource, Random intercept
cross-lagged panel models [41] were used to distinguish
between-person (stable time-invariant traits) and within-person
(in-person changes over time) associations. The cross-lagged
pathswere used to assess the directionality between using social
mediaand physical distancing between current and subsequent
waves while controlling for stability traits between waves and
covariance within waves. All correlations at each wave, stability,
and cross-lagged paths were restricted to be the same, resulting
in 1 parameter estimate per path type.

In contrast to the preregistration, the weather conditions were
not included as covariates because the exact dates of filling out
the questionnaires were not included in the data set. We have
tried to include the average weather conditions per wave, but
this variable had too much collinearity with the wave variable,
making the models unidentifiable. Moreover, the hypotheses
on well-being are not reported in this paper because of an
overlap with another group of researchers working with the
same data set. The planned analyses are still part of the
supportive materials for the Open Science Framework. Finally,
6 waves of data were available at the time of registration.
Subsequently, 2 additional waves of datawere gathered, which
were added to the data set.

On top of the preregistered analyses, 2 exploratory analyses
were performed on the subsample of the participants that
received the module on the use of specific social media
platforms (ie, Facebook, Twitter, Instagram, YouTube, and
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Linkedin) and different sources that appear on these platforms
(ie, governmental, national news, regional paper, personal post,
or other sources). The 2 mixed effects models were specified
similarly to the model to test the first hypothesis. In the first
model, the number of days per week that participants used social
media platforms for COVID-19 news and information were
entered as predictors, and the age variable was treated as a
covariate. In the second exploratory model, social media
variableswere again excluded, and dummy variables per source
were used to determine whether participants were exposed to a
specific source on social media.

Results

Physical Distancing

The linear mixed-effects model that was used to test the first
hypothesis consisted of a random structure in the form of
random intercepts per participant and a fixed structure
explaining 4% of the variance in physical distancing (marginal
R%). Both fixed and random effects explained 50% of the

variance (conditional R?). Theintraclass correlation coefficient
of the random effect participant was 0.48, indicating that
approximately half of the variance was explained by other
observations on the outcome variable within the same
participant.

The planned contrast indicated that emerging adults (Meanagina
3.48, SEagina 0.03) maintained physical distance from others
less often than the ol der participants (Meanygina 4-37, SEmagina
0.01; Figure 1).

The standardized effect size suggested that the effect of agewas
less important than that of the covariate wave (Table 3).
However, the model fit and explained variance of the model
(Akaike information criterion [A1C]=693,681 and Bayesian
information criterion [BIC]=693,742) were better than the model

fit without the emerging adult variable (R ugina=0.03,

AIC=694.394 and BIC=694.444; x°=714.9; P<.001). This
indicated that although the effect of age could be considered
small, the variable still contributed to explaining physical
distancing behavior.

In anonpreregistered additional analysis, wefurther investigated
the differences in physical distancing between age categories.
Therefore, the dichotomous emerging adult variable was
substituted for multiple contrasts of the categorical age variables,
asmeasured in the project. Thisvariableincreased the marginal

R? of the model to 6% and indicated that with an increasein the
age category, people practiced physical distancing more often
(Figure 2). Together, these anayses provide support for
hypothesis 1 that physical distancingislower in emerging adults
than in adults.
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Figure 1. Physical distancing in emerging adults and adults over the eight waves.
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Table 3. Multivariate linear mixed-effects model predicting physical distancing behavior (n=70,629; number of observations=185,208; participant
intraclass correlation coefficient=0.48; marginal R?=0.04; conditional R2=0.50).

Variable B (SE) 95% ClI B t test (df) P vaue
Intercept 3.44 (0.02) (3.4110 3.48) .00 194.46 (98,929.46) <.001
Emerging adult -0.89 (0.03) (-0.96 t0 -0.82) -.08 -26.79 (86,213.83) <.001
Sex 0.12 (0.01) (0.10to0 0.14) .03 10.04 (65,587.82) <.001
Wave 0.29 (0.00) (0.29t0 0.30) 18 96.81 (148,077.18) <.001

Figure 2. Physical distancing per age category.
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distancing. The related social media use question was asked in

Using Social Media for COVID-19 News and waves 3, 5, and 8 in a subsample of participants (n=17,714,

Information Nopservations=38:423). A social media use dummy was added to
The second hypothesis investigated the role of using social the model used in H1 (Rzmarginalzo-03v chonditionalzo- 48,

media for COVID-19 news and information in physica intraclass correlation coefficientqyicipan=0.48). A significant
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social mediause parameter indicated that those who used social
media (MeaNqgina 3-96, SEagina 0-06) showed dlightly less
physical distancing behavior than those who did not use social
mediafor COVID-19 news and information (mean agina 4-03,
SE argina 0-06). Inthe same mode!, asignificant emerging adult
parameter indicated that after controlling for social media use,
emerging adultskept physical distance less often than did adults
(Table 4). Again, the standardized effect sizes for both social
mediause and emerging adultswere small. Animproved model
fit indicated that both the social mediause variable (full model:
AlC=108,886, BIC=108,944; model without social media use
predictor: AIC=108,900, BIC=108,950; x*,=16.3; P<.001) and
emerging adult variables (model without social emerging adult
predictor: AlC=108,942, BIC=108,991; x%=57.7; P<.001)
contributed to explaining physical distancing behavior.

Next, amixed effects|ogistic regression model was used to test

whether emerging adults were more likely to use social media
for news and information on COVID-19. The model

(R margina=0.05, R conditiona=0.76) showed asignificant emerging

van Woudenberg et al

adult parameter (B=2.48; SE 0.10; Wald=23.66; P<.001).
Emerging adolescents were 11.93 (95% CI 9.72-14.65) times
more likely to use socia media for COVID-19 news and
information than adults did. This means that there is a stronger
preference to use social media for COVID-19 news and
information among emerging adults than among adults.

Finally, amixed effects mediation model was used to dissociate
the direct association between the emerging adult variable and
physical distancing from the indirect association mediated by
social mediafor COVID-19 news and information. The model
showed that the total effect (f=-.91; 95% CI 1.06 to —-0.77;
P<.001), direct effect (B=-.88; 95% Cl 1.04 to —0.74; P<.001),
and indirect effect (f=-.03; 95% CI 0.04 to -0.02; P<.001)
were al significant. However, the indirect effect was
substantially smaller than the direct effect, and we concluded
that thereisapartial, but [imited, mediating path of using social
media for COVID-19 news and information. Therefore, using
social media for COVID-19 news and information can only
marginally explain why physical distancing is lower among
emerging adults than among adults.

Table 4. Multivariate linear mixed-effects model predicting physical distancing behavior (n=17,714; number of observations=38,423; intraclass
correlation coefficient of participants=0.47; marginal R?=0.03; conditional R2=O.48).

Variable B (SE) 95% ClI B t test (df) P value
Intercept 3.56 (0.06) (3.45 10 3.68) .00 60.24 (13,774.81) <.001
Social media use -0.10(0.02) (-0.15 to —0.05) -.02 -4.03 (28,459.80) <.001
Emerging adult -0.87(0.11) (~1.09 to —0.65) -.06 ~7.60 (12,566.76) <.001
Sex 0.11 (0.03) (0.06 t0 0.17) .03 3.94 (11,431.76) <.001
Wave 0.27 (0.01) (0.26 t0 0.29) 16 34.67 (21,764.25) <.001

Deter mining Directionality

An additional analysis investigated the directionality of the
effect of using social media on physical distancing and vice
versa. Thisanalysis used a subset of the participants (n=7325)
in the last 4 waves because then the social media question was
presented in 4 subsequent waves to the same participants. In
addition, the sex and age groups of the participants were added
as covariates in the model. The restricted random intercept
cross-lagged panel model (x%5=296.9; P<.001; comparative fit
index=0.987, Tucker—Lewis index=0.984, root mean sgquare
error of approximation=0.032, and standardized root mean
squareresidual=0.025) showed a negative relationship between

https://infodemiology.jmir.org/2022/2/e33713

social mediause and physical distancing (Table 5). This means
that there was a small negative between-person association
between physical distancing and using social media for
COVID-19—~elated news and information. In addition, both
stability paths were significant, indicating that the values of
both variableswere predicted by the value of the previouswave.
Most interestingly, a small negative cross-lagged effect of
physical distancing on social media use, but no effect of social
mediaon physical distancing, was observed. Thisindicatesthat
using social media for COVID-19 news and information did
not affect physical distancing in the subsequent wave. By
contrast, those who maintained physical distance less often were
more likely to use social media as a source in the subsequent
wave. However, the standardized effect size was very small.
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Table 5. Random intercept cross-lagged panel model of physical distancing and social media (n=7324).

Variable B (SE) 95% ClI B zscore P value
WS5 correlation -0.01 (0.01) (~0.02 to 0.00) -.03 221 .03
Distance - social media 0.00 (0.00) (-0.01 to 0.00) -.02 -2.14 .03
Social media — distance -0.06 (0.04) (-0.14 t0 0.02) -.02 -1.40 16
Distance - distance 0.12 (0.02) (0.10t0 0.14) 12 10.94 <.001
Social media - social media 0.11 (0.02) (0.09t00.14) A1 929 <.001
Correlated change W6-8 0.00 (0.00) (-0.01t0 0.01) .00 0.33 74
Between-person correlation -0.01 (0.02) (-0.03 to -0.00) -.04 -2.54 .01

Differencesin Social Media Platforms and Sour ces of
Information on Social Media

In the last 2 analyses, we further explored the differences
between several social media platforms and the sources that
appear on these platformsfor COVID-19 news and information.
The explorationswere performed in asubsample of participants
who received the extensive social mediamodulein waves2 and
4 (n=9992 and Nypeervations—12,456). Facebook was the most
frequently used platform (5274/12,456, 42.34%), wheress all
other platforms were used between 15.7% (1995/12,456) and
11.03% (1374/12,456) of the time. When a socia media
platform was used, Facebook (n=5274; mean 4.91, SD 2.36),
Instagram (n=1881; mean 4.49, SD 2.44), and Twitter (n=1786;
mean 4.68, SD 2.38) were used for more than half of the days
per week for COVID-19 news and information. Linkedin
(n=1955; mean 3.16, SD 2.12) and YouTube (n=1374; mean
281, SD 2.07) were used for fewer days per week for
COVID-19 news and information.

The first linear mixed-effects model  (Rugina=0.07,

R onitiona=0-89) investigated the association between physical
distancing and the number of days per week during which
different social mediaplatformswere used for COVID-19 news
and information (Table 6).

The results of the model showed that some platforms had no
association or a dlightly positive association with physical

distancing (ie, Twitter and LinkedIn), whereas others had a
negative association (ie, Facebook, Instagram, and YouTube;
Figure 3).

Potentialy, differencesin associations emerged because various
information sources were portrayed on different platforms.
Therefore, we further investigated the sources of COVID-19
news and information on the social media platforms used by
participants. Governmental (6511/12,456, 52.3%), national
news (6429/12,456, 51.6%), and personal communication
(7237/12,456, 58.1%) were the most common sourceson social
media platforms. Regional news (3036/12,456, 24.4%) and
other sources (1454/12,456, 11.5%) were used less frequently
for COVID-19 news and information.

In the second linear mixed-effects model, the social media
platform variables were substituted for a dummy variable per
source, contrasting seeing asource (0.5) on social mediaversus
not seeing a source on social media (-0.5). The model
(Rmargina=0-06, Reoonditiona=0-53) showed that being exposed
to governmental sources had a distinctly small positive
association, compared with the other sources that had no or a
small negative association with physical distancing (Table 7).
Together, these 2 exploratory anal yses suggest that associations
between physical distancing and using social media for
COVID-19 news and information are less straightforward.
Depending on the social media platform that people used and
the sources they were exposed to on socia media, the
associations varied in effect size and direction.

Table6. Multivariate linear mixed-effectsmodel predicting physical distancing behavior (n=9992; number of observations=12,456; intraclass correlation

coefficient of participants=0.48; margina R?=0.04; conditional RZ:O.SO).

Variable B (SE) 95% CI B t test (df) P vaue
Intercept 4.01(0.07) (3.88t04.15) .00 57.72 (9734.55) <.001
Facebook -0.04 (0.01) (~0.05 to —0.03) -.06 -6.06 (11,930.58) <.001
Twitter 0.02 (0.01) (0.00to 0.04) .02 2.17 (11,380.53) .03
Instagram -0.02 (0.01) (~0.04 to 0.00) -.02 -2.38(12,429.39) .02
YouTube -0.09 (0.01) (-0.12 to -0.07) -.06 -6.36 (12,443.79) <.001
LinkedIn 0.04 (0.01) (0.01 to 0.06) .03 2.94 (12,262.32) .003
Sex (male) 0.12 (0.04) (0.05t0 0.19) .03 3.43(9871.87) <.001
Wave -0.57 (0.03) (-0.62 to -0.52) -0.16 -20.88 (6389.34) <.001
Emerging adult -1.00 (0.14) (-1.27t0-0.73) -0.07 -7.36 (9631.78) <.001
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Figure 3. Associations between the number of days spent using different social media platforms and physical distancing.
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Table7. Multivariate linear mixed-effects model of social mediasources predicting physical distancing behavior (n=5986; number of observations=7221,
intraclass correlation coefficient of participants=0.48; marginal R®=0.04; conditional R2=0.53).

Variable B (SE) 95% ClI B t test (df) P vaue
Intercept 3.85(0.08) (3.68 10 4.01) .00 46.39 (5994.70) <.001
Government 0.10 (0.03) (0.05t0 0.16) .05 3.68(7178.46) <.001
National news -0.05 (0.03) (-0.11 to 0.01) -.02 -1.73 (7106.50) .08
Regional news -0.04 (0.03) (-0.11t0 0.03) -.01 -1.14 (7077.41) .25
Personal communication —0.08 (0.02) (-0.13t0 -0.04) -.05 -3.86 (7162.97) <.001
Other -0.10 (0.04) (-0.18t0 -0.03) -.03 -2.74 (7085.96) .006
Sex (male) 0.05 (0.05) (~0.05 to 0.14) 01 0.96 (5862.23) 34
Wave -0.59 (0.04) (~0.66 to —0.52) -.16 -16.35 (3694.48) <.001
Emerging adult -1.05(0.15) (-1.35 to —0.75) -.09 -6.93 (5691.54) <.001
Discussion categoriesimplies. Thisfinding wasin linewith previous studies

Principal Findings

This study investigated differences between emerging adults
and adults in terms of physical distancing. Moreover, the role
of using social mediafor COVID-19 newsand information was
investigated by examining its mediating role and to what extent
different social media platforms and sources relate to physical
distancing. These questions were addressed in a longitudinal
panel study of alarge sample of Dutch adults conducted between
April and November 2020. On the basis of our findings, 3 main
conclusions can be drawn.

Firgt, our findings demonstrate that the physical distancing
behavior is lower in the group of emerging adults than in the
group of adults. Moreover, we believe that physical distancing
increases with age as the expl oration with nondichotomous age

https://infodemiology.jmir.org/2022/2/e33713
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that reported that emerging adults or younger participants, on
average, maintain physical distance less often than adults
[29,31]. One potential explanation liesin psychosocial models
such as the health belief model [42] and protection motivation
theory [43]. Given the lower personal health risks for younger
people, the perceived vulnerability, severity, and perceived
benefits of physical distancing might belower, whereasthe cost
and barriers to compliance would be higher, giving up more of
socia daily life[27,31].

The second conclusion is that using social media for news and
information on COVID-19 is negatively related to physical
distancing behavior, irrespective of age. Moreover, the emerging
adults in our study were more likely to use social media for
COVID-19 news and information, and social media played a
small rolein physical distancing behaviors. However, because
the indirect relationship was trivially small compared with the
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direct relationship, we consider social mediause only asavery
limited, not meaningful, explanation of emerging adults’ lower
physical distancing behavior.

Moreover, the longitudinal panel model showed no support for
the direction of social media use, leading to lower physical
distancing in the subsequent wave. Rather, the analysis showed
a significant, albeit small, cross-lagged path between physical
distancing and future social mediause. A potential explanation
is selective attention to COVID-19 news and information that
affirmstheir current beliefs about COVID-19 and avoids media
content that is dissonant with their behavior [44,45], similar to
political news seeking [46]. This would mean that those who
disagree with the prevailing measures turn away from other
types of sources such astelevision, governmental websites, and
newspapers when they seek information and news about the
coronavirus, as the portrayed images are not in line with their
beliefs. Therefore, using social mediafor COVID-19 news and
information can be seen as a sign of noncompliance and not as
asource of noncomplianceto the prevailing measures. However,
the observed effect in this study was so small that at this stage,
we are not in a position to draw firm conclusions, and further
investigation is warranted.

Finally, the explorationsin this study suggest that social media
use is not always bad for physical distancing behaviors, with
some platforms showing small positive relations with physical
distancing. Moreover, the types of sources portrayed in these
social media messages seem to relate to physical distancing.
We can draw tentative conclusions that users looking for
COVID-19 newsand information on Linkedln and Twitter were
more likely to adhere to physical distancing measures, albeit
with relatively weak associations. Similarly, the use of social
media posts from governmental sources was related to greater
physical distancing, whereas web-based personal communication
seemed to be related to less physical distancing. Overal, it
should be noted that the strength of the observed associations
between social mediause and physical distancing wasrelatively
low or even nonsignificant, such as for national and regional
news sources on social media.

Strengths and Limitations

Intheliterature on COVID-19, animpressive number of studies
have investigated the impact of the virus and its corresponding
regulations. Some studies have focused on student samples but
overlooked going beyond young people who attend
postsecondary education or comparing this age group to adults.
In this study, we had the opportunity to fill this gap by using a
very large sample of emerging adults and adults. In addition, a
substantive subset was part of alongitudinal sample, enabling
us to investigate the relationships over time and sensitize the
directionality of relationships. By using both multivariate mixed
effectsmodels and random intercept cross-lagged panel models,
we were able to control for the clustering of data with each
participant that responded multiple times and investigated the
directionally of the studies association. Furthermore,
open-science practices were used, in which the hypotheses and
analyseswere preregistered before the analyseswere performed,
and the scripts used are publicly available.

https://infodemiology.jmir.org/2022/2/e33713
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Thisresearch also has some limitations that must be considered
when interpreting the findings, which can be addressed in future
research. For example, a crude measurement of participants
age was used. As secondary data were used, this study had no
control over the questions being asked or the data being stored.
The survey was carried out with much attention paid to the
privacy of the participants. To reduce the traceability of the
participants, the age variable was measured in categories. We
encourage these anonymization efforts, but they might have
made the estimated parameters less precise, and another level
of detail could have been achieved by having the exact age of
the participants. Future large-scale projects could address this
issue by creating synthetic data sets before analyzing the data
to retain the privacy of the participants [47].

In addition, physical distancing was measured through
retrospective self-report. Participants indicated in each wave
how often they had maintained physical distance from others
in the preceding 7 days. Considering all potential biases (eg,
recall bias, primacy and recency bias, and social desirability),
it is conceivable that the reported behavior deviates from the
objective physical distancing behavior. However, we do not
believe that the effects of potential biases may be different for
different age groups. Related to this is the measurement of
sources used for information and news on COVID-19.
Participants responded by sel ecting several types of mediafrom
the provided list. The actual amount and specific content seen
on social media or other sources could not be derived in this
study. One way of obtaining more detailed information in
large-scale studieswould beto ask participantsto donatelogging
data of the used social networking sites (eg, cookies or browser
history) or ask participants to install a mobile sensing app to
collect media use and physical distancing behaviors [48,49].

Finally, the size of the sample also warrants some caution in
the context of null hypothesis significance testing because even
tiny effects can reach the preregistered critical value of P<.05.
Asaresult, the question arises of whether the significant effect
is big enough to be concerned about. In our analyses, we used
standardized effect sizes representing a 1 SD increase on the
Likert scale measuring physical distancing. However, as the
answerson the Likert scale do not form an absol ute continuous
scale, aquantifiable interpretation of the size of the significant
effectsisnot straightforward. We havetried to indicate whether
we deem the effect meaningful by examining anincreased model
fit of aparticular variable. However, at the sametime, the large
sample size eliminates the argument of insufficient power to
detect an effect and make a type 2 error. This gives us more
confidence in deciding that when an effect is not statistically
significant, it is highly likely to be absent. However, other
arguments regarding why the hypotheses can befalsely rejected
remain applicable to this study.

Conclusions

Our study indicates a substantive gap between emerging adults
and adultsin physical distance behavior during the COVID-19
pandemic and yet yields anuanced view on emerging adulthood
and the role of social media. Given the overal increase with
age, we cannot make firm conclusions that the group of
emerging adults should be seen as a particularly problematic
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group initself but rather that the ol der people become, the more
often they comply with physical distancing measures. Moreover,
although using social media for COVID-19 news and
information isnegatively related to physical distancing behavior,
it does not seem to be an important factor in explaining why
emerging adults comply less with the behavioral measures, nor
does it lead to changes in physical distancing behavior over
time. Finally, there are differences between the various socia
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media platforms and sources, with some platforms and sources
showing negative associations and other platforms showing
positive to no associations with physical distancing. However,
we should be cautiousin assuming that these social media affect
behaviors because they may very well beindicators of selective
exposure to social media that match one's physical distancing
behaviors.

1. DongE, DuH, Gardner L. An interactive Web-based dashboard to track COVID-19 in real time. Lancet Infect Dis 2020
May;20(5):533-534 [FREE Full text] [doi: 10.1016/S1473-3099(20)30120-1] [Medline: 32087114]

2. Islam N, Sharp SJ, Chowell G, Shabnam S, Kawachi I, Lacey B, et al. Physical distancing interventions and incidence of
coronavirus disease 2019: natural experiment in 149 countries. BMJ 2020 Jul 15;370:m2743 [FREE Full text] [doi:

10.1136/bmj.m2743] [Medline: 32669358]

3. SedleH, Dyer CE, Abdi I, Rahman KM, Sun'Y, Qureshi MO, et a. Improving theimpact of non-pharmaceutical interventions
during COVID-19: examining the factors that influence engagement and the impact on individuals. BMC Infect Dis 2020
Aug 17;20(1):607 [FREE Full text] [doi: 10.1186/s12879-020-05340-9] [Medline: 32807087]

4.  Ball-Rokeach SJ. The origins of individual media-system dependency: a sociological framework. Commun Res 1985 Oct

1,12(4):485-510. [doi: 10.1177/009365085012004003]

5.  Garfin DR, Silver RC, Holman EA. The novel coronavirus (COVID-2019) outbreak: amplification of public health
consequences by media exposure. Health Psychol 2020 May;39(5):355-357 [FREE Full text] [doi: 10.1037/hea0000875]

[Medline: 32202824]

6.  Gerbner G. Cultivation analysis: an overview. Mass Commun Soc 1998 Jun;1(3-4):175-194. [doi:

10.1080/15205436.1998.9677855]

7. BanduraA. Social Foundations of Thought and Action: A Social Cognitive Theory. Englewood Cliffs, NJ, USA:

Prentice-Hall; 1986.

8. LaRoseR. Social cognitive theories of mediaselection. In: Hartmann T, editor. Media Choice: A Theoretical and Empirical

Overview. New York, NY, USA: Routledge; 2009:10-31.

9.  LinHC, Chang CM. What motivates health information exchangein social media? The roles of the social cognitive theory
and perceived interactivity. Inf Manag 2018 Sep;55(6):771-780. [doi: 10.1016/j.im.2018.03.006]

10. Cheng JW, Mitomo H, Otsuka T, Jeon SY. Cultivation effects of mass and social media on perceptions and behavioural
intentions in post-disaster recovery — the case of the 2011 Great East Japan Earthquake. Telemat Inform 2016

Aug;33(3):753-772. [doi: 10.1016/j.tele.2015.12.001]

11. Tang Z, Miller AS, Zhou Z, Warkentin M. Does government social media promote users' information security behavior
towards COVID-19 scams? Cultivation effects and protective motivations. Gov Inf Q 2021 Apr;38(2):101572 [FREE Full
text] [doi: 10.1016/j.9iq.2021.101572] [Medline: 35719729]

12. Cindlli M, Quattrociocchi W, Galeazzi A, Valensise CM, Brugnoli E, Schmidt AL, et a. The COVID-19 social media
infodemic. Sci Rep 2020 Oct 06;10(1):16598 [FREE Full text] [doi: 10.1038/s41598-020-73510-5] [Medline: 33024152]

13. PalenL, Vieweg S, Liu SB, Hughes AL. Crisisin a networked world: features of computer-mediated communication in
the April 16, 2007, VirginiaTech Event. Soc Sci Comput Rev 2009 Apr 08;27(4):467-480. [doi: 10.1177/0894439309332302]

14. We YJ, McIntyre FS, Straub D. Does micro-blogging lead to a more positive attitude toward a brand?—a perspective of
cultivation theory. J Promot Manag 2020 Jan 29;26(4):504-523. [doi: 10.1080/10496491.2020.1719957]

15. Tasnim S, Hossain MM, Mazumder H. Impact of rumors and misinformation on COVID-19 in social media. J Prev Med
Public Health 2020 May;53(3):171-174 [FREE Full text] [doi: 10.3961/jpmph.20.094] [Medline: 32498140]

16. KulshresthaJ, ESlami M, MessiasJ, Zafar MB, Ghosh S, Gummadi KP, et al. Quantifying search bias: investigating sources
of biasfor political searchesin social media. In: Proceedings of the 2017 ACM Conference on Computer Supported
Cooperative Work and Social Computing. 2017 Presented at: CSCW '17; February 25-March 1, 2017; Portland, OR, USA

p. 417-432. [doi: 10.1145/2998181.2998321]

17.  Jennings W, Stoker G, Willis H, Valgardsson V, Gaskell J, Devine D, et al. Lack of trust and social media echo chambers
predict COVID-19 vaccine hesitancy. medRxiv 2021 Jan 27. [doi: 10.1101/2021.01.26.21250246]
18. Ghersetti M, Westlund O. Habits and generational media use. Journal Stud 2016 Nov 22;19(7):1039-1058. [doi:

10.1080/1461670x.2016.1254061]

19. Middaugh E. Teens, social media, and fake news. In: Journell W, editor. Unpacking Fake News: An Educator's Guide to
Navigating the Media With Students. New York, NY, USA: Teachers College Press; 2019:42-59.

https://infodemiology.jmir.org/2022/2/e33713

JMIR Infodemiology 2022 | vol. 2 | iss. 2 | 33713 | p. 11
(page number not for citation purposes)


http://europepmc.org/abstract/MED/32087114
http://dx.doi.org/10.1016/S1473-3099(20)30120-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32087114&dopt=Abstract
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=32669358
http://dx.doi.org/10.1136/bmj.m2743
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32669358&dopt=Abstract
https://bmcinfectdis.biomedcentral.com/articles/10.1186/s12879-020-05340-9
http://dx.doi.org/10.1186/s12879-020-05340-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32807087&dopt=Abstract
http://dx.doi.org/10.1177/009365085012004003
http://europepmc.org/abstract/MED/32202824
http://dx.doi.org/10.1037/hea0000875
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32202824&dopt=Abstract
http://dx.doi.org/10.1080/15205436.1998.9677855
http://dx.doi.org/10.1016/j.im.2018.03.006
http://dx.doi.org/10.1016/j.tele.2015.12.001
http://europepmc.org/abstract/MED/35719729
http://europepmc.org/abstract/MED/35719729
http://dx.doi.org/10.1016/j.giq.2021.101572
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35719729&dopt=Abstract
https://doi.org/10.1038/s41598-020-73510-5
http://dx.doi.org/10.1038/s41598-020-73510-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33024152&dopt=Abstract
http://dx.doi.org/10.1177/0894439309332302
http://dx.doi.org/10.1080/10496491.2020.1719957
https://dx.doi.org/10.3961/jpmph.20.094
http://dx.doi.org/10.3961/jpmph.20.094
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32498140&dopt=Abstract
http://dx.doi.org/10.1145/2998181.2998321
http://dx.doi.org/10.1101/2021.01.26.21250246
http://dx.doi.org/10.1080/1461670x.2016.1254061
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY van Woudenberg et al

20. Westlund O, Ghersetti M. Modelling news media use. Journal Stud 2014 Jan 07;16(2):133-151. [doi:
10.1080/1461670x.2013.868139]

21. Dadaczynski K, Okan O, Messer M, Leung AY, Rosario R, Darlington E, et a. Digital health literacy and Web-based
information-seeking behaviors of university studentsin Germany during the COVID-19 pandemic: cross-sectional survey
study. JMed Internet Res 2021 Jan 15;23(1):e24097 [FREE Full text] [doi: 10.2196/24097] [Medline: 33395396]

22. LidgtsaE, BenjaminKS, Chun SK, Skalisky J, Hammond LE, Mezulis AH. Lonelinessamong young adultsduring COVID-19
pandemic: the mediational roles of social mediause and socia support seeking. J Soc Clin Psychol 2020 Dec;39(8):708-726.
[doi: 10.1521/jscp.2020.39.8.708]

23. WongFH, LiuT, Leung DK, Zhang AY, Au WS, Kwok WW, et al. Consuming information related to COVI1D-19 on social
mediaamong older adults and its association with anxiety, socia trust ininformation, and covid-safe behaviors: cross-sectional
telephone survey. JIMed Internet Res 2021 Feb 11;23(2):e26570 [FREE Full text] [doi: 10.2196/26570] [Medline: 33523825]

24. Garbel, Rau R, Toppe T. Influence of perceived threat of Covid-19 and HEXACO personality traits on toilet paper
stockpiling. PL0S One 2020 Jun 12;15(6):e0234232 [EREE Full text] [doi: 10.1371/journal.pone.0234232] [Medline:
32530911]

25. Wu Z, McGoogan JM. Characteristics of and important lessons from the coronavirus disease 2019 (COVID-19) outbreak
in China: summary of areport of 72 314 cases from the Chinese Center for Disease Control and Prevention. JAMA 2020
Apr 07;323(13):1239-1242. [doi: 10.1001/jama.2020.2648] [Medline: 32091533]

26. Zhang M. Estimation of differential occupational risk of COVID-19 by comparing risk factorswith case data by occupational
group. Am JIind Med 2021 Jan;64(1):39-47 [EREE Full text] [doi: 10.1002/ajim.23199] [Medline: 33210336]

27. Crone EA, Dahl RE. Understanding adolescence as a period of social-affective engagement and goal flexibility. Nat Rev
Neurosci 2012 Sep;13(9):636-650. [doi: 10.1038/nrn3313] [Medline: 22903221]

28. Bish A, Michie S. Demographic and attitudinal determinants of protective behaviours during a pandemic: areview. Br J
Health Psychol 2010 Nov;15(Pt 4):797-824 [FREE Full text] [doi: 10.1348/135910710X485826] [Medline: 20109274]

29. Coroiu A, Moran C, Campbell T, Geller AC. Barriers and facilitators of adherence to socia distancing recommendations
during COVID-19 among alarge international sample of adults. PLoS One 2020 Oct 7;15(10):€0239795 [FREE Full text]
[doi: 10.1371/journal.pone.0239795] [Medline: 33027281]

30. Beeckman M, De Pagpe A, Van Alboom M, Maes S, Wauters A, Baert F, et al. Adherence to the physical distancing
measures during the COVID-19 pandemic: a HAPA-based perspective. Appl Psychol Health Well Being 2020
Dec;12(4):1224-1243. [doi: 10.1111/aphw.12242] [Medline: 33052008]

31. Kowalski RM, Black KJ. Protection motivation and the COVID-19 virus. Health Commun 2021 Jan;36(1):15-22. [doi:
10.1080/10410236.2020.1847448] [Medline: 33190547]

32.  Arnett JJ. Emerging adulthood: atheory of development from the late teens through the twenties. Am Psychol
2000;55(5):469-480. [doi: 10.1037/0003-066x.55.5.469]

33. Bronfenbrenner U. The Ecology of Human Devel opment: Experiments by Nature and Design. Cambridge, MA, USA:
Harvard University Press; 1979.

34. Chaffee SH, McLeod JM, Atkin CK. Parental influences on adolescent mediause. Am Behav Sci 1971 Jan 1;14(3):323-340.
[doi: 10.1177/000276427101400304]

35. Van Woudenberg T, Buijzen M, Lambooij M, Hendrikx R, van Weert J, van den Putte B. Physical distancing, media use
and well being in (emerging) adults. Open Science Framework. 2022 Dec 2. URL : https://osf.io/9bygv [accessed 2022-07-22)

36. Van Woudenberg T, Buijzen M, Lambooij M, Hendrikx R, van Weert J, van den Putte B. Data bel oning to physical
distancing, media use and well being in (emerging) adults. Open Science Framework. 2022 Dec 2. URL: https://osf.io/
ypars [accessed 2022-07-22]

37. BatesD, Méchler M, Bolker B, Walker S. Fitting linear mixed-effects modelsusing Ime4. J Stat Softw 2015 Oct 7;67(1):1-48.
[doi: 10.18637/jss.v067.i01]

38. R Core Team. R: alanguage and environment for statistical computing. R Foundation for Statistical Computing. 2013.
URL: http://www.R-project.org/ [accessed 2022-07-11]

39. Satterthwaite FE. An approximate distribution of estimates of variance components. Biometrics Bull 1946 Dec;2(6):110-114.
[doi: 10.2307/3002019]

40. YuQ,LiB. Third-variable effect analysiswith multilevel additive models. PLoS One 2020 Oct 23;15(10):€0241072 [FREE
Full text] [doi: 10.1371/journal.pone.0241072] [Medline: 33095796]

41. Hamaker EL, Kuiper RM, Grasman RP. A critique of the cross-lagged panel model. Psychol Methods 2015
Mar;20(1):102-116. [doi: 10.1037/a0038889] [Medline: 25822208]

42. Glanz K, Rimer BK, Viswanath K. Health Behavior: Theory, Research, and Practice. 5th edition. Hoboken, NJ, USA: John
Wiley & Sons; 2015.

43. Rogers RW. A protection motivation theory of fear appeals and attitude changel. J Psychol 1975 Sep 02;91(1):93-114.
[doi: 10.1080/00223980.1975.9915803] [Medline: 28136248]

44. Festinger L. A Theory of Cognitive Dissonance. Redwood City, CA, USA: Stanford University Press; 1957.

45. McQuail D. McQuail's Mass Communication Theory. 6th edition. Thousand Oaks, CA, USA: Sage Publications; 2010.

https://infodemiol ogy.jmir.org/2022/2/€33713 JMIR Infodemiology 2022 | vol. 2 |iss. 2| €33713 | p. 12

(page number not for citation purposes)


http://dx.doi.org/10.1080/1461670x.2013.868139
https://www.jmir.org/2021/1/e24097/
http://dx.doi.org/10.2196/24097
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33395396&dopt=Abstract
http://dx.doi.org/10.1521/jscp.2020.39.8.708
https://www.jmir.org/2021/2/e26570/
http://dx.doi.org/10.2196/26570
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33523825&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0234232
http://dx.doi.org/10.1371/journal.pone.0234232
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32530911&dopt=Abstract
http://dx.doi.org/10.1001/jama.2020.2648
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32091533&dopt=Abstract
http://europepmc.org/abstract/MED/33210336
http://dx.doi.org/10.1002/ajim.23199
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33210336&dopt=Abstract
http://dx.doi.org/10.1038/nrn3313
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22903221&dopt=Abstract
http://europepmc.org/abstract/MED/20109274
http://dx.doi.org/10.1348/135910710X485826
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20109274&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0239795
http://dx.doi.org/10.1371/journal.pone.0239795
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33027281&dopt=Abstract
http://dx.doi.org/10.1111/aphw.12242
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33052008&dopt=Abstract
http://dx.doi.org/10.1080/10410236.2020.1847448
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33190547&dopt=Abstract
http://dx.doi.org/10.1037/0003-066x.55.5.469
http://dx.doi.org/10.1177/000276427101400304
https://osf.io/9bygv
https://osf.io/ypa75
https://osf.io/ypa75
http://dx.doi.org/10.18637/jss.v067.i01
http://www.R-project.org/
http://dx.doi.org/10.2307/3002019
https://dx.plos.org/10.1371/journal.pone.0241072
https://dx.plos.org/10.1371/journal.pone.0241072
http://dx.doi.org/10.1371/journal.pone.0241072
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33095796&dopt=Abstract
http://dx.doi.org/10.1037/a0038889
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25822208&dopt=Abstract
http://dx.doi.org/10.1080/00223980.1975.9915803
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28136248&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY van Woudenberg et al

46.

47.

48.

49,

Messing S, Westwood SJ. Selective exposure in the age of social media. Commun Res 2012 Dec 31;41(8):1042-1063. [doi:
10.1177/0093650212466406]

QuintanaDS. A synthetic dataset primer for the biobehavioural sciencesto promote reproducibility and hypothesis generation.
Elife 2020 Mar 11;9:e53275 [FREE Full text] [doi: 10.7554/eL ife.53275] [Medline: 32159513]

Lind MN, ByrneML, WicksG, Smidt AM, Allen NB. The Effortless Assessment of Risk States (EARS) tool: aninterpersonal
approach to mobile sensing. IMIR Ment Health 2018 Aug 28;5(3):e10334 [ FREE Full text] [doi: 10.2196/10334] [Medline:
30154072]

van Woudenberg TJ, Bevelander KE, Burk WJ, Smit CR, BuijsL, Buijzen M. Comparing the measurement of different
social networks: peer nominations, online communication, and proximity data. Net Sci 2020 Jan 31;8(1):62-78. [doi:
10.1017/nws.2019.65]

Abbreviations

AIC: Akaike information criterion
BIC: Bayesian information criterion

Edited by R Cuomo; submitted 20.09.21; peer-reviewed by T Lum, K Reuter; comments to author 14.01.22; revised version received
02.02.22; accepted 02.04.22; published 11.08.22

Please cite as:

van Woudenberg T, Buijzen M, Hendrikx R, van Weert J, van den Putte B, Kroese F, Bouman M, de Bruin M, Lambooij M

Physical Distancing and Social Media Usein Emerging Adults and Adults During the COVID-19 Pandemic: Large-scale Cross-sectional
and Longitudinal Survey Study

JMIR Infodemiology 2022;2(2):e33713

URL.: https://infodemiology.jmir.org/2022/2/€33713

doi: 10.2196/33713

PMID: 35996459

©Thabo van Woudenberg, Moniek Buijzen, Roy Hendrikx, Julia van Weert, Bas van den Putte, Floor Kroese, Martine Bouman,
Marijn de Bruin, Mattijs Lambooij. Originally published in IMIR Infodemiology (https://infodemiology.jmir.org), 11.08.2022.
This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Infodemiology, is properly cited. The complete bibliographic information, a
link to the original publication on https://infodemiology.jmir.org/, as well as this copyright and license information must be
included.

https://infodemiol ogy.jmir.org/2022/2/€33713 JMIR Infodemiology 2022 | vol. 2 |iss. 2| €33713 | p. 13

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1177/0093650212466406
https://doi.org/10.7554/eLife.53275
http://dx.doi.org/10.7554/eLife.53275
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32159513&dopt=Abstract
https://mental.jmir.org/2018/3/e10334/
http://dx.doi.org/10.2196/10334
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30154072&dopt=Abstract
http://dx.doi.org/10.1017/nws.2019.65
https://infodemiology.jmir.org/2022/2/e33713
http://dx.doi.org/10.2196/33713
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35996459&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

