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Abstract 

Background The SARS-CoV-2 transmission dynamics have been greatly modulated by human contact behaviour. To 
curb the spread of the virus, global efforts focused on implementing both Non-Pharmaceutical Interventions (NPIs) 
and pharmaceutical interventions such as vaccination. This study was conducted to explore the influence of COVID-
19 vaccination status and risk perceptions related to SARS-CoV-2 on the number of social contacts of individuals in 16 
European countries.

Methods We used data from longitudinal surveys conducted in the 16 European countries to measure social contact 
behaviour in the course of the pandemic. The data consisted of representative panels of participants in terms of gen-
der, age and region of residence in each country. The surveys were conducted in several rounds between December 
2020 and September 2021 and comprised of 29,292 participants providing a total of 111,103 completed surveys. We 
employed a multilevel generalized linear mixed effects model to explore the influence of risk perceptions and COVID-
19 vaccination status on the number of social contacts of individuals.

Results The results indicated that perceived severity played a significant role in social contact behaviour dur-
ing the pandemic after controlling for other variables (p-value < 0.001). More specifically, participants who had low 
or neutral levels of perceived severity reported 1.25 (95% Confidence intervals (CI) 1.13 - 1.37) and 1.10 (95% CI 1.00 
- 1.21) times more contacts compared to those who perceived COVID-19 to be a serious illness, respectively. Addi-
tionally, vaccination status was also a significant predictor of contacts (p-value < 0.001), with vaccinated individuals 
reporting 1.31 (95% CI 1.23 - 1.39) times higher number of contacts than the non-vaccinated. Furthermore, individual-
level factors played a more substantial role in influencing contact behaviour than country-level factors.

Conclusion Our multi-country study yields significant insights on the importance of risk perceptions and vaccina-
tion in behavioral changes during a pandemic emergency. The apparent increase in social contact behaviour follow-
ing vaccination would require urgent intervention in the event of emergence of an immune escaping variant.
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Background
The COVID-19 pandemic has led to unprecedented 
wide-ranging effects across the globe on social life and 
mental health, and has adversely affected the global 
economy [1–4]. This has resulted in individuals adopt-
ing differential coping behaviours to deal with the psy-
chological distress caused by the pandemic [5–7]. Since 
its emergence, it has led to massive loss of lives world-
wide with an estimated 6.9 million confirmed COVID-
19 deaths as of May, 29th 2023 [8], and an approximated 
14.9 million excess deaths associated with the pandemic 
in 2020 and 2021 [9]. Furthermore, there is mounting 
evidence that some of the people who suffered from the 
COVID-19 disease experience prolonged adverse health 
effects with continued multisystemic symptoms weeks 
and months post infection with a substantial impact on 
health and wellbeing [10, 11]. From March 11, 2020, the 
time COVID-19 was declared a global pandemic by the 
World Health Organization [12], different countries have 
experienced different waves of the pandemic. This in turn 
has led to implementation of a range of interventions to 
alleviate pressure on the healthcare systems as well as to 
control the pandemic [13, 14]. Before the introduction of 
the COVID-19 vaccines, governments relied on adopt-
ing various Non-Pharmaceutical Interventions (NPIs) to 
curtail the transmission dynamics of SARS-CoV-2 [15]. 
Since the introduction of the COVID-19 vaccines, differ-
ent governments have adopted different vaccine roll out 
strategies. As vaccine uptake is increasing globally [16], 
governments are monitoring and adjusting NPIs depend-
ing on the epidemic situation in their respective countries 
[14]. Due to the continuing uncertainty on the future tra-
jectory of the pandemic, as has been demonstrated by 
the newly emerging COVID-19 variants of concern such 
Omicron and its sub-variants [17, 18], global efforts on 
both vaccination and proportionate implementation of 
relevant NPIs are essential to reduce cases without too 
much negative social and economic impacts [19, 20].

Since NPIs mainly encompass social distancing meas-
ures, adherence to these measures might be influenced 
by attitudinal and demographic determinants [21]. Dur-
ing the past pandemics, the control of fast spreading 
infectious diseases has relied, partially on populations’ 
risk perceptions, both at individual and societal level 
[22]. Thus, investigating the key attitudinal determinants 
influencing behavioral responses is pivotal to continue 
guiding the implementation of appropriate strategies. 
Risk perception is a key component of the Health Belief 
Model (HBM) [23] and the theory of Protection Motiva-
tion and Self-efficacy (PMS) [24]. The HBM framework 
emphasizes that individual’s likelihood to adopt health 
preventive behaviours are mainly based on their risk per-
ceptions [23]. Whilst the PMS theory postulates that the 

implementation of the recommended health protective 
behaviours is based on individual’s risk perceptions and 
self-efficacy to adopt them [24]. Several empirical studies 
have explored the relationship between risk perceptions 
and the adoption of health protective measures during 
the current COVID-19 pandemic [25–32] and previ-
ous pandemics [33, 34] and found that risk perceptions 
play a significant role in the adoption of health protective 
measures. The most utilized health protective behaviours 
in these studies include physical distancing, frequency of 
hand washing, wearing of face masks, and avoiding pub-
lic places. Risk perception has yielded significant rela-
tionships with the number of social contacts from two 
recent studies, one in Belgium [31] and the other in UK 
[35] during the COVID-19 pandemic.

In addition to the NPIs which are mainly focused on 
reducing close person-to-person contacts, following the 
initiation and continued uptake of COVID-19 vaccina-
tion, it is imperative to explore whether vaccination alters 
social contact behaviour given the inherent uncertainties 
in vaccine waning as well as protection against emerging 
variants [36]. However, the literature on the relationship 
between COVID-19 vaccination status and perceptions 
and social contact behaviour during a pandemic is very 
limited. Thus, given the crucial role of contact behav-
iour in the dynamics of SARS-CoV-2 virus [37, 38], it is 
important to analyse how specific COVID-19 percep-
tions and vaccination status relate to the number of social 
contacts in a wider geographical context for the ongoing 
management of the pandemic. Utilizing data collected 
under different phases of the pandemic and also under 
different intervention measures from multiple countries 
is crucial to correctly disentangle possible transient and/
or country specific effects.

Here, we present analyses of the influence of COVID-
19 risk perceptions and vaccination status on the number 
of social contacts of individuals using longitudinal social 
contact data collected during the COVID-19 pandemic 
as part of the CoMix study [39]. This is pivotal to con-
tinue enhancing the understanding between risk percep-
tions and social contacts as the world continue pushing 
towards a post-acute phase of the pandemic.

Methods
Ethics statement
Approvals for the CoMix study questionnaires and pro-
tocols were initially obtained from the Ethics Com-
mittee of the London School of Hygiene and Tropical 
Medicine Reference number 21795 and through the 
local ethical committees for each individual country in 
the study. Informed consent was obtained via the inter-
net from all subjects and their parents or legal guardians 
involved in the study. All the analyses were performed 
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on pseudo-anonymised data. The full names of all the 
country-specific Institutional Review Boards (IRBs) that 
provided ethical approval are given in Supplementary 
Table  S12 in Additional file  2. All methods were per-
formed in accordance with the relevant guidelines and 
regulations.

Survey methodology
The CoMix study is an online multi-country longitudi-
nal social contact survey conducted during the COVID-
19 pandemic [39]. The survey started in March 2020 in 
the UK [40] and April 2020 in the Netherlands [41] and 
Belgium [37]. Between December 2020 and April 2021, 
the survey was extended to eight additional European 
countries (Denmark, Austria, France, Poland, Italy [42], 
Portugal, Poland and Spain). Between February 2021 and 
October 2021, the survey was further extended to eight 
more European countries (Greece, Finland, Hungary, 
Estonia, Slovakia, Lithuania, Switzerland and Croatia). 
In this paper, we used data from the latter 16 countries, 
pertaining to surveys taken between December 2020 
and September 2021. For more details on the country-
specific timelines of the data collection for each survey 
round, see Supplementary Table  1, Additional file  1. In 
each of these countries, representative panels of partic-
ipants aged 18 years or above were invited via email to 
complete the CoMix survey. The panels of participants 
in each country were nationally-representative based on 
gender, age, and region of residence. Although the sur-
vey collected information in adults, data for children (i.e. 
below 18 years of age) was collected via a proportion of 
the adult respondents reporting for only one chosen 
child in their household. The recruitment and data col-
lection were conducted by a contracted market research 
company. In each country, the data was collected from 
the same individuals in successive survey waves. In each 
survey wave, individuals who agreed to participate were 
asked to report retrospectively the number of social con-
tacts made between 5am on the day preceding the sur-
vey day and 5am of the survey day. A social contact was 
defined as any conversation the participant had in person 
which involved at least an exchange of a few words, or 
involved a skin-to-skin contact. In addition, participants 
provided demographic information such as age, gender, 
high-risk status, household size, socio-economic status, 
data related to risk perceptions, information on whether 
the participant had received vaccination against the 
COVID-19.

The risk perceptions in the questionnaire were designed 
in consultation with domain experts in behavioural psy-
chology and consisted of three statements that the partic-
ipants were asked to respond to. The first statement was 
“I am likely to catch coronavirus”, the second was “I am 

worried that I might spread coronavirus to someone who 
is vulnerable”, and the third was “Coronavirus would be 
a serious illness for me”. The responses to the statements 
were coded on 5-point Likert scales: strongly agree, tend 
to agree, neither agree nor disagree, tend to disagree and 
strongly disagree for reliability analysis. We used Cron-
bach’s alpha [43] as a measure for the internal consistency 
of the risk perception items. We considered a thresh-
old of 0.80 of the Cronbach’s alpha reliability coefficient 
to group the items [43]. The three risk perception items 
had an overall Cronbach’s alpha of 0.670 (95% confidence 
interval (CI) 0.669 - 0.671) for all the countries combined. 
The Cronbach’s alpha for each individual country ranged 
between 0.33 (95% CI 0.30 - 0.36) and 0.76 (95% CI 0.75 
- 0.77). The results yielded three separate constructs (see 
Supplementary Section  0.1 on Reliability analysis and 
Supplementary Table  2, Additional file  1). We refer to 
these constructs as, perceived susceptibility, perceived risk 
to the vulnerable and perceived severity for the first, sec-
ond and third items, respectively. Statistical analysis was 
based on participants aged 18 years or above and consid-
ering three response levels: low perception (‘tend to disa-
gree’ and ‘strongly disagree’), neutral (‘neither agree nor 
disagree’ and ‘don’t know’) and high perception (‘strongly 
agree’ and ‘tend to agree’).

Data on stringency index
Due to the wide variations in the intervention measures 
initiated over time, it was important to standardize the 
stringency of local policy choices. This led to the launch 
of Oxford COVID-19 Government Response Tracker 
(OxCGRT), which provides a unified approach to follow 
the different government responses in different coun-
tries, and in some instances, sub-national restrictions 
over time [14]. This project utilizes a series of standard-
ized indicators which are summed up to create com-
posite indexes to represent the implementation levels of 
different intervention measures. The stringency index is 
computed using the following containment and closure 
policies (closure of schools and universities, closure of 
workplaces, limitations on gathering sizes, cancellation 
of public events, closure of public transport, restric-
tions to stay at home, and restrictions on domestic and 
international travels/movements). The stringency index 
takes values ranging from 0 (least stringent) to 100 (most 
stringent), and allows for cross-national comparisons of 
the implemented measures and policies. The OxCGRT is 
updated regularly as the government response measures 
change. This data is mainly obtained from publicly avail-
able sources such as government’s briefings, mass arti-
cles, press releases among others. More information can 
be obtained from Hale et al. [14].
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Statistical analyses
We employed a multilevel generalized linear mixed 
effects model (GLMM) to explore the associations 
between the risk perceptions and vaccination status 
with the number of social contacts [44]. The partici-
pants observations from each survey round (level-1) 
were nested within participants (level-2), and partici-
pants were nested within countries (level-3). Random 
effects were used to correct for correlations in this nested 
nature of the study. We also performed exploratory mod-
eling using GLMM where the country was considered as 
a fixed effect and the participants as random effects to 
explore cross-level effects of the country and individual 
perception variables [45]. In both modeling approaches, 
the number of social contacts is modelled using (1) a 
negative binomial distribution, accounting for possible 
overdispersion in the counts, and (2) zero-inflation com-
ponent to deal with excess zeroes in the number of social 
contacts. The intra-class correlation, which is a quan-
tity measure of the between and within group variation 
[46], was used to gain insights on heterogeneity in num-
ber of social contacts between and within the countries. 
Throughout our analyses, the number of contacts were 
truncated at 100. The models included the individual risk 
perception variables and vaccination status (vaccinated 
versus not vaccinated) and adjusted for the participant’s 
household size, gender, age, day of the week (week day 
versus weekend), self reported high risk status, history of 
COVID-19 infection, employment status, and stringency 
index as potential confounders. The stringency index 
was considered in four levels: low (0-40), moderate (41-
55), high (56-70) and very high (71-100). The vaccination 
status was primarily defined based on the first dose of 
any of the COVID-19 vaccines since some surveys were 
conducted in the initial phases of the vaccination where 
few individuals were fully vaccinated. History of infection 
was defined based on whether participants had previ-
ously tested for the virus. The models were fitted using 
maximum likelihood estimation. We used R version 4.1.1 
and the glmmTMB package (version 1.0.2.1) [47] for all 
statistical analyses.

Model building was performed for each individual 
perception variable. This was informed by preliminary 
exploratory analyses of a model including all the percep-
tion variables and models for each individual perception 
variable. Hence in total, we had 3 models for the multi-
level generalized linear mixed effects corresponding to 
each individual perception variable (i.e. perceived sever-
ity, perceived susceptibility, perceived risk to vulnerable) 
and 3 models for the generalized linear mixed effects 
including the country as a fixed effect. The significance of 
the model variables was assessed through Type III Wald 
tests and a significance level of 5% was considered.

Results
Descriptive results
The final sample size included in the analysis consisted 
of 29,292 participants aged 18 years or above from the 
16 countries for a total of 111,103 completed surveys. 
Among these, 50.1% were completed by males, 49.7% by 
females, and 0.2% by participants who did not indicate 
their gender. Age was categorized in six age groups, with 
15.5% participants in age group (18 - 29), 17.2% in age 
group (30 - 39), 19.2% in age group (40 - 49), 18.7% in age 
group (50 - 59), 19.5% in age group (60 - 69), and 9.7% in 
age group (70 - 120). The mean number of surveys each 
participant completed was 3.9 in the aggregated dataset, 
with a range of 3.2 - 4.4 when looking at individual coun-
tries data, with a maximum of 7 waves. More information 
on sample characteristics for each country is contained in 
Supplementary Table 3, Additional file 1.

We observed noticeable differences in the levels of risk 
perceptions in the different countries with slight varia-
tions over time (Fig. 1). The comparison of the three risk 
perceptions indicated that in general, the perceived risk 
to the vulnerable was the highest followed by perceived 
severity and perceived susceptibility, respectively. The 
percentages of the vaccinated participants showed an 
increasing trend during the study period (Supplementary 
Fig. 1, Additional file 1). This is in line with estimates of 
vaccination acceptance and uptake in the time period 
of the data collection in the different countries [48–50]. 
The level of stringency of intervention measures showed 
apparent differences between countries and little vari-
ations within each individual country during the study 
period (Supplementary Fig. 2, Additional file 1).

Multilevel GLMM model with country as a random effect
Summary results
Results from the multilevel generalized linear mixed 
effects model (GLMM) indicated that the overdispersion 
parameter ranged between 9.29 (95% CI 6.80 - 12.70) and 
9.36 (95% CI 6.87 - 12.77) in the different models indi-
cating substantial overdispersion in the number of social 
contacts. The nested random effect of participants within 
countries was statistically significant from the likelihood 
ratio test (p-value <0.001), further indicating consider-
able heterogeneity in social contact behaviour between 
individuals. The total variance in the number of social 
contacts from the individual participants (level-2) of the 
nested random effects was 0.627 (95% CI 0.594 - 0.659). 
Whilst the total variance from the countries (level-3) was 
0.012 (95% CI 0.006 - 0.0267). The intra-class correlation 
was 1.9% in our models. This suggests substantial vari-
ability in social contact behaviour between individuals 
within the same country and low variability in social con-
tact behaviour between countries.
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Perceived severity
Results from the model for the perceived severity indi-
cated that participants with low levels of perceived 
severity reported 1.25 (95% CI 1.13 - 1.37) times more 
contacts than participants who had high levels of per-
ceived severity after controlling for the other factors 
(Supplementary Table 4, Additional file 1). Similarly, the 
model results showed that participants who had neutral 
perceptions on the severity of COVID-19 reported 1.10 
(95% 1.00 - 1.21) times more social contacts than those 
who had high levels of perceived severity (Supplemen-
tary Table  4, Additional file  1). The predicted mean 
number of contacts for participants with high levels of 

perceived severity was 2.21 (95% CI 1.95 - 2.51), whilst 
for those with neutral or low perception on severity was 
2.43 (95% CI 2.14 - 2.76) and 2.76 (95% CI 2.44 - 3.12), 
respectively. These mean predicted number of contacts 
in the period between December 2020 and September 
2021 are relatively much lower compared to the aver-
age number of contacts reported in the prepandemic 
period in a multi-country social contact survey (POLY-
MOD) conducted in 8 European countries [51]. These 
countries included Belgium, Finland, Germany, Italy, 
Luxembourg, Netherlands, Poland and UK. The average 
number of contacts was 13.4 with country-level mean 
contacts ranging between 7.95 (standard deviation (SD) 

Fig. 1 Mean score of perceived severity, perceived susceptibility and perceived risk to the vulnerable during the data collection period 
in the different countries. The Likert scale was assigned as follows;“Strongly agree” = 5,“Tend to agree” = 4,“Neither agree nor disagree” = 3,“Tend 
to disagree” = 2,“Strongly disagree” = 1
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6.26) and 19.77 (SD 12.27), with the lowest reported in 
Germany and the highest in Italy.

Furthermore, the results for the perceived severity 
model yielded significant interaction effects between per-
ceived severity and vaccination status (p-value = 0.011) 
(Supplementary Table  5, Additional file  1). In both the 
vaccinated and not vaccinated groups, participants who 
had high levels of perceived severity reported fewer num-
ber of social contacts in comparison with participants 
who had either low or neutral levels of perceived severity 
(Fig. 2). Overall, vaccinated individuals reported on aver-
age 1.31 (95% CI 1.23 - 1.39) times more contacts than 
the non vaccinated. The predicted number of contacts for 
the vaccinated was 2.89 (95% CI 2.56 - 3.27), whilst for 
the non-vaccinated was 2.21 (95% CI 1.95 - 2.51). We also 
considered the predicted number of contacts from the 
marginal effects of the interactions terms between per-
ceived severity and stringency index. We observed that 
the differences in predicted number of contacts among 
the perceived severity levels were more pronounced for 
the low levels of stringency index (Fig.  3a). Moreover, 
considering the predicted number of contacts from the 
marginal effects of the interaction terms between per-
ceived severity and age group, more variation in the pre-
dicted number of contacts was observed in higher age 
groups (Fig. 3b).

Perceived susceptibility
The plots of the predicted number of contacts showed 
that in general, participants with high levels of perceived 
susceptibility reported more contacts than those with 

low or neutral perceptions on susceptibility (Supplemen-
tary Fig.  3, Additional file  1). The results yielded a sig-
nificant interaction effect between stringency index and 
perceived susceptibility (p-value = 0.039). See (Supple-
mentary Tables 6 & 7, Additional file 1) for the perceived 
susceptibility model results.

Perceived risk to vulnerable
The results for the perceived risk to vulnerable model 
did not yield insightful results. We did not find consist-
ent patterns from the predicted number of contacts from 
the marginal effects of interaction between the perceived 
risk to the vulnerable and either vaccination status, age 
group, or stringency index. See (Supplementary Tables 8 
& 9, Additional file 1) for the model results of perceived 
risk to vulnerable.

Cross‑level effects of country on social contacts
When the country was considered as a fixed effect in 
the model of the perceived severity, the marginal effects 
of the cross-level interactions between the country and 
perceived severity confirmed that participants with low 
and neutral levels of perceived severity reported more 
contacts than those with high levels of perceived sever-
ity (Fig.  4). The interaction term between country and 
perceived severity was not statistically significant. The 
plot of the predicted number of contacts from the inter-
action effects between country and vaccination status 
further showed that vaccinated individuals reported 
more contacts than non-vaccinated ones in the differ-
ent countries (Fig. 5). Furthermore, the interaction term 

Fig. 2 Predicted number of contacts from the perceived severity model with 95% confidence interval (CI) in the period between December 2020 
and September 2021
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Fig. 3 a Predicted number of contacts for perceived severity and stringency index with 95% confidence interval (CI) from the perceived severity 
model in the period between December 2020 and September 2021. b Predicted number of contacts for perceived severity and age group 
with 95% confidence interval (CI) from the perceived severity model in the period between December 2020 and September 2021
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was statistically significant implying that the differences 
in the predicted mean number of contacts between the 
vaccinated and non-vaccinated differed in the different 
countries.

Results from the perceived susceptibility model did not 
show distinct patterns from the cross-level interaction 
effects between perceived susceptibility and country in 

terms of the predicted number of contacts between the 
participants with low, neutral, or high levels of perceived 
susceptibility (Supplementary Fig.  4, Additional file  1). 
Furthermore, the cross-level interaction effects between 
the country and the perceived susceptibility was not sta-
tistically significant implying that there were no substan-
tial differences in the relationship between the perceived 

Fig. 4 Predicted number of contacts for perceived severity and country with 95% CI from the perceived severity model with country as a fixed 
effect in the period between December 2020 and September 2021

Fig. 5 Predicted number of contacts for vaccination status and country with 95% CI from the perceived severity model with country as a fixed 
effect in the period between December 2020 and September 2021
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susceptibility and number of social contacts in the differ-
ent countries.

Similarly, results from the perceived risk to the vulner-
able model considering country as a fixed effect indicated 
no significant interaction effects between perceived risk 
to vulnerable and country implying no major differences 
between countries. The predicted number of contacts did 
not yield significant relationships across the different lev-
els of perceived risk to vulnerable (Supplementary Fig. 5, 
Additional file 1).

Conducting similar analysis using the total number of 
contacts reported away from home yielded similar results 
in terms of the observed relationships in our study (Sup-
plementary Table 10, Additional file 1). Furthermore, we 
performed sensitivity analyses to explore the possible 
influence of singletons in our analysis (i.e, participants 
who participated only once in the study). Excluding these 
singletons led to slight differences in the parameter esti-
mates of the model. However, the observed results were 
robust.

Finally, we performed a preliminary analysis consider-
ing participants who indicated to have been vaccinated. 
Using a generalized estimating equation (GEE) model, 
we assessed the impact of vaccination on the individual’s 
risk perceptions. We found that vaccinated individu-
als had 1.08 (95% CI 1.02 - 1.16) and 1.17 (95% CI 1.06 
- 1.28) times estimated odds for indicating low and neu-
tral perceptions of severity, respectively, as compared to 
the non-vaccinated (Supplementary Table 11, Additional 
file 1). For the perceived susceptibility, we found that vac-
cinated individuals had 0.89 (95% CI 0.83 - 0.97) and 1.70 
(95% CI 1.56 - 1.85) times estimated odds for indicating 
low and neutral perceptions of susceptibility, respec-
tively, as compared to the non-vaccinated. Whilst for the 
risk to vulnerable, vaccinated individuals had 0.88 (95% 
CI 0.86 - 0.96) and 1.22 (95% CI 1.09 - 1.35) times esti-
mated odds of indicating low and neutral perceptions of 
risk to vulnerable, respectively, as compared to the non-
vaccinated. Given the importance of vaccine-induced 
behavioral changes and risk perception, future research 
should focus on characterizing their relation, especially 
in relation with social contact data.

Discussion
The main objective of this study was to explore the influ-
ence of COVID-19 vaccination status and the COVID-19 
related risk perceptions on the number of social contacts. 
We analyzed longitudinal data collected in 16 European 
countries using a multilevel generalized linear mixed 
effects model to account for within and between par-
ticipants variations while controlling for the hierarchical 
structure of the data. Furthermore, we also performed 
cross-level analysis to explore the relationships between 

both the perceptions and vaccination status with number 
of social contacts in the different countries.

The results indicated that perceived severity and vac-
cination status played a crucial role in modulating the 
number of social contacts. More specifically, we found 
that individuals who had high levels of perceived sever-
ity reported fewer social contacts as compared to those 
who had low and neutral levels of perceived severity. 
The observed associations are consistent with the results 
found in analysis of CoMix data limited for Belgium [31], 
and UK [35]. The Belgian CoMix study encompassed two 
longitudinal surveys, one between April 2020 and August 
2020, and the other between November 2020 and April 
2021. The results indicated that in the first survey, partic-
ipants who had low and neutral levels of perceived sever-
ity reported 70% and 56% more contacts as compared 
to those who had high perception of severity. Whilst in 
the second survey, the participants with low and neu-
tral perceptions on perceived severity reported 62% and 
76% more contacts than those who had high perceived 
severity. The UK CoMix study [35] on the other hand 
utilized data collected between March 2020 and March 
2021. Applying clustered bootstrapping to obtain the 
mean number of social contacts, the results indicated 
that participants who had low levels of perceived severity 
reported more contacts than those who had high levels 
of perceived severity. The similarity in the observed rela-
tionships in these studies further highlights the crucial 
role of perceptions in modulating social contacts.

The predicted number of contacts in individuals who 
were not vaccinated against the SARS-CoV-2 were lower 
than individuals who had received a vaccine. These dif-
ferences were consistent in all the countries included in 
this study and is also consistent with a recent study that 
found that vaccinated individuals generally had more 
contacts than the unvaccinated [52]. This implies that 
vaccination against COVID-19 played a crucial role in 
shaping the social contact behaviour during the COVID-
19 crisis. This could be due, among other factors, to the 
minor restrictions that vaccinated individuals were sub-
jected to in several European countries, where the vac-
cination certificate was one of the necessary condition to 
access public or indoor areas. In such a circumstance, the 
increase in contacts could be related also to the higher 
potential of social interactions of vaccinated individuals. 
However, as our analysis showed that individuals change 
their risk perception after vaccination, this could indicate 
the possible influence of Peltzman effect, whereby indi-
viduals alter their risk perceptions after access to preven-
tive measures, leading to greater engagement in riskier 
behaviour (e.g., neglecting preventive measures in terms 
mask-wearing and social distancing) [53–55]. Thus, the 
increase in contacts is likely due to a combination of 
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greater potential for social interactions and spontaneous 
behavioral change. These apparent changes in behaviour 
following COVID-19 vaccination could have important 
implications in the context of the COVID-19 pandemic 
which has been characterized by the emergence of vari-
ants of concern such as Omicron and its sub-variants 
[17, 18]. These mutations initiated uncertainties in the 
effectiveness of vaccines in conferring protection to 
the vaccinated [36]. Thus, an increase in social contact 
behaviour following vaccination could be disastrous for 
viral transmission dynamics in the event of emergence of 
an immune escaping variant.

Our results also indicated relatively little variation in 
social contact behaviour between countries, once all 
other confounders are accounted for. This low variation 
could be a result of the stringent measures implemented 
to limit the number of social contacts during the dif-
ferent phases of COVID-19 pandemic in the different 
countries. Interestingly, we observed substantial hetero-
geneity in social contact behaviour between individuals. 
This suggests that individual-level factors played a more 
substantial role in influencing contact behaviour than 
country-level factors. The underlying heterogeneity in 
social contact behaviour is consistent with results from 
social contact studies conducted before and during the 
COVID-19 pandemic [56, 57].

In our study, the relationship between perceived sus-
ceptibility and perceived risk to vulnerable with the 
number of contacts did not yield similar patterns across 
different countries. This warrants more research in order 
to gain insights on their relevance in influencing social 
contacts in the context of COVID-19. From the analy-
ses of the perceptions, we found that perceptions of 
susceptibility to infections were in general the lowest in 
comparison with perceptions on severity and risk to the 
vulnerable. This is indicative of the possible presence of 
optimism bias, a situation characterized by individuals 
tending to under-estimate the probability of acquiring 
infections in the context of infectious disease epidemi-
ology [58]. The lack of significant relationships between 
the perceived risk to vulnerable could be a result of the 
subjective nature of perceived risk to others. Participants 
who do not have vulnerable individuals in their social 
networks might perceive low risk as compared to those 
that usually interact with vulnerable individuals. A study 
performed during the COVID-19 revealed that individu-
als perceive different risks for COVID-19 on their own 
health as compared to others such as family, friends and 
the general community [59]. Another study showed that 
individuals who were more concerned about spreading 
COVID-19 to vulnerable people made more contacts at 
home [60]. Thus the lack of association between the per-
ceived risk to the vulnerable and social contact behavior 

could suggest a more diverse meaning for this risk per-
ception construct by different people given different 
experiences and interactions with vulnerable people in 
the community.

Our study explicitly used the number of social contacts 
as the response variable and considered three separate 
constructs related to the risk perceptions. Other stud-
ies have shown that COVID-19 risk perceptions play a 
crucial role on adoption of protective health behaviours 
[25–32]. Although most of these studies are conducted 
in individual countries, a recent multi-country cross-
sectional study by Dryhurst et  al. [28] conducted in ten 
countries across Europe, Asia and America found similar 
associations between risk perception and the adoption of 
the protective health behaviours. It is worthy mentioning 
that most studies exploring the influence of risk percep-
tions on adoption of protective behaviours use cross-sec-
tional data yielding insights on only one time point and 
thus the dynamical aspects of the changing pandemic 
situation is not taken into account. Conversely, a recent 
study found that risk perceptions played a significant 
role on the adoption of recommended health behaviours 
over time in the UK [29]. Thus a novelty of our study, 
that employed multi-country longitudinal data, was to 
confirm such a relation in an evolving pandemic situa-
tion and for different countries. Furthermore, as social 
contacts can be used to inform models of infectious dis-
eases, our results on risk perceptions and behavioural 
changes following vaccination can be incorporated in 
future mathematical models for a more granular dynami-
cal exploration during a pandemic.

Our work is subjected to several limitations. The 
reporting of the number of social contacts was done ret-
rospectively, hence could suffer from recall bias. However, 
such an effect is expected to be small since participants 
reported contacts in the day preceding the survey day. 
Due to the longitudinal nature of data collection, par-
ticipants could experience response fatigue posing con-
cerns on the quality of the data collected. Assessing the 
possible presence and subsequent influence of response 
fatigue will be studied in future. This study utilized a 
multi-level generalized linear mixed effects model. How-
ever, there have been concerns about the appropriate-
ness of multi-level models when utilizing multi-country 
data where the number of the countries is relatively small 
(i.e, 25 for linear models and 30 for logit models) and 
the number of individuals per country is large [61]. We 
expect a small impact on the reliability of the estimates of 
our individual level effects, as the relatively small number 
of countries only affects the estimates of the country level 
predictors. The study only relied on the Oxford strin-
gency index which gives varying weights to the diverse 
NPIs and collapses them into a single composite index. 
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Future work can compare analyses using different NPIs 
databases, including the Response Measures Database by 
the European Centre for Disease Prevention and Control 
(ECDC) and the European Commission’s Joint Research 
Centre [62]. Lastly, it is crucial to mention that although 
the surveys in each individual country were representa-
tive in terms of age, gender, and also region of residence 
in the panel of participants considered, the optional par-
ticipation in each subsequent round of data collection 
could suffer from self-selection bias. The average partici-
pation was generally high in all the countries.

Conclusion
In this study, we utilized longitudinal data from a panel 
of individuals from 16 European countries collected 
between December 2020 and September 2021 to explore 
the influence of COVID-19 vaccination status and related 
COVID-19 risk perceptions on the number of social con-
tacts. We found little differences in social contact behav-
iour between the countries. However, there were marked 
heterogeneity in individual social contact behaviour. We 
found that individuals who had high levels of perceived 
severity of COVID-19 reported significantly fewer num-
ber of social contacts in comparison with those who 
had low or neutral levels of perceived severity. Further-
more, vaccinated individuals reported significantly more 
contacts than the non-vaccinated. Thus our study adds 
important insights into the significance of perceived 
severity on social contact behaviour from a multi-country 
perspective. Further, it highlights the subsequent changes 
in social contact behaviour following vaccination. This 
could be potentially disastrous if appropriate action is not 
taken in the event of the emergence of an immune escap-
ing variant, since vaccination in that situation would 
lead to an increase in contacts but not an advantage in 
terms of protection, resulting in a higher disease burden. 
These considerations should be taken into account when 
designing, implementing and communicating COVID-19 
interventions. Owing to the importance of social contact 
behaviour in the transmission dynamics of infectious dis-
eases, further research is needed to disentangle the rela-
tion between contacts, vaccination and perception.
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