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A B S T R A C T   

Using a two-wave online experiment, we investigate whether COVID-19 exposure changes participants’ threat- 
detection threshold. Threat reactivity was measured in a signal detection task among 277 British adults who 
also reported how vulnerable they felt to infectious diseases. Participants’ data were then matched to the local 
number of confirmed COVID-19 cases announced by the NHS every day. We found that participants who perceive 
themselves as more likely to catch infectious diseases displayed higher threat reactivity in response to increased 
COVID-19 cases.   

1. Introduction 

Having an accurate perception of potential risks and benefits is 
essential to optimal decision-making. Although all errors should ideally 
be avoided, some errors are costlier than others. False positives and false 
negatives indeed have asymmetric consequences for the individual 
because failing to detect a threat when there is one is more dangerous 
than believing that there is a threat when there is none (Haselton & Buss, 
2000). Given this asymmetry, error-management theory predicts that 
individuals should be biased to over-detect negative events. In line with 
this idea, surveys consistently show that people over-perceive all kinds 
of threats, such as crime rates, terrorism or unemployment risk (e.g., 
Lieder et al., 2018). 

To be adaptive however, threat reactivity must be sensitive to indi-
vidual circumstances, such as physical condition or age (Nettle & 
Bateson, 2012). For example, people in poor physical condition can 
escape less easily from threats, which means that for them, more so than 
for people in better shape, having a lower threat detection threshold is 
particularly adaptive. In line with this idea, people in poor physical 
shape are more prone to the auditory looming effect, a bias that helps us 
get ready to move away from approaching objects by making us hear 
sounds that are coming towards us as closer than sounds going away 
from us (Neuhoff et al., 2012). Similarly, women who perceive them-
selves as more vulnerable to sexual coercion tend to stereotype out- 
group men as more threatening (McDonald et al., 2015). Such inter- 
individual variations demonstrate that threat over-perception is 
affected by various individual factors. 

Among these factors, perceived vulnerability to diseases plays a 
particularly important role to calibrate threat perception. Individuals 
who perceive themselves as more sensitive to diseases have stronger 
reactions to disease cues (Navarrete & Fessler, 2006; Reid et al., 2012). 
Stahl and Metzger (2013) found that the implicit association between 
old age and pathogen cues is amplified among participants with a high 
perceived vulnerability to diseases. Similarly, better perceived health in 
children is also associated with lower fear and disgust of disease- 
relevant animals (Prokop et al., 2010). Finally, research suggests that 
some xenophobic attitudes are associated with a fear of out-group 
members propagating foreign pathogens and that this relationship is 
also moderated by inter-individual variation in perceived vulnerability 
to diseases (Faulkner et al., 2004). 

Arguably, the COVID-19 pandemic represents a considerable health 
threat. In line with previous research on pathogen threats, reactions to 
the COVID-19 pandemic are modulated by individuals’ level of 
perceived vulnerability to diseases. Research conducted since March 
2021 revealed that perceived vulnerability to diseases predicts increased 
preventive behaviors such as washing hands, wearing masks or social 
distancing and more support for public health measures (Stangier et al., 
2021; De Coninck et al., 2020). These results suggest that feeling 
vulnerable to diseases increases people’s reactivity to disease threats. In 
addition to these internal factors, readiness to react to threats should 
also respond to local circumstances. For instance, individuals living in a 
highly threatening environment should be tuned to react more readily to 
threat cues than individuals living in a less threatening environment 
(Nettle & Bateson, 2012). In line with this idea, a large-scale 
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comparative experiment showed that the Hadza hunter-gatherers, who 
are more exposed to pathogens than Europeans on average, express a 
stronger preference for facial symmetry, a characteristic associated with 
higher immune competence, than British participants (Little et al., 
2007). This suggests that a higher level of pathogen threat increases the 
reaction to disease-relevant cues. 

Overall, the literature shows that the extent to which individuals 
over-perceive threats is conditioned by individual and contextual vari-
ables. In fact, these two mechanisms work in tandem and interact to 
produce greater effects on threat over-perception. Multiple studies find 
that threatening environments are a better predictor of increased 
pathogens-related threat detection for individuals who perceive them-
selves as more vulnerable to diseases than for individuals who feel safer 
(Duncan & Schaller, 2009; Little et al., 2007). For example, Little et al. 
(2007) reported that the preference for face symmetry is even stronger 
in Hadza pregnant women, who are more vulnerable to disease. 

In the present paper, we further test this association of threat reac-
tivity with internal and external variables by analyzing the effect of the 
COVID-19 epidemic on individuals’ threat reactivity. The analysis of the 
COVID-19 pandemic allows to assess the effect of variations in diseases 
exposures within a population longitudinally. Using signal detection 
theory, we test the hypothesis that being surrounded by more COVID-19 
cases, as measured by local COVID-19 prevalence, is associated with an 
increase in people’s reactivity to threats. More specifically, we predict 
that this effect is modulated by individuals’ perceived vulnerability to 
infectious diseases, with a larger effect among individuals who perceive 
themselves as highly vulnerable to diseases. 

In order to test this hypothesis, we assessed subjective vulnerability 
to diseases and threat reactivity in a sample of participants at two time 
points: on March 24th and two weeks later, on April 7th. Local variations 
of the number of COVID-19 cases allow us to obtain quasi-experimental 
natural variations of threat exposure. For instance, on March 24th, the 
urban local tier of Wakefield reported only 13 cases, less than the mostly 
rural area of Wiltshire, which counted almost 3 times more cases. The 
evolution of the number of COVID-19 cases also varied from one region 
to the next. For instance, both Hounslow and Essex districts counted 
around 80 cases on March 24th but Essex district counted 938 cases two 
weeks later while Hounslow district counted only 279 more cases at that 
date. Similarly, while the district of Merton ranked 21st in the number of 
cases on Match 24th it fell to the 40th position on April 7th. Conversely, 
the district of Liverpool jumped from the 47th to 17th position in that 
same time interval. We thus exploited these local variations in order to 
assess the association between participants’ reactivity to threat and the 
combination of exposure to disease threat and subjective vulnerability to 
diseases. 

2. Methods 

2.1. Ethics statement 

Our study was approved by the local Ethical Committee (CERES 
n◦201659; the same Ethical Committee number as a study conducted in 
January 2020 using a similar experimental design - information avail-
able at https://osf.io/g9chs - no data from our pilot study was used in 
the current paper, as both studies generated distinct datasets). Each 
participant received a description of the study and provided their 
informed consent before starting the experiment. All scripts and raw 
data are available in the OSF project (https://osf.io/5cexn/), together 
with a short report of the results of the 1st wave of the study, which we 
used as a pre-registration document (https://osf.io/wk54j/?sh 
ow=revision, version 1). 

2.2. Participants 

352 UK participants recruited on Prolific Academic completed our 
study twice: once between March 24th at 2 PM and March 25th at 2 PM, 

and a second time between April 7th at 2 PM and April 8th at 2 PM. The 
2 PM limit was chosen because daily figures of COVID19 cases are 
announced by the British government at that time. All participants 
received compensation for their time (£5 per hour), as well as a variable 
bonus depending on task performance (£0–0.50). 

Participants were excluded based on the exact same criteria as pre-
vious studies that used the same experimental paradigm (Chevallier 
et al., 2016; Safra et al., 2021). In line with these pre-registered criteria 
(pre-registration available at: https://osf.io/wk54j/?show=revision, 
version 1), all trials with reaction times below 150 ms or above 2500 ms 
were excluded in both waves, 1 participant was removed for having 
mean reaction times at ±3 SD of the mean in the first wave and 4 were 
excluded in the second wave, 22 participants were then removed for 
having reaction times outside these ranges on more than 40% of the 
trials in the first wave and 8 were excluded based on this same criterion 
in the second wave. In addition, the presence of missing data in key 
independent variables resulted in the exclusion participants who had not 
answered the “Perceived Infectability and Germ Aversion” question-
naire (Duncan et al., 2009) (First wave: N = 7; Second wave: N = 27), 4 
participants who had not provided their date of birth and 2 participants 
who provided an invalid postal code (and who thus could not be asso-
ciated with a COVID-19 exposure score). In total, 75 participants were 
excluded. The final sample included 277 participants living in 112 
geographical areas (158 Females, mean age: 38.43 ± 12.58 s.d. years). 

2.3. Materials 

The materials used for this task are adapted from Chevallier et al., 
2016. The task was presented using Qualtrics. Monetary punishments 
were presented using text (“-5 pennies”), which represented the true 
amount that was subtracted from participants’ total bonus payment at 
the end of the experiment. The punishments were provided in response 
to incorrect identifications of a line appearing in the center of a circle as 
being short (11.5 mm) or long (13 mm). Following the experimental 
task, participants completed questionnaires including standard socio- 
demographic questions (age, income, education, postal code of resi-
dence) as well as their perceived sensitivity to diseases. 

2.4. Design and procedure 

The design and procedure used for this task are adapted from Che-
vallier et al. (2016). The experiment was conducted online and lasted 
approximately 25 min. Participants were told that their task was to 
classify a line as either short or long by pressing the corresponding key 
and that feedback for incorrect responses would occur some of the time. 
The training phase consisted of 22 practice trials during which the dif-
ficulty of the task was progressively raised until real-game conditions 
were reached. 

The experiment consisted of 300 trials separated in three 100-trial 
blocks. Each trial began with the presentation of a fixation cross (300 
ms), followed by an empty circle (300 ms). The short or the long line was 
then flashed within the circle (40 ms) and disappeared to show a plain 
black screen during which participants could submit their response 
(Fig. 1). An equal number of short and long lines were presented within 
each block. Short and long lines were presented in a random order. 
Participants were given an infinite amount of time to indicate their 
response using ‘e’ or ‘p’ on the keyboard. Based on the reinforcing 
schedule, incorrect responses were followed by an 800 ms negative 
feedback screen with a probability of 75% or 25%, depending on the 
type of stimulus (see below). Otherwise, the next trial was immediately 
presented. 

An asymmetrical reinforcement ratio was introduced such that one 
type of line (i.e. short or long) was punished more often. The line type 
that was punished more frequently is referred to as the “harsh stimulus” 
and the line type that was punished less frequently is referred to as the 
“lenient stimulus”. Misidentifying the harsh line (i.e., if the harsh line is 
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short, a misidentification is to respond “long”) was followed by a 
negative feedback with a probability of 75%. Misidentifying the lenient 
line (i.e., if the lenient line is long, a misidentification is to respond 
“short”) was followed by a negative feedback with a probability of 25%. 
The long line was randomly assigned to being the Harsh or the Lenient 
stimulus for each participant. 

Preliminary analyses confirmed that the negative feedback was 
appropriately distributed across line types during the task. 75% of errors 
on the Harsh line and 26.2% of errors on the Lenient line were followed 
by a negative feedback (− 5 pennies) on average in the first wave. Similar 
results were found in the second wave, where 74.5% of errors on the 
Harsh line and 25.9% of errors on the Lenient line were punished on 
average. 

2.5. Threat reactivity 

Following Nettle and Bateson (2012), threat reactivity was concep-
tualized as participants’ bias to avoid threatening stimuli, i.e. stimuli 
associated with a higher probability punishment. In our task, this meant 
over-detecting the line for which misidentification was associated with 
more frequent punishment (i.e., the Harsh line). Indeed, by being 
associated with a higher probability of negative outcome – or punish-
ment -, the Harsh stimulus is thus associated with a higher level of threat 
than the Lenient stimulus. Response bias towards the harsh line was 
computed using the standard signal detection measure: 

Log(b) = 1
2 ×Log

(
Harshcorrect*Lenientincorrect

Harshincorrect*Lenientcorrect

)

with Harshcorrect and Lenientcorrect corresponding to the proportion of 
correct identifications (hits and correct rejections) to the total number of 
harsh and lenient trials respectively, and Harshincorrect and Lenientincorrect 
corresponding to the proportion of false identifications (misses and 
incorrect rejections) to the total number of harsh and lenient trials 
respectively. When accuracy was equal to 1 or 0, we followed the log 
linear correction procedure described by Hautus (1995). 

Following Pizzagalli et al. (2005) and Chevallier et al. (2016), 
reactivity to threat was computed by measuring the change in bias to-
wards the Harsh line between the first block (in which the participant is 
naive about the value of the two lines) and the last block (in which the 
participant has experienced that the misidentification of one line is more 
frequently associated with punishments). Importantly, the difference in 
response bias between the first and the last block provides a combined 
measure of two components of threat reactivity: the degree to which 

individuals avoid the ‘high threat’ Harsh stimulus and the speed at 
which they develop this differential behavior towards the Harsh and the 
Lenient stimulus. 

2.6. Perceived infectability 

At the end of the experiment, participants’ susceptibility to infec-
tious diseases was assessed using the “Perceived Vulnerability to Dis-
ease” questionnaire (Duncan et al., 2009). This questionnaire is 
composed of two subscales: the “Perceived Infectability” subscale which 
measures the self-reported susceptibility to infectious diseases, and the 
“Germ Aversion” subscale which assesses the level of affective responses 
to situations of high risk of disease transmission. In our study, we used 
“Perceived Infectability” as our measure of interest as it indicates how 
much the individual feels threatened by infectious diseases, while “Germ 
Aversion” was used as a control measure for general affective reactions 
to diseases. Participants completed these scales twice, once in Wave 1 
and a second time in Wave 2. 

Our data shows strong consistency in participants’ response to the 
perceived vulnerability to disease questionnaire. We found a strong 
inter-temporal correlation between the two waves for the global disgust 
score (r = 0.86 ± 0.01 s.e.m., p < .001), perceived infectability score (r 
= 0.86 ± 0.01 s.e.m., p < .001) and the germ aversion score (r = 0.84 ±
0.02 s.e.m., p < .001). 

2.7. Perception accuracy of COVID-19 cases 

In Wave 2, participants answered a free-text question: “Without 
looking it up, what is your estimate of the number of people in your 
country who are currently infected?”. In our analysis, the answer was 
then subtracted from the actual number of cases registered on April 7th 
2020 in the UK (55,242 cases, figure obtained from https://www.worldo 
meters.info/coronavirus/country/uk/). This value was included in our 
model either without any transformation (referred to as the signed dif-
ference) or after being transformed to its absolute value to indicate to 
the amplitude of the participants’ errors. 

2.8. Socio-demographic information 

In Wave 1, participants provided information about their age, gender 
and level of education. Additional questionnaires were also included at 
the very end of Wave 1 and Wave 2 (see Supplementary information for 
details). 

Fig. 1. Schematic representation of the tasks. 
A fixation cross appears for 300 ms, followed by an empty circle. A short or a long line is then flashed inside the circle for 40 ms. Participants have an infinite amount 
of time to respond before they receive a punishment for some of their incorrect responses. 

L. Safra et al.                                                                                                                                                                                                                                    

https://www.worldometers.info/coronavirus/country/uk/
https://www.worldometers.info/coronavirus/country/uk/


Personality and Individual Differences 180 (2021) 110945

4

2.9. Local COVID-19 exposure 

The number of local COVID-19 cases was retrieved from the NHS 
website based on participants’ postal codes. In our analysis, we used the 
raw number of cases per local area. For residents of England, we 
retrieved COVID-19 cases statistics at the upper tier local authority level 
(UTLA) from the NHS website. UTLAs are an administrative subdivision 
below the level of the region. For residents of Scotland, COVID-19 fig-
ures were given at the level of health board areas from the Scotland NHS 
website (there are 14 such areas). Finally, COVID-19 cases statistics for 
Wales and Northern Ireland were not available for smaller subdivisions. 
We thus considered Wales and Northern Ireland as just other adminis-
trative sub-divisions. 

2.10. Analyses 

Threat reactivity in Wave 1 was first analyzed using robust mixed 
linear regressions taking the number of reported COVID-19 cases in the 
upper tier local authority, germ aversion and perceived infectability, as 
well as the interaction between local exposure to COVID-19 and these 
two dimensions of perceived vulnerability to diseases as predictors. All 
the predictors were transformed into z-scores to avoid issues due to 
scaling differences. To control for individual and local effects indepen-
dent of the exposure to COVID-19 (such as living in a rural area or in a 
city), participant ID and the upper tier local authority was included as a 
random factor. In order to further assess the robustness of our results, we 
conducted additional models with age, gender and level of education as 
additional predictors. 

Finally, in order to compare participants’ behavior across the two 
waves, we analyzed Waves 1 and 2 simultaneously using similar robust 
mixed linear regressions as previously but taking “Wave” as additional 
predictor. 

3. Results 

3.1. Stimulus identification 

Our analyses show that participants identified the most punished line 
as predicted. Response bias towards the Harsh line - the tendency to 
mistakenly identify the Lenient line more than to mistakenly identify the 
Harsh line – increased throughout the 3 blocks (Wave 1: block 1: 0.20 ±
0.71 s.d., block 3: 0.43 ± 0.86 s.d.; Wave 2: block 1: 0.17 ± 0.71 s.d., 
block 3: 0.35 ± 0.83 s.d.). Importantly, the average difference between 
the response bias in the last and first block was significantly greater than 
0 in both waves (Wave 1: mean difference = 0.24 ± 0.92 s.d., t(276) =
4.33, p < .001; Wave 1: mean difference = 0.18 ± 0.89 s.d., t(276) =
3.36, p < .001). These results show that participants learned to associate 
the harsh line with punishment throughout blocks and increasingly 
avoided the costliest error. 

3.2. Perceived vulnerability to pathogens 

Importantly, perceived vulnerability to pathogens was not signifi-
cantly correlated with the local numbers of COVID-19 cases in Wave 1 (r 
= 0.01 ± 0.06 s.e.m., t(275) = 0.13, p > .250) or in Wave 2 (r = − 0.01 ±
0.06 s.e.m., t(275) = − 0.21, p > .250). Similarly, in both Waves, no 
significant correlation was found between the local number of COVID- 
19 cases and the subscales of Perceived Vulnerability to Disease: 
perceived infectability (Wave 1: r = − 0.02 ± 0.06 s.e.m., t(275) =
− 0.37, p > .250; Wave 2: r = − 0.04 ± 0.06 s.e.m., t(275) = − 0.59, p >
.250) and germ aversion (Wave 1: r = 0.03 ± 0.06 s.e.m., t(275) = 0.52, 
p > .250; Wave 2: r = 0.02 ± 0.06 s.e.m., t(275) = 0.26, p > .250). 

3.3. Threat reactivity 

No main effect of COVID-19 exposure was found on threat reactivity 

(b = − 0.07 ± 0.06 s.e.m., z = − 1.24, p = .215). However, there was a 
significant positive interaction between exposure to COVID-19 and 
perceived infectability (b = 0.15 ± 0.07 s.e.m., z = 2.27, p = .023) such 
that COVID-19 exposure predicted a greater threat reactivity level for 
participants who perceive themselves as more likely to catch infectious 
diseases than for participants with a lower perceived infectability score 
(Table 1). This interaction was robust to the inclusion of age, gender and 
education (interaction between perceived infectability and COVID-19 
exposure: b = 0.18 ± 0.07 s.e.m., z = 2.48, p = .013; no other signifi-
cant effect, Table 1) and was specific to perceived infectability as there 
was no significant effect of germ aversion (b = 0.08 ± 0.06 s.e.m., z =
1.31, p = .190; interaction: b = − 0.00 ± 0.05 s.e.m., z = − 0. 01, p >
.250). The analysis of Waves 1 and 2 confirmed the positive interaction 

Table 1 
Coefficients of the mixed linear regressions on threat reactivity. Standardized 
regression coefficients are presented with the standard error to mean and the 
associated z value.   

Wave 1 Waves 1 & 2 

Reduced 
model 

Full model Reduced 
model 

Full model 

Intercept 0.23 ±
0.06*** z =
4.09 

0.28 ±
0.08*** z =
3.70 

0.21 ±
0.06*** z =
3.49 

0.27 ±
0.07*** z =
3.77 

COVID-19 
exposure 

− 0.07 ± 0.06 
z = − 1.24 

− 0.09 ±
0.09 
z = − 0.96 

− 0.05 ± 0.05 
z = − 1.05 

− 0.04 ±
0.07 
z = − 0.54 

Perceived 
infectability 

Main effect 
− 0.09 ± 0.06 
z = − 1.63 

− 0.10 ±
0.06 
z = − 1.66 

− 0.05 ± 0.04 
z = − 1.25 

− 0.06 ±
0.04 
z = − 1.53 

Interaction with COVID-19 exposure 
0.15 ± 0.07* 
z ¼ 2.27 

0.18 ± 
0.07* 
z ¼ 2.48 

0.10 ± 0.05* 
z ¼ 2.22 

0.10 ± 0.06
◦

z ¼ 1.85 

Germ aversion Main effect 
0.08 ± 0.06 
z = 1.48 

0.08 ± 0.06 
z = 1.31 

0.06 ± 0.04 
z = 1.48 

0.06 ± 0.04 
z = 1.47 

Interaction with COVID-19 exposure 
1.01 ± 0.05 
z = 0.17 

− 0.00 ±
0.05 
z = − 0.01 

− 0.04 ± 0.03 
z = − 1.30 

− 0.05 ±
0.03 
z = − 1.39 

Age Main effect  
− 0.02 ±
0.06 
z = − 0.36  

0.04 ± 0.04 
z = 1.10 

Interaction with COVID-19 exposure  
− 0.05 ±
0.08 
z = − 0.63  

− 0.04 ±
0.05 
z = − 0.72 

Gender Main effect  
− 0.12 ±
0.12 
z = − 1.06  

− 0.12 ±
0.08 
z = − 1.49 

Interaction with COVID-19 exposure  
0.05 ± 0.12 
z = 0.43  

− 0.00 ±
0.09 
z = − 0.02 

Education 
level 

Main effect  
1.01 ± 0.06 
z = 0.18  

− 0.01 ±
0.04 
z = − 0.15 

Interaction with COVID-19 exposure  
− 0.07 ±
0.08 
z = − 0.86  

− 0.04 ±
0.05 
z = − 0.72 

Wave   − 0.01 ± 0.09 
z = − 0.09 

− 0.03 ±
0.09 
z = − 0.36 

The effect of interest (the interaction between Perceived infectability and 
COVID-19 exposure) is presented in bold. 

◦

Indicates a p-value inferior to 0.100. 
* A p-value inferior to 0.050. 
*** A p-value inferior to 0.001. 
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between exposure to COVID-19 and perceived infectability (b = 0.10 ±
0.05 s.e.m., z = 2.22, p = .026; Table 1). After controlling for de-
mographic variables however, this interaction was only found as a trend 
(b = ±0.05 s.e.m., z = 1.85, p = .064; Table 1). 

To sum up, differences in the number of COVID-19 cases was not 
statistically associated with participants’ threat reactivity but partici-
pants with a high sensitivity to diseases had a lower threat reactivity 
threshold when they lived in an area with many COVID-19 cases than 
when those who lived in an area with few COVID-19 cases. This suggests 
that threat reactivity may increase in response to higher levels of disease 
threat among those who perceived themselves as vulnerable to diseases. 

One possible interpretation of our findings is that participants with a 
higher perceived sensitivity to diseases are also those who are more 
informed. This interpretation was not confirmed since perceived 
infectability was not correlated with participants’ accuracy when they 
estimated the number of COVID-19 cases in the UK (r = 0.04 ± 0.06 s.e. 
m., t(275) = 0.66, p > .250; non-signed error: r = − 0.04, t(275) = − 0.63 
± 0.06 s.e.m., p > .250; measured in Wave 2). This suggests that par-
ticipants with a high level of perceived infectability do not have a better 
or a more catastrophic image of the situation than those with a low level 
of perceived infectability. Moreover, the interaction between the num-
ber of COVID-19 cases and perceived infectability remained close to the 
95% significance threshold after adjusting for participants’ of the epi-
demics (after controlling for signed error: b = 0.09 ± 0.05 s.e.m., z = p =
.049; after controlling for non-signed error: b = 0.09 ± 0.05 s.e.m., z =
1.89, p = .059), suggesting that differences in participants’ knowledge of 
the pandemic does not fully account for the association between par-
ticipants’ threat reactivity, their perceived infectability and their 
exposure to COVID-19. 

4. Discussion 

In line with our hypothesis, our results revealed that variations in 
threat reactivity was associated to a combination of local threat level (as 
measured by the local prevalence of COVID-19) and individual sensi-
tivity to threat: the more individuals perceived themselves as susceptible 
to infectious diseases, the more COVID-19 exposure increased their 
reactivity to threats. This association was present at the two time-points 
of the epidemics: on the day following the official lockdown enforce-
ment in the UK and two weeks later. These results provide evidence that 
individuals react to the presence of survival threats by decreasing their 
threshold for responding to threats (Nettle & Bateson, 2012). These re-
sults are in line with previous findings by Makhanova and Shepherd 
(2020) suggesting that perceived infectability to diseases is associated 
with increased vigilance to health and disease-related issues in the 
context of the COVID-19 pandemic. 

Going further, the present study suggests that psychological adjust-
ments following an increase of threat in the environment acts at the 
global level of individuals’ psychology. More precisely, it appears that 
disease threat, such as COVID-19 exposure, is associated to differences 
threat reactivity across domains, even if the threat is not linked to 
health, as it is the case with the financial punishments used in our 
experiment. 

Crucially, the significant interaction between perceived infectability 
and local COVID-19 exposure suggests that this response is conditional 
on the level of perceived threat and not on the absolute level of threat in 
the environment. Therefore, it appears that this effect is genuinely 
mediated by individuals’ perceived risks and benefits of adopting 
different strategies in the response to an environmental change. 
Importantly, this effect was independent from individuals’ knowledge of 
the epidemic as well as their age, gender and level of education. 

Further research is needed to refine our results. Firstly, we measured 
local exposure to COVID-19 using actual and not perceived numbers of 
COVID-19 cases in the United Kingdom. Indeed, administrative data on 
COVID-19 was readily available, reliable and straightforward to inter-
pret. While perceived numbers of COVID-19 cases may influence 

behavior more than actual numbers, their measurement is not without 
ambiguity. In particular, simply asking participants about their 
perceived number of COVID-19 cases leaves unclear whether they 
perceive these numbers as benign or overwhelming. Instead, further 
research should directly ask participants how much they feel COVID-19 
is prevalent around them, without asking for specific numbers, and 
compare the impacts of perceived and actual COVID-19 prevalence. 

Secondly, as opposed to previous research, we do not observe a 
significant main effect of contextual cues and individual factors on 
threat reactivity, but only an interaction. This finding fits the objective 
characteristics of the COVID-19 epidemic: individuals with underlying 
conditions that make them more vulnerable to diseases in general are 
more likely to suffer from severe forms of COVID-19-related illness or 
death. To the extent that individuals are accurate in defining their 
perceived vulnerability to disease, it is not surprising that increased 
exposure to COVID-19 mostly increases the threat reactivity of those 
who feel most vulnerable. 

Lastly, our study leaves unclear the extent to which the evidenced 
interaction of perceived infectability and exposure to COVID-19 is due to 
a confounding variable. Perceived infectability may result from an un-
derlying stable personality trait, such as neuroticism. As we did not 
measure such domain-general stable traits, we are unable to determine 
whether increased threat reactivity results from a domain-specific 
mechanism that detects vulnerability to disease or a domain-general 
mechanism that reflects a general propensity for anxiety. Future 
research investigating similar questions would benefit from including 
stable psychological traits likely to correlate with threat detection in 
their analysis. 

In a nutshell, our study provides evidence that individuals react to 
the presence of threats in their environment by decreasing their 
threshold for reacting to threats. Moreover, our results suggest that 
adaptation of low-level psychological variables is conditional on how 
much the threat that is present in the environment corresponds to a 
threat subjectively perceived as such by the individual. This underlines 
the importance of taking inter- individual differences into account when 
designing public policies in response to large scale public threats. 

5. Pre-registration statement 

We applied the same analyses as those pre-registered following the 
collection of the first wave (https://osf.io/wk54j/?show=revision, 
version 1). The results presented in the paper were conducted on the 
final sample, in other words on the participants who completed both 
waves. In addition, after the pre-registration, we automatically coded 
the correspondence between postal codes and upper tier local areas, 
which corrected issues due to the initial manual coding. The interaction 
between participants’ level of education and exposure to COVID-19 
initially reported in the pre-registration was no longer significant after 
the correction of the coding issues (see Table 1). Therefore, in the 
manuscript, education is only taken as a control variable. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.paid.2021.110945. 
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