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Abstract
The COVID-19 pandemic represents a unique context for studying the spread of conspiratorial beliefs
within the general population and their role in mediating compliance with government guidance. Here, we
apply multivariate and machine learning methods to analyse data from tens of thousands of members of
the British public at 6-monthly timepoints during the COVID-19 pandemic. We report that distrust and
conspiratorial beliefs signi�cantly predict non-compliant behaviours and covary with sociodemographic
variables, being most prevalent for disadvantaged and minority groups. Free text analyses reveal that
perceptions of corruption, cronyism, disputing lockdown motivations and the potential of COVID-19 being
a lab-leaked bioweapon were common topics motivating non-compliance, with the prevalence and
distribution of such beliefs evolving as the pandemic progressed. We propose that survey data could be
analysed this way to identify current topics of distrust and map them to demographic variables, enabling
the most relevant arguments to be tailored for each individual.

Introduction
The COVID-19 pandemic has been characterised by a need for cooperation between citizens and bodies
of authority, in order to contain the virus and minimise health effects on the population. Achieving high
compliance with the measures that governments put in place to mitigate infection and hospitalisation
rates has posed a non-trivial challenge. For example, the U.K. rapidly achieved high rates of vaccination
uptake, yet a substantial minority still remain unvaccinated and at risk as COVID-19 infections are still
occurring. Also, other guidelines such as the mandate for wearing masks, social distancing in public
spaces or using the NHS app were adhered to by many but by no means all. This raises the question as
to why people would not voluntarily follow government guidance and safety measures. What beliefs
motivate non-compliance and who is it that holds them?

A number of factors have been proposed to contribute to this lack of trust, including mixed messages
from scientists, politicians and media regarding the optimal and appropriate level of control measures
(1), double standards in adherence to rules of government vs. general public, and a perception of
corruption in the awarding of lucrative contracts. In parallel, social media platforms have acted as hubs
for misinformation related to the pandemic, fueling public unrest (2) and a lack of compliance (3). Of
particular relevance, diverse conspiracy theories have emerged questioning the motives underpinning
governmental response to the virus, the virus’ origins, or even its existence (4).

Indeed, previous studies paint a bleak and often contradictory picture of distrust; for example, a survey of
a representative sample of the UK’s population in April 2020 showed that 62% of respondents considered
the government’s reaction to COVID-19 to be too slow, 31% did not trust the government to control the
spread of COVID-19, and 24% did not believe the government had been truthful about COVID-19 (5). Low
trust in government has been associated with higher levels of conspiratorial beliefs, unwillingness to
engage in health protective behaviours, and reluctance to vaccinate against the virus (6–9).
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Understanding peoples’ beliefs and how they covary in the population with sociodemographic, lifestyle
and health related factors could guide better targeting of attempts to persuade people towards improved
compliance. To date, there have been limited attempts to link different aspects of compliance to select
aspects of personality (10), political orientation (11), and demographics (12–14); but there have been
none looking at the in�uence of lifestyle factors or neuropsychiatric status, nor that determine which
among the many such variables has the most predictive value, or is associated with what speci�c belief.

What the most common classes of belief have been that motivate non-compliance is a critical puzzle
piece. A major limitation of almost all previously published studies on this topic is that they rely on social
media to quantify the range of opinions about the pandemic and its handling by bodies of authority,
which may fuel misinformation (2) but also has variable engagement across the population, or traditional
survey methods (6, 15–17), in which responses are given by selecting from pre-speci�ed answers to pre-
formulated questionnaire scales; for example, re�ecting how strongly a respondent agrees with a
particular statement. While �xed-answer approaches are e�cient in some contexts – e.g., when
determining rates of compliance to speci�c measures – they pose major limitations when seeking to
ascertain the beliefs that motivate individuals to support or reject a given measure because they are
constrained by the insights of the surveyor.

Identifying the most common beliefs that underlie distrust can be achieved by analyzing free text
responses to questions (18), but this requires surveying large samples of the general population. High
numbers of observations also are required to determine how different aspects of compliance or belief
covary with each other within the general population, and how they relate to multiple potentially relevant
levels of psychological, sociodemographic and lifestyle factors. To add further complication, if (as is
likely) it is marginalised individuals who are most likely to hold such beliefs, then this presents a
challenge because they tend to be the least likely to respond to standard surveying methods. While there
have been studies using data from social media platforms to map the public opinion about pandemic
(19, 20), they are marked by limitations such as poorly characterised subjects demographics due to social
media making it easy to hide or change aspects of one’s identity, spam messages leading to an uneven
representation of beliefs, and an inability to target speci�c pandemic related questions in a controlled
manner.

Here, we use a novel approach to map the common beliefs that underlie distrust and non-compliance
with COVID-19 safety measures. We apply multivariate and machine learning methods to large-scale
citizen science data, capturing a large and inclusive cross-section of the UK general public at three
distinct stages of the COVID-19 pandemic. First, we quantify the distribution of answers in our sample
using questions probed by three general themes: people’s compliance with pandemic-related restrictions;
their sources of news and information; and their beliefs about the nature and origin of the virus and the
government and media’s responses to its spread. We create a composite compliance score and map the
probability of non-compliance across the population and use logistic binomial and multinomial
regression to identify the pro�les of people who are most likely to hold divergent beliefs or to endorse
non-compliance. Critically, we supplemented �xed answer questions with free-text responses that allow
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those who express distrust or lack of compliance to explain their reasons for doing so. We apply one of
the most established topic modelling methods, Latent Dirichlet Allocation (LDA), to discern in a data-
driven manner the reasons that motivate distrust, and by association, non-compliance. Finally, we map
topic prevalence across relevant population variables and examine changes in their prevalence across
three timepoints within the pandemic between December 2020 and January 2022. We conclude by
highlighting topics that the government and media might address with the general public in order to
improve trust, and consequently compliance in the case of crisis situations (such as but not limited to the
COVID-19 pandemic) where cooperation between citizens and bodies of authority is needed.

Results
Participants were recruited from those who signed up for the Great British Intelligence Test (21) in
response to emails sent in December 2020 and June 2021 and January 2022. We analysed data from
20,922 individuals in December 2020, from 12,796 individuals in June 2021 and from 14,090 individuals
in January 2022 using the Cognitron online assessment platform (22–24). 2,797 people completed all
three timepoints. Demographics of participants at all timepoints are presented in Supplementary
Materials.

1. Characterising behaviours and trust: an analysis of �xed
response questionnaire data

We assessed the distribution of responses to three types of pre-formulated questions. The �rst type
probed whether or not respondents were distrustful of the government’s approach and the media’s
response to the pandemic, vaccines, and the mainstream narrative of the origins of COVID-19 (Figure 1A-
E). The second type probed whether respondents had complied with suggested measures to reduce the
transmission of COVID-19 (Figure 1F-I). The third type probed respondents’ primary sources of
information regarding the pandemic  (Figure 1J). 

1.1 The distribution of trust and compliance and information sources 
As expected, although the majority of the population endorsed trust in the government, media, vaccines,
and the standard narrative for the origins of COVID-19 (Figure 1A-E) there were substantial minorities who
endorsed distrust and a lack of compliance. For example, in December 2020, 22.7% of respondents
reported assuming that there were ulterior motives behind the government’s response to the pandemic
(Figure 1A), 17% that the media was covering up information (Figure 1B), 19.6% did not consider COVID-
19 to be a natural phenomenon, (Figure 1C) and 9.7% felt that the government imposed restrictions were
not justi�ed (Figure 1E). Over the course of one year these responses showed small but statistically
signi�cant changes. Most notably, more people assumed the government had ulterior motives behind
their response to the pandemic (29.9%) and that the COVID-19 pandemic had unnatural origins (27.9%).
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At the same time, fewer people (13.4%) considered that more needed to be done regarding restrictions on
social behaviour in January 2022 compared to December 2020 (29.3%).

A similar pattern of results was evident for the compliance questions, with the majority endorsing
compliance with safety measures but substantial minorities reporting non compliance (Figure 1F-I). For
example, in December 2020, 37.1% of people surveyed stated that they did not avoid leaving the house
due to COVID-19 (Figure 1G), 15.5% of respondents did not want to be tracked with the NHS Track and
Trace app, and 9.4% did not trust what the government would do with that data (Figure 1I). Only 6.6% of
people stated that they would not get vaccinated when a vaccine became available (Figure 1D). Although
0.6% of respondents reported not following social distancing guidelines at all, 37.8% reported not doing
so all of the time (Figure 1H). Similarly, although 0.4% of responders reported not wearing a mask (Figure
1F) 13.5% only did so because they had to, a percentage that increased to 18.6% in June. Re�ecting
changes in guidance, the most striking change from December 2020 to January 2022 was that people no
longer avoided leaving their house due to COVID-19, from 18.9% to 49.9% in June 2021 and 49.2% in
January 2022 (Figure 1G).

In December 2020 the most common reported source of news about the pandemic was via TV (26.5%),
and the Internet (21.9%), with social media accounting for 7.3% of responders' primary source of
information surrounding the pandemic (Figure 1J). In May 2020, the proportions changed such that
marginally more respondents took their information about COVID-19 from governmental communications
and less from other sources. 

 

 

1.2 Predicting lack of compliance on the basis of trust
Next, we investigated whether individual respondent’s compliance with COVID-19 safety measures could
be predicted from trust in government and media advice about COVID-19-related issues. The answers
given to the �ve compliance questions (wearing a mask, taking the vaccine, following social distancing
guidelines, avoiding leaving the house and using the NHS app) were converted into continuous numeric
scales and aggregated as a composite compliance score (see Methods). A multiple linear regression
model was �tted with the composite compliance score which was adjusted to demographics measures
(age, residence, ethnicity, education, occupation) as the dependent variable and yes/no responses to each
trust question as predictors. R2 for the model was 0.13. Table 1 shows the results of this analysis and
identi�es which aspects of trust predicted lack of compliance (Table 1). A�rming any of the following
four statements predicted a lack of compliance with the suggested measures for containing the
pandemic: that restrictions are unjusti�ed, that the government has ulterior motives, that the media is
hiding things, and skepticism that COVID-19 has natural origins. Considering that restrictions are poorly
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justi�ed had the largest regression coe�cient. Therefore, if someone considers that restrictions are poorly
motivated then they are less likely to follow them, with other aspects of distrust having small additive
effects to this.  

 

Lack of trust Regression
Coe�cient

p-
value

Meaning

Intercept -0.12 *** Those who trust are more likely to
comply

More restrictions are needed -0.30 *** A�rmative respondents more likely to
comply

Restrictions are not justi�ed 1.51 *** A�rmative respondent less likely to
comply

The government has ulterior
motives

0.10 *** A�rmative respondent less likely to
comply

The media is hiding things 0.17 *** A�rmative respondent less likely to
comply

COVID-19 has unnatural
origins

0.07 ** A�rmative respondent less likely to
comply

Table 1. Predictors of non-compliance with suggested measures to reduce transmission of COVID-19.
Effect size (Cohen’s d) is calculated by dividing the beta coe�cients calculated in the linear regression by
the square root of the N times the standard errors. Signi�cance is denoted as *, **, and *** for p<0.05,
p<0.01, and p<0.001, respectively.

1.3 Predicting trust and non-compliance based on sociodemographic
factors, substance use, preexistent neurological or psychiatric
conditions, wellbeing, time spent online and information sources
We examined whether sociodemographic variables, levels of substance use, neuropsychiatric status,
news sources and time spent online were predictive of whether respondents were distrustful and/or non-
compliant with COVID-19 safety measures. Binomial and multinomial logistic regression models were
trained to predict the categorical responses for each of the minority answers for questions in Figure 1
(see methods). 
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Factor A. B. C. D. E. F. G. H. I.

Age *** *** *** *** *** *** *** *** ***

Sex *** *** *** 0.088 ** *** *** *** ***

Residence 0.761 *** ** 0.178 ** ** 0.806 ** ***

Ethnicity 0.97 * ** 0.158 *** * *** * ***

Education *** *** ** *** *** ** *** ** *

Occupation 0.383 0.19 0.058 0.062 *** *** * *** ***

Neuropsychiatric status 0.236 *** * ** 0.137 *** 0.296 *** **

Drug use * ** *** *** * *** *** *** ***

News source *** *** *** *** *** *** *** *** ***

Wellbeing 0.864 *** *** *** ** ** *** *** ***

Time online * *** * ** 0.288 *** 0.249 *** ***

Table2. Sociodemographic factors predict trust and non-compliance. Questions B,G, H and I were �tted as
multinomial logistic regression models, and questions B-F were multinomial logistic regression models. A
- Does not wear a mask at all times, B - Lockdown restrictions are not justi�ed, C - There are ulterior
motives behind the government’s response to COVID-19, D - The media is hiding things from the public, E -
Would not take the vaccine, F - Does not socially distance, G - COVID-19 is not a naturally occuring
phenomena, H - Does not avoid leaving the house due to COVID-19, I - Does not use the NHS app.
Signi�cance is denoted as *, **, and *** for p<0.05, p<0.01, and p<0.001, respectively.

The factors added to the model were, in this order, age decade, sex, residence, ethnicity, education,
occupation, psychiatric or neurological conditions, drug use frequency prior to the pandemic, primary
news sources about the pandemic, wellbeing score determined from the GAD-7 (25) and PHQ (26) anxiety
and depression scales, and number of hours spent online per day. The impact of each of the factors on
driving either trust-related or compliance-related questions is illustrated in Table 2. The signi�cance of
each factor was calculated from the log likelihood ratio of the model containing all factors and the model
without that speci�c factor. 

At the factor level, age, education, frequency of drug use and news sources all showed signi�cant
prediction of distrust and compliance across all questionnaire items. Notable factors predicting distrust
and noncompliance were also sex for all questions apart from the media hiding things, and wellbeing
level for all questions apart from following the social distancing guidelines. Neuropsychiatric status was
a predictor of all but trust in vaccination, following the social distancing guidelines and distrusting that
COVID-19 is a natural phenomenon. Ethnicity also played a role in driving trust about lockdown
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restrictions, the government response to COVID-19, vaccination, the origins of COVID-19, leaving the
house and using the NHS app. 

At predictor level, compliance and distrust varied signi�cantly with sociodemographics. The most salient
sociodemographic and lifestyle predictors are illustrated in Figure 2 and the full spectrum of predictors
including odds ratios and signi�cance values are appended in the Supplementary Materials. Odds ratios
were calculated from the regression coe�cients resulting from all complete binomial and multinomial
logistic regression models. Younger people (18-30 years old) had twice the odds of older people (51-60
years) to not follow social distancing guidelines. People with low education levels showed high odds of
distrusting the government, media and mainstream COVID-19 narrative, as well as to not follow the social
distancing guidelines compared to people with university degrees. 

Frequent drug users were more likely to not wear masks and not follow the guidelines compared to
people who never used drugs, but also to distrust the government and mainstream media. People with
low wellbeing were around 1.5 times more likely than people with high wellbeing to distrust the
government including what they would do with their data from the NHS app, distrust the media, only
following guidelines for masks because they have to, have given up on following them or never followed
them to begin with.

1.  Common beliefs underlying distrust: a topic-modelling analysis of free text responses

Topic modelling was applied to free-text responses to provide further insights into the most common
beliefs people held that motivated distrust in government and media. Speci�cally, respondents were
presented with a free text box if they answered speci�c questions indicating distrust. They were asked to
provide reasons for responding that (1) restrictions were either unjusti�ed or more needed to be done, (2)
the government had ulterior motives, (3) the media was hiding things, (4) they would refuse the vaccine,
and (5) they thought the origins of COVID-19 were unnatural. LDA models were trained on the resulting
free-text data from these questions to capture in a data-driven manner the responders’ most common
beliefs as commonly occuring latent documents or ‘topics’.

After removing infrequent words, non-words, lematising and tokenising, the optimal number of topics for
each question given the corpus of responses was chosen based on the number of topics from 1 to 30
where Cv coherence was highest. Then, LDA was used to infer this number of latent topics from the
corpus (see Methods and Supplementary materials). 

2.1 Distribution of beliefs across timepoints
We illustrate the dominant topics derived from the answers to the free text questions in Figure 3, as well
as whether there was a change in topic distribution from December 2020 to January 2022. Chi-squared
tests illustrated that changes in the prevalence of beliefs was signi�cant for every question assessed.
People who indicated that they felt more restrictions were needed, tended to justify this distrust on the
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basis of topics such as the need to protect the NHS, infections rising, lockdowns being needed, and that
rules had to be stronger and clearer. They also believed that the government needed to be more proactive
and the reason for amplifying restrictions was because many people did not follow the guidelines. The
highest % change between December 2020 and January 2022 is for the topic related to infections,
transmission, hospitalisation and death rates, rising concerns which sky-rocketed from 10.1% in
December 2020 to 27.1% in January 2022.

Conversely, people who endorsed restrictions being unjusti�ed stated that this was due to their impact on
the youth, the fact that they were not focused speci�cally on the vulnerable, the contradictory nature of
the policies, and most prevalently because of the impact they had on the economy. The changes in the
prevalence of belief topics was substantial. The most striking one was related to the government
inconsistencies about the restrictions which saw an increase from 13.9% in December 2020 to 27.1% in
January 2022.

The sub-population who distrusted the government prevalently believed that they had ulterior motives
because they made inconsistent decisions with regards to COVID-19 policies, thereby prioritising the gain
of popularity with the public or businesses rather than population health. This topic saw an increase
from 18.8% to 25.7% from December 2020 to June 2021, followed by a decrease to 18.9% in January
2022. The remaining topics featured the government’s lack of transparency, prioritising economy over
health, using COVID-19 to distract from other issues such as Brexit, and using the pandemic for personal
gain. The most prevalent belief in January 2022 was that the government has been dishonest with the
public and ignored advice of experts (24.5%). 

People who distrusted the media believed that they shared only partial information or sides of the stories,
focused on the negative and shocking stories, did not encourage discourse critical of the government,
and were unreliable. A substantial proportion among the distrustful (20.5% in December 2020, 20.6% in
June 2021, 19.9% in January 2022) believed that the media not only did not present an impartial view but
also were in�uenced by politics, the global economy, and investors, making this the most popular topic.

Only a small proportion of people in our sample indicated that they would refuse the COVID-19
vaccination. However, those who did so either quoted personal health circumstances that made them
exempt, were unsure about vaccines in general, did not see the bene�ts compared to the risks, or worried
 vaccines were being rolled out too quickly and might have long term side effects that had not yet been
assessed. The latter topic showed an increase from 36.7% in December 2020 to 53.5% in January 2022.

Lastly, people had a range of views concerning the origins of COVID-19. Respondents believed it was
either a bioweapon developed in China which was accidentally released, a virus leaked from a lab, a
zoonosis resulted from our interference with the biosphere or from food markets, that it resulted from
improper treatment of animals, or were unsure about its origins at all. The most prevalent belief in
January 2022 was that the virus is the result of improper treatment of animals and interference with their
habitats (35.5%), and the least prevalent, that it was created by humans and deliberately/accidentally
released from a lab (8.6%).



Page 10/29

2.2 Speci�c beliefs covary with sociodemographic factors
Topic probabilities for the entire cohort surveyed varied substantially with sociodemographic factors
(Figure 4). Chi-squared tests con�rmed that the distribution of best-�tting topics varied signi�cantly with
sociodemographic factors. Further chi-squared tests and Pearson’s correlations (for incremental factors)
were conducted to determine if each individual topic varied in prevalence across sociodemographic
categories (See Supplementary Materials).

Younger people (18 to 30 years old) believed that more had to be done to protect the frontline workers, the
lockdown should have been more prompt and restrictions should have been stricter; they were also the
group most likely to distrust the government and media in all major reasoning themes. In comparison,
older people (above 60 years old) had the highest probability for distrusting the COVID-19 narrative.
Speci�cally they believed that COVID-19 is either a product of humans mistreating animals or man-made,
where opinions diverge into either intentionally as a bioweapon or accidentally released. 

People who identify as ‘Other’ (rather than male or female) were more likely to believe more needs to be
done, but also to be more distrustful of the government, media, and believe that COVID-19 is a zoonosis
resulting from human interference with the biosphere or be unsure about the virus origins.

Minority ethnic groups were more likely to have divergent beliefs in all domains studied, apart from
believing that restrictions are unjusti�ed.

Respondents educated at PhD level were distrustful of the government because they believe that the
economy has been prioritised over public health. In comparison, people with lower education levels had
higher probability of believing that more needed to be done because the government’s response should
have been more proactive and many people do not follow the guidelines. They also had higher
probabilities to generally distrust the media. The effect of low education levels, however, was most
apparent in regards to distrusting the mainstream COVID-19 narrative. 

Having a psychiatric or neurological condition was linked to having a higher probability to distrust the
authorities in all cases, but lower probability to believe that COVID-19 originated from the wet markets,
was a man-made bioweapon or that restrictions were illogical. Overall, people suffering with low
wellbeing, frequent drug users, and those who spent most of their day online had higher probabilities for
all topics in all cases.

Discussion

Distrust predicts non-compliance
Our results con�rm that distrust in government and media, and conspiracy theories more broadly, have
motivated a substantial minority within the British public to be non-compliant with key aspects of
government rules and advice during the COVID-19 pandemic (6, 13, 27, 28). Indeed, in some respects the
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level of distrust appears to have increased as the pandemic progressed. For example, while in December
2020 and June 2021 around a quarter of respondents indicated that the government had ulterior motives
behind its response to the virus, this grew to almost a third by January 2022. Distrust in the mainstream
COVID-19 narrative increased in similarly large proportions. There was a corresponding change in
compliance across this timeframe. Social distancing signi�cantly decreased and more people only wore
masks because they had to. Some components in these changes in compliance, such as the dramatic
reduction in respondents no longer avoiding leaving the house by January 2022, will have re�ected
changes in context and government advice. However, our results indicate that increased distrust played a
substantial role as well, for example, endorsing the statement that restrictions were unjusti�ed provided
the strongest predictor for non-compliant behaviour.

Distrust and the beliefs that underpin distrust are diverse
Free text analyses enabled us to pinpoint in a data-driven, unbiased, and unconstrained manner the
nature of beliefs that motivated speci�c aspects of respondents’ distrust in government and media. The
respondents highlighted diverse topics that spanned from perceptions of incompetence and
inappropriate prioritisation on the part of government to beliefs in nefarious conspiracies. Most relevant
to compliance, the substantial proportion of people who endorsed the view that the government had
ulterior motives differed in the reasons that they gave. Some highlighted that expert advice was ignored
or that the economy was being prioritized above public health. Others held more conspiratorial beliefs
regarding corruption, with decision making perceived to be motivated by attempts to bolster popularity or
for personal gain. A not insigni�cant proportion of respondents believed that the pandemic was being
used to distract people from the UK’s exit from the European Union. Concerning distrust in mainstream
media, respondents considered that the media was unreliable, inaccurate, sensationalist, motivated by a
lack of impartiality, was pursuing an agenda, or deliberately manipulating public discourse. Topics
surrounding the origins of COVID-19 ranged from improper hygiene in wet markets and human-induced
destruction of wild habitats to more conspiratorial beliefs about the accidental or deliberate release of an
engineered bioweapon. Common reasons given to justify vaccine refusal were narrower, converging on a
common theme of concerns about side effects, exemptions due to illnesses or pre-existing medical
conditions, and reticence in the light of a fast rollout.

The distribution of beliefs that underpin distrust changes
over time
The fact that a diversity of beliefs underlie distrust presents an obvious challenge for any attempt at
population-level persuasion towards improved compliance. Exacerbating this, we observed that distrust
and beliefs signi�cantly evolved over a short period of time. From December 2020 to January 2022 we
saw not only a signi�cant shift in the proportions of distrust amongst our respondents but also a change
in the prevalence of their beliefs. The proportion of people nurturing feelings of distrust towards the
government grew from ~ 24% to ~ 30% and the proportion of people who thought that COVID-19 has
unnatural origins grew from ~ 19–28%. The most prevalent topics underlying distrust in the government
and the mainstream COVID-19 narrative which accompanied this change were that the government
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ignored expert advice (from ~ 21% to ~ 25%), and that COVID-19 was caused by humans mistreating
animals/nature (from ~ 18% to ~ 35%). Conversely, the proportion of people who would refuse the COVID-
19 vaccine dropped from ~ 7% to ~ 2% while over half of the residual unvaccinated population believed
that there was a lack of data on long term side effects in January 2022 compared to only a third in
December 2022. Finally, the percentage of those surveyed who believed restrictions were unjusti�ed
increased from ~ 10% to ~ 13% and the most prevalent belief amongst those was held by ~ 28% in
January 2022 of the respondents who indicated that the physical, mental, and economical toll on the
population was unjusti�ed compared to ~ 18% in December 2020.

Non-compliance, distrust and beliefs covary with
sociodemographic variables
The prevalence of non-compliance, distrust, and the beliefs that underpin distrust also covaried
signi�cantly with population demographic variables, and were subject to change over time based on
these factors. An overarching pattern was evident, namely that distrust was higher in minority, alternative
and otherwise disenfranchised segments of society.

Perhaps most notably, all ethnic minorities in our sample had higher probability to both distrust the
government and refuse vaccines, which is consistent with previous studies (29). This is problematic from
a public health perspective, especially since these groups also have higher probabilities of suffering
negative mental (30) and physical health effects from COVID-19 (31, 32). Previous research has
highlighted that marginalised groups are more likely to disbelieve that the government seeks to promote
their wellbeing (33). Interestingly, whilst ethnic minorities showed the highest probabilities for being
distrustful about the government, the media, vaccines, and COVID-19 narratives, they did not have a
signi�cantly higher probability of considering restrictions unjusti�ed. This may indicate that higher non-
compliance in ethnic minorities is more the product of distrust in authoritative bodies than it is lack of
belief in risks posed by the virus.

Young adults, students, those who identify as ‘other’ rather than male or female, and frequent drug users
in our study were more likely to distrust government and media handling of the pandemic. They were also
less likely to comply with social distancing isolation guidelines, which accords with previous research
detailing how young people were severely impacted by restrictions in the short- and long-term as well as
less likely to comply with pandemic guidelines (34). Those who did not complete education past primary
school level had the highest probability of holding conspiratorial beliefs about the origins of COVID-19.
Consistent with other studies, education was the strongest predictor we found for distrusting the
government and not following COVID-19 related guidelines (6, 14, 29, 35–37). This highlights a need for
clear scienti�c communication of expert advice which is accessible to those of all levels of formal
education. Targeting sources of misinformation too is especially important since conspiratorial thinking
has been linked to a decrease in willingness to comply with containment measures (38).

People who were retired, disabled, or who had poor mood self-assessment scores were more likely to
consider that stricter restrictions were needed. Relatedly, those who had neurological or psychiatric
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conditions were more likely to believe that ulterior motives were behind the government’s response to the
pandemic. Similarly, poor mood self-assessment scores predicted the probability of believing that
restrictions needed to be ampli�ed, the government had ulterior motives, the media was hiding things,
and COVID-19 had unnatural origins. These observations accord well with past literature showing that
people exhibit divergent beliefs when they are more prone to psychological disorders (39, 40), are anxious
(40, 41), have patterns of cognition characterised by feelings of helplessness and hopelessness (15), or
hallmark characteristics of depression (42). Although warnings have been put forward highlighting that
psychological reactions contribute to how individuals and groups respond to the pandemic (43, 44),
insu�cient efforts aimed at prevention led to a phenomenal rise in the incidence of anxiety, depression
(22, 23) and substance use (45). We also found that illicit substance use was predictive of a lack of trust
in the government, believing that the media is hiding things, and of the refusal of the vaccine.
Furthermore, people who suffer with mental health di�culties or substance use disorders pose higher
risks of COVID-19 infection and possible complications associated with the virus, due to increased levels
of di�culty accessing disease management services (43).

Relationship of �ndings to other free text studies
A number of previous studies have investigated reasons for distrust in the government based on text
analysis of social media data. These studies have reported results that align with key aspects of our
�ndings. For example, one study using LDA to model Twitter responses focused on understanding the
common themes underlying anxiety in the general population and compared this across nations (19). In
accordance with the results presented here, a theme identi�ed to cause anxiety in the public was political
polarisation and governmental incompetence, which we identi�ed as a reason for distrusting the
government. Another study used LDA to model Twitter data in the UK to derive topics of interest during
the pandemic and reported that a topic related to lockdown and one related to the government were
identi�ed, but no thematic analysis was performed to understand exactly what the problems were (20).
Though social media studies pose advantages – such as enabling the passive collection and modelling
of data in a near continuous fashion – a major methodological limitation of these studies is that social
media allows one to conceal their real identity. This limits the potential for mapping beliefs as a function
of population variables. Furthermore, inferences that a topic is wide-spread within a group of individuals
should be taken with a grain of salt. This could be due to spam coming from a single individual or set of
bots rather than being representative of the views of the general population. Social media platforms are
also increasingly riddled with gate-keeping narrative frameworks, which makes transparency an issue
when interpreting the available content (46).

Through the use of citizen science studies we provide a compromise whereby public opinion is e�ciently
surveyed from the general population at large scale but is also accompanied by detailed socio-
demographic data. In accordance with results presented here, the limited number of studies carried out in
the UK analysing free text data have found general mistrust of governmental politics, concerns about the
use of scienti�c evidence, and quality of communication and political decision making, such as a lack of
transparency, corruption and incompetence within the government, inconsistent policies, tensions
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between the government and the media and the public, and ultimately, an inability to plan for an
uncertain future were highlighted (13, 14).

Limitations
Our study is distinct in evaluating the prevalence of distrust and beliefs at discrete timepoints throughout
the pandemic in relation to diverse population variables. Some limitations should however be considered.
Though large, our sample is not proportionally representative of the UK population; we highlight a bias
toward older adults and those holding a university degree. Nevertheless, we note that the population is
inclusive of a diversity of people such that associations of distrust and beliefs can be modeled across a
comprehensive set of population variables with considerable sensitivity even to small associations.
Moreover, a substantial number of individuals from different minority groups who are typically less likely
to volunteer to be part of a research study – such as illicit substance users and persons suffering with
neurological or psychiatric conditions – are represented within our study. We posit that this inclusivity
re�ects that our cohort was recruited primarily through the BBC, that is, as opposed to governmental
communication through o�cial survey platforms that the most authority-sceptical are most likely to
distrust. In keeping with all sampling methods, it is the case that we likely underestimate levels of distrust
and non-compliance in the general population, as those who are distrustful are likely to be more sceptical
of taking part in survey-based studies (13, 27). We also included responses from people who live abroad
and may not feel the direct effects of the local policies, and hence have somewhat skewed opinions.
However, given the low proportions (at most 6.5% of the total sample at each timepoint) and lack of
association of country of residence with topic prevalence, this is unlikely to have driven our results. It also
is important to highlight that a minority of individuals completed all of the analysed timepoints. Notably
though, the demographic pro�les remained similar across timepoints. Furthermore, the results are
consistent when analysing only those who completed all three timepoints. Finally, our results illustrate a
number of robust topics that are distinct and do re�ect common themes in the British people surveyed
about the COVID-19 pandemic. We used LDA, one of the oldest and most established, and proven to work
well topic modelling techniques. However, a diversity of variants on topic modelling methodology are
available. Future work should explore application of alternative topic modelling methods and coherence
algorithms. Nonetheless, the topics derived using the approach applied here have clear validity, being
interpretable and correlating robustly with population variables in a manner that makes intuitive sense,
whilst both replicating and extending �ndings from past studies.

Future directions
Taken together, the diverse and shifting nature of compliance, distrust, and beliefs that underlie distrust
presents a major challenge to any efforts to improve compliance with government guidelines. The COVID-
19 pandemic has presented a unique opportunity to examine these relationships between the public and
the bodies of authority at a �ner grain than has been previously possible. However, the general principles
that have been observed have relevance to other future pandemics, crisis situations, and more generally
to the interplay of government, media, and population behaviour. It seems reasonable to suggest that
aspects of the methodology applied here could be applied for this type of purpose. Speci�cally, the
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combination of large-scale citizen science survey data and machine learning can be used to rapidly
identify the currently most prevalent beliefs that underlie distrust and ultimately non-compliance. These
may then be addressed in a manner that is tailored to individuals by mapping belief prevalence to the
most relevant population variables. We believe that stratifying people according to sociodemographic
variables has the potential to be a useful tool in the process of tackling lack of trust and compliance, and
suggest to go a step further: instead of targeting with health messaging alone, tailor information
campaigns aimed at increasing trust in the government speci�cally to topics those groups have the
highest probability of basing their reasoning on.

Materials And Methods

I. Experimental design

Data collection and participant demographics
In January 2020 the study was promoted by the BBC on the main and on the news homepages.
Subsequently, in May 2020, the study was promoted again via the same channels and by AH on an
episode of the BBC2 Horizon Documentary named ‘the Great British Intelligence Test’. Online links
remained in prominent positions over the subsequent month in each promotion launch. The study survey
consisted of a set of bespoke cognitive assessment tasks and of questionnaires including items related
to socio-demographic and mental health variables. The survey was programmed in HTML5 with
JavaScript and deployed via our Cognitron server system, which already supports diverse online studies.
Cognitive and mental health results have been reported elsewhere (21–24). At the end of the survey,
participants who wished to be recontacted for future studies were asked for their email addresses.

Out of the total of the 765,830 participants recruited in December 2019 and May 2020 only 95,441 signed
up with their email addresses and gave permission to be recontacted. The totality of the participants is
detailed in Table 3.

In December 2020 the questionnaires were expanded to include additional variables; among these, people
were asked a set of �xed-answer questions regarding the coronavirus pandemic. These pandemic-related
questions were of three types: i) regarding people’s beliefs about the pandemic, ii) regarding people’s
compliance with the measures suggested to reduce the spread of COVID-19 and iii) regarding people’s
primary information source on the pandemic. The questions concerning people’s beliefs triggered a free-
text question in case people picked what was expected to be the ‘minoritarian’ answer to allow them to
explain the motives behind their choice. The pandemic-related questions relevant to the present work are
here reported; for the full transcript of all the questions asked in the survey refer to the Supplementary
Materials.

Data was analysed from 20,922 individuals in December 2020, from 12,796 individuals in June 2021 and
from 14090 individuals in January 2022 who completed all questions that are subject of this study. Their



Page 16/29

demographics are shown in the Supplementary Materials.

This study was run in accordance with the Helsinki Declaration of 1975, as revised in 2008. All
procedures were approved by the Imperial College Research Ethics Committee (17IC4009). All
participants provided informed consent prior to completing the survey.

Table 3
Recruitment timeline and sample sizes. All 95,441 participants who signed up with their email addresses

were recontacted in December 2020. 397 of those deleted their accounts between December 2020 and
June 2021 when the next recontact happened. 1303 further deleted their accounts between June 2021

and January 2022. In January 2022 people who signed up to the Great British Intelligence Test between
December 2020 and January 2022 were also part of the recontacting scheme. At the recontacting in

January 2022 104,516 people received a second email asking for their responses.

    December
2019

May
2020

December 2020-January
2022

  Recruited 533,248 232,582 30,754

December
2020

Recontacted 95,441 N/A

Responded 33,227

Complete
responses

20,922

June 2021 Recontacted 95,044

Responded 33,200

Complete
responses

12,796

January 2022 Recontacted 124,496

Responded 25,137

Complete
responses

14,090

Scoring for text about compliance
We wanted to derive a composite score representative of the overall level of compliance of an individual
with the COVID-19 restrictions, to see if we could predict people’s non-compliance on the basis of their
beliefs. With this in mind, we scored the possible answers to the compliance questions on a continuous
scale from 0 to 2, with 0 being fully compliant, depending on the question. Next, for each individual we
evaluated the score for each question based on their answers and we added up all the scores to get a
unique composite score. The compliance composite score was, therefore, assigned on a scale from 0 to
10, where 0 means fully compliant and 10 non-compliant at all with the government suggestions
regarding conduit during the COVID-19 pandemic. The scoring system for each question is
Supplementary Materials.
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II. Statistical methods

Predicting lack of compliance on the basis of beliefs and
media sources
To investigate whether any of the beliefs as phrased by the �xed-answer belief questions and the primary
pandemic news source were predictive of non-compliance with the COVID-19 restrictions, we have �tted a
linear regression model taking as features the items of the belief and media questions and predicting as
target the compliance composite score.

Predicting beliefs based on questionnaire variables
Next, we wanted to verify whether the responders holding divergent/minoritarian responses in the belief
questions were more likely to belong to a certain sub-population, or have certain characteristic traits.
Therefore, we performed binomial and multinomial logistic regression on the data using Python
statmodels library (47) in order to identify questionnaire variables predictive of people more likely to
answer a question in a distrustful/noncompliant way. The questionnaire variables investigated include
sociodemographic features (age, gender, occupation, education, ethnicity and country of residence),
levels of substance use, neuropsychiatric status, wellbeing and number of hours spend online per day
and primary source of news about the pandemic. All empty values were dropped, and dummy variables
were computed for all categorical data including the predictors and the dependent variables. The
predictor categories with the highest number of participants acted as reference categories and were
removed from the models. We also checked for highly correlated variables and found that questions such
as those asking about mask wearing and about socially distancing had very low numbers of responses in
certain categories, so those were collapsed together and the questions entered binomial rather than
multinomial regression models. For each model odds ratios were calculated to re�ect odds compared to
the removed highest scoring dummy. Full logistic regression outputs can be found in Supplementary
Materials.

Topic modelling on free-text data
For the belief and counterfactual compliance questions, in case of a particular response (in most cases
what was expected to be the minoritarian response), respondents were asked to specify the rationale
driving their answers. Topic modelling was used to exploit and extract the major classes of opinions
justifying divergent answers from the free-text data in an unsupervised fashion. For each question the
following topic modeling pipeline was applied: a) pre-processing of the free-text data; b) selection of the
optimal number of topics; c) implementation of LDA as topic modeling algorithm; d) rating of top 20
words and opinions per topic; e) interpretation of top opinions to label/name the topic.

The following subsections cover this in more detail.

i) Free-text data pre-processing
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Free-text data was screened manually for non-related responses/spam responses and those entries were
removed. Established natural language processing techniques were applied to pre-process the text data
using the NLTK package in Python (48). These involved removing stop words, junk words, punctuation,
special characters, numbers, words that occurred less than 10 times and lowercasing and lemmatizing
the remaining text (bringing each word to its dictionary form). Data was then tokenised and vectorised
(bag of words model).

ii) LDA implementation and selection of optimal number of
topics
LDA falls under the rubric of topic modelling, a popular approach for both social network analysis and
mapping out public opinions from free-text published on social media platforms (49).

LDA is the most popular algorithm for segregating free text data into topics; it uses a Dirichlet distribution
prior to infer latent topics from a set of data (50). Broadly speaking, LDA analyses a corpus of texts (in
our case, the collection of free-text responses to a given question) to identify latent topics – putatively,
themes or topics which appear across multiple texts within the corpus (we interpret latent topics here as
common justi�cations for rejecting commonly held beliefs). Crucially, in contrast to �xed-answer
questionnaires alone, this approach allows for important classes of public opinion to be identi�ed a
posteriori. LDA works on the assumption that documents input to the model are composed of some
common underlying mixture of topics and seeks to both derive those latent topics and quantify each
document's relationship to them (49).

To group the opinions of the members of the British public into topics, we ran LDA on our data.
Coherence measures identify the optimal number of topics in the dataset. We used the Cv coherence
measure previously shown to be the most highly correlated with human judgement (51, 52) than other
measures, such as algorithmic perplexity (51, 53).

For �nding latent topics in the free-text data we used the LDA multicore implementation in gensim (54)
which uses online LDA (55), an implementation based on online, stochastic, multithreaded optimisation
with the intent of speeding up the computational inference process.

iii) Topic modelling evaluation
The free-text data was segmented into word pairs for the �rst step of computing Cv coherence. To
calculate Cv coherence the probability that each word pair belongs to a certain topic was computed as
well as a measure that quanti�es how strongly a wordset supports another word set (52).

iv) Topics labelling and opinions interpretation
The topic mixture, or percentage that each opinion belongs to its assigned topic, was used to determine
the 20 opinions that most strongly relate to each topic. These opinions were used as a corpus to perform
thematic analysis, where topic labels were generated using thematic analysis as described in (56). For
each topic, the opinions were coded, and themes were extracted from the codes. Traditional thematic
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analysis often results in several themes generated from the corpus; due to the size of our corpus, we
often extracted 1–2 themes. The most dominant theme was used as the label for each topic. Thematic
analysis was independently performed by DK, DC, and AL, and the topic labels (themes) were compared
to generate a consensus topic label. The saved LDA models were used to infer the topic distribution in the
opinions belonging to the newest time point as well.
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Figure 1

Distribution of trust, compliance and media sources. Panels A-E illustrate the proportions of various
responses to trust-class questions. Panels F-I illustrate responses received to questions regarding
compliance to measures that attempt to reduce COVID-19 transmission. Figure 1J illustrates the
distribution of primary sources about the pandemic that people use. All x-axes show percentages. Each
panel contains χ2 and p values of tests for dissimilarity between the December 2020, June 2021 and
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January 2022 data. Answers are displayed in cascade order based on the most prevalent answers given
in December 2020. Information regarding sources of information about the pandemic was not collected
in January 2022. Signi�cance is denoted as *, **, and *** for p<0.05, p<0.01, and p<0.001, respectively.

Figure 2

Odds of being distrustful and noncompliant. Panels A-D illustrate the odds ratios of being distrustful for
different age groups, ethnicities, drug use levels prior to the COVID-19 pandemic and wellbeing levels
recorded in December 2020. On the y-axis answers related to the government response to COVID-19, the
media hiding things, vaccination, the origins of COVID-19, wearing a mask and following the social
distancing guidelines are resulting from binomial logistic regression models. In the �gure legend,
categories which act as reference for the odds ratios are labeled “-REF”. Figure for all socio-demographic
variables is presented in Supplementary Materials.
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Figure 3

Topics and representative opinions per question at different stages of the COVID-19 pandemic. The
different topics that constitute the beliefs of those surveyed are presented alongside their percentage
distribution. Detailed topic label descriptions for each of the free text questions can be found in
Supplementary Materials.  
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Figure 4

Topic probability varies with sociodemographic variables in December 2020. The probability of a topic (y
axis) in different levels of sociodemographic factors is presented. Topics are labelled T= Topic. Topic
labels in �gure 2. Detailed topic label descriptions are in the Supplementary Materials. 
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