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In brief

In a study of 56,072 participants from 28
countries, we used a machine-learning
approach to identify the strongest
predictors of COVID-19-infection-pre-
vention behavior (pre-vaccine). Few
country-level data variables predicted
outcomes. Instead, individual psycho-
logical variables predicted outcomes.
Injunctive norms such as believing people
should engage in the behaviors and sup-
port for behavioral mandates were the
strongest predictors of infection-preven-
tion behavior. The results highlight how
both data- and theory-driven approaches
can increase understanding of complex
human behavior.
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THE BIGGER PICTURE In the absence of a vaccine or cure, virus containment depended on individual-level
compliance with behaviors recommended by the World Health Organization. We used machine learning to
identify the most important indicators of compliance, based on a large international psychological survey
and on country-level secondary data. The most important indicators were not the “usual suspects,” such
as personal threat of virus infection, but rather injunctive norms—namely, the belief that one’s community
should engage in such behavior and that society should take restrictive virus-containment measures. Peo-
ple who tend to engage in infection-prevention behaviors also tend to believe that general compliance is
necessary to defeat the pandemic, which extends to endorsement of “ought” norms and support for behav-
ioral mandates. These results highlight the potential to intervene by shaping social norms and expectations.

o o eoe Proof-of-Concept: Data science output has been formulated,
implemented, and tested for one domain/problem

SUMMARY

Before vaccines for coronavirus disease 2019 (COVID-19) became available, a set of infection-prevention
behaviors constituted the primary means to mitigate the virus spread. Our study aimed to identify important
predictors of this set of behaviors. Whereas social and health psychological theories suggest a limited set of
predictors, machine-learning analyses can identify correlates from a larger pool of candidate predictors. We
used random forests to rank 115 candidate correlates of infection-prevention behavior in 56,072 participants
across 28 countries, administered in March to May 2020. The machine-learning model predicted 52% of the
variance in infection-prevention behavior in a separate test sample—exceeding the performance of psycho-
logical models of health behavior. Results indicated the two most important predictors related to individual-
level injunctive norms. lllustrating how data-driven methods can complement theory, some of the most
important predictors were not derived from theories of health behavior—and some theoretically derived pre-
dictors were relatively unimportant.
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INTRODUCTION

Behavioral measures are crucial in limiting the spread of infec-
tious diseases. This was especially the case in the early phase
of the coronavirus disease 2019 (COVID-19) pandemic between
March and May 2020, when no vaccines were available. In this
first phase of the pandemic, three infection-prevention behaviors
were recommended by most governments: frequent handwash-
ing, social distancing, and self-quarantining.’ The efficacy of
these measures for curbing the virus depends on the extent to
which individuals engage in these behaviors. The COVID-19
pandemic represented a public health emergency with rich so-
cial- and system-level data available to evaluate engagement
in compliance and focus research and future policy interventions
on the most important predictors of such behaviors. Although,
one approach might be to test whether a specific variable ex-
plains important variance in predicting health behaviors. The
present work applies machine learning to a large psychological
dataset, which was assembled in the early phase of the
pandemic and enriched with country-level societal data in order
to consider a wider pool of candidate variables. Our primary aim
was to identify the most important predictors of infection-pre-
vention behavior, given the available data; a secondary aim
was to illustrate how inductive methods can help to inform crisis
response.

Social and health psychology entered the pandemic with a
large toolbox of personal-, social-, and societal-level theories
that may all independently predict individual-level infection-pre-
vention behavior to some extent. These individual health theories
each involve some overlapping and some distinct predictors.
However, when numerous disconnected studies use disparate
research methods, levels of analysis, limited samples, and nar-
row contexts, it is difficult to compare the relative predictive util-
ity of variables indicated by these theories. In other words, when
any given study focuses only on the variables that fall within the
scope of its theory, it is hard to tell how important the variables
are relative to other variables considered by other theories (or
variables not considered at all). Machine learning is a more holis-
tic methodology as it can assess and compare a large number of
potential predictors simultaneously, including theoretically rele-
vant ones, and identify which predictors ultimately explain the
most variance in the outcome measure of interest.

The aim of this study is to use machine learning to identify the
most important predictors of infection-prevention behaviors dur-
ing the early stages of the COVID-19 pandemic from a multina-
tional, rapid-response survey. We combine multinational survey
data, country-level secondary database integration, and ma-
chine-learning methods with the practical aim of identifying the
most important predictors that could serve as targets for future
research and behavioral interventions by governments and orga-
nizations such as the World Health Organization (WHO). This
method offers a holistic evaluation of numerous candidate
predictor variables. The candidate variables cover different
theoretical domains so the results might speak to the relative
importance of different theories as well as specific predictors.
Moreover, the results of this inductive, exploratory approach
might suggest promising avenues for future confirmatory
research, to investigate the direction of causality, and could sup-
port the allocation of scientific resources toward the most prom-
ising predictors of compliance in future crises that resemble the
current pandemic. Results can also provide input for theory
development or refinement.?

Our study was conducted between March and May of 2020—
that is, in the initial phase of the pandemic, several months
before the first COVID-19 vaccine (Pfizer-BioNTech COVID-19)
was approved by the US Food and Drug Administration in
August of the same year. At the time, there was hope a future
vaccine could bring an end to the pandemic, implying that
behavioral measures were mainly an interim or short-term solu-
tion. However, by 2021, hopes surrounding vaccines had still not
fully materialized, partly because the available vaccines waned
in efficacy over time and across new virus strains, and because
much of the global population remained unvaccinated (e.g.,
COVID-19 vaccine hesitancy has since become a major area
of research).®* By winter 2021, with new virus strains, recurring
lockdowns, and the return of behavioral restrictions, the infection
prevention behaviors recommended during the initial period of
our study remained highly relevant.

Machine learning can identify candidate predictors

Machine learning can complement theory-driven approaches by
identifying important determinants, or correlates, of a particular
outcome, identifying blind spots in existing knowledge, and
ranking predictors by their relative importance.” Machine
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learning instead estimates predictive performance in new data-
sets and, thus, generalizability of the results. Further, it includes
checks and balances to prevent spurious findings (i.e., overfit-
ting; see Hastie et al.®). The random-forests algorithm, in partic-
ular, is free from certain assumptions of regression/correlation
analysis, namely the assumption of linearity, absence of interac-
tions, and normality of residuals. Random forests intrinsically
capture non-linear associations and higher-order interaction ef-
fects and can account for multilevel data: the clustering variable
can be included as a predictor, which allows for relationships to
differ across clusters (e.g., if measurements or associations
differ between countries).®

Our approach incorporated both individual-level (psychologi-
cal) predictors and country-level (societal) variables. To identify
key individual-level predictors of infection-prevention behav-
iors—at least during the initial phase of the pandemic—we
launched a large-scale psychological survey in 28+ countries
in the immediate weeks after the WHO declared COVID-19 a
pandemic. The survey was designed with country-level data-
base integration and machine learning in mind, and a separate
team set out to perform machine-learning analysis in isolation
of any confirmatory analysis. The a priori objective was to recruit
tens of thousands of survey responses globally, to assess their
attitudes toward and to society’s prescriptions, and to examine
how these factors relate to individual infection-prevention be-
haviors. The survey provided individual-level variables, such as
basic demographic characteristics (e.g., gender, age, education,
religiousness), brief self-report measures of various psychologi-
cal factors (e.g., subjective states and well-being, work and
financial concerns, societal attitudes, COVID-relevant attitudes
and beliefs), and individual infection-prevention behaviors (e.g.,
handwashing, avoiding crowds).

Deductive and inductive approaches

Deductive research, or hypothesis testing, is the predominant
focus of contemporary behavioral research. It tends to focus
on a relatively narrow set of theoretically derived variables, and
the results revolve around statistical inference: whether the theo-
retical hypotheses are supported by significant or reliable ef-
fects. In deductive research, less emphasis is placed on compre-
hensiveness or breadth of candidate predictors. Relatedly, the
relative importance of different predictors is often of secondary
importance, as is the model’s predictive performance. Thus,
although an advantage of deductive approaches is that they
can be used to draw inferences about theoretical hypotheses,
they also have specific limitations. These are particularly
poignant in the context of the COVID-19 pandemic. To allocate
scientific resources effectively in a crisis, it is important to cast
a wide net among potential predictors and across different the-
ories and to even include under-theorized factors to unearth po-
tential blind spots in the extant literature. Inductive research—
that is, rigorous exploratory work that identifies reliable patterns
in data—is more suited to these demands.

In recent years, inductive research has been gaining traction
as a technique to complement existing theories by identifying
important omissions.” In particular, machine learning offers
powerful new tools for systematic exploration that can identify
relevant predictors and complex relationships that have eluded
theoreticians.” Machine learning is an approach to data analysis
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that focuses on maximizing predictive performance. This in-
volves the use of flexible models to find reliable patterns in
data. Machine-learning models can distill a large set of candi-
date variables down to the ones that are most important in pre-
dicting the outcome of interest and also indicate the direction
and shape of the marginal association between those predictors
and the outcome. In a context where predictor variables are likely
to be related to each other, machine learning is better suited to
manage these complex relationships than, e.g., multiple regres-
sions. Moreover, it incorporates checks and balances to prevent
spurious findings.” However, it is important to note that inductive
and deductive approaches are interwoven, as the set of vari-
ables used as input for a machine-learning analysis is typically
based on theoretical considerations. Thus, as we describe
below, we included in our survey a large set of candidate individ-
ual- and societal-level indicators of infection-prevention
behavior that were of theoretical interest to our international
group of psychology experts.

Relevant theory

Infection control that relies on individual compliance with health
recommendations constitutes a public good. The main charac-
teristic of public goods (e.g., clean air) is that people can benefit
from it even if they have not contributed to its production or
purchase. This creates the temptation to free ride on the contri-
butions of others.®® The COVID-19 pandemic has some charac-
teristics of a public goods dilemma in that control of the virus can
only be achieved if most members of society contribute to the
effort.®° However, a pandemic also differs from many other pub-
lic goods dilemmas due to the immediate personal health threat
of the virus: engaging in infection-prevention behavior not only
reduces the societal spread of the infection, it also lowers indi-
vidual infection risk. Accordingly, individual-level psychological
factors could predict infection-prevention behavior even when
individuals feel unobserved.'®'? Thus, we might expect self-re-
ported individual differences to predict compliance, such as
perceived personal infection risk and vulnerability.

Beyond its potential as a public goods dilemma, the COVID-19
pandemic is also a health emergency with profound social, eco-
nomic, and societal ramifications. In practical terms, millions of
people were expected to lose their jobs, experience economic
hardship, and suffer psychological strains as a result of lock-
downs or self-quarantining.’® More generally, an international
group of behavioral scientists proposed various other psychoso-
cial factors that may predict responses to the COVID-19
pandemic,'* ranging from individuals’ internal states to their so-
cietal attitudes and beliefs. This necessitated research that
comprehensively (re-)examined potential predictors of infec-
tion-prevention behavior, with attention to the broad social, eco-
nomic, and personal ramifications of the pandemic.

Our survey also included factors directly relevant to the
domain of health behavior, such as those suggested by the
Health Belief Model.”>'® According to the Health Belief Model,
two conditions must be met to motivate people to engage in
COVID-19 infection-prevention behavior: they have to believe
that they are at risk of contracting the virus and that engaging
in the recommended virus-protection behaviors would be effec-
tive in reducing that risk.'® A further assumption of this model is
that the effect of perceived effectiveness of a health behavior will
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be moderated by the perceived costs of engaging in that
behavior. If the behavior is too effortful, people might not adopt
it, even if they think that doing so would be effective. A second
relevant theory is the Theory of Planned Behavior (TPB'"~'9).
This more general psychological theory of behavior prediction
posits that intentions to engage in a specific behavior would be
predicted by three constructs: attitude toward the behavior (ad-
vantages and disadvantages), subjective norms (e.g., what is ex-
pected of me by important others), and perceived behavioral
control (i.e., will | be able to do it).

Despite the potential relevance of health-behavior theories,
they illustrate the aforementioned tendency of deductive
research to focus on a narrow set of theoretical constructs. Other
potentially important predictors, not germane to the given the-
ory, might be overlooked. In line with this narrow focus, models
based on such theories typically explain limited variance in the
outcome variable. For example, a meta-analysis based on 185
independent tests of the TPB found that attitudes, subjective
norms, and perceived control explain 39% of the variance in
intention, with intention accounting for 22% of variance in
behavior.'® Although this descriptive performance is perceived
as relatively strong in the field of social science, it still leaves
room for potential predictors from other research domains.
Thus, rather than focus exclusively on variables that target the
health behavior, the present analysis casts a wide net by
including psychological and societal factors that specifically
pertain to the COVID-19 domain, as well as other factors whose
relevance may generalize across domains.

The present study

We sought to distinguish important individual- and societal-level
indicators of infection-prevention behavior using random for-
ests.® The analysis is based on data from a large-scale psycho-
logical survey enriched with publicly available country-level
secondary data (see Table 2 for an overview of the databases
used). Random forests were used for their relatively competitive
performance, computational inexpensiveness, and ease of inter-
pretation.? The expected results consist of an estimate of pre-
dictive performance, which indicates how well the final model
predicts infection-prevention behavior in a new sample, a
ranking of predictors based on variable importance, which re-
flects their relative contribution to the model’s predictive perfor-
mance, and partial dependence plots, which reveal the direction
and shape of each predictor’s marginal association with the
outcome.

The specific approach used in this paper maximized the reli-
ability and generalizability of results in three ways. First, the
data were split into a training sample, used to build the model,
and a testing sample. The testing (or “hold-out”) sample is never
used in the initial analysis but rather is used to estimate the
generalizability of the final model after analyses on the training
sample are complete (a priori splitting of the dataset can be veri-
fied via the project’s public historical record). This procedure
helps to determine the model’s predictive performance: in a
classic deductive analysis, performance is traditionally ex-
pressed in terms of R?, which reflects a theoretical model’s
descriptive performance, which is the percentage of variance
in the outcome explained by the model in the data. In the ma-
chine-learning literature, by contrast, it is commonplace to esti-
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mate predictive performance by assessing R? in an independent
test sample that was not used to estimate the model. Predictive
performance reflects the generalizability of a model. Second,
part of our global data collection efforts included the recruitment
of paid subsamples from 20 countries that were representative
of the population’s age and gender distribution. Such sampling
procedures can improve generalizability to the extent that it
includes persons who might otherwise not participate as self-
selected volunteers. Third, random forest is a specific ma-
chine-learning method that includes checks and balances to
ensure reliability and generalizability of the results.® Random-for-
est analysis accomplishes this by splitting the training data into
1,000 bootstrap samples and estimating a regression-tree
model on each of these bootstrap samples independently.
Each regression tree in turn splits the sample recursively until
the post-split groups reach a minimum size. A split is made by
determining which predictor (out of a randomly selected subset
of predictors) and value of that predictor maximizes the homoge-
neity of the post-split groups. Thus, a tree resembles a flowchart
with relatively homogeneous end nodes. Interactions are repre-
sented by subsequent splits on different variables, non-linear ef-
fects are represented by repeated splits on the same variable,
and random effects are represented by splits on the cluster
variable (country) followed by splits on substantive variables.
Naturally, each of these 1,000 models will include some spurious
findings (overfitting). However, when the predictions from the
1,000 models are averaged, these spurious findings tend to bal-
ance out, thus leaving only the reliable patterns. Whether this
approach is successful in identifying reliable and generalizable
patterns can be objectively evaluated based on subsequent pre-
dictive performance on the hold-out (test) sample.

RESULTS

The Workflow for Open Reproducible Code in Science (WORCS)
was used to make a reproducible archive of all analysis code and
results, including fit tables and figures; see GitHub: https://
github.com/cjvanlissa/COVID19_metadata.?’

Data analytic plan
Prior to analysis, we split our data by randomly assigning 70% of
observations to a training set and 30% of observations to a test
set.® The test set was reserved exclusively for unbiased evalua-
tion of the final model’s predictive performance and was neither
used nor examined during model building to prevent cross-
contamination. Thus, all models were trained using the training
set and evaluated using the test set. We applied a random-forest
model using the ranger R package.”” Random forests offer
competitive predictive performance at a low computational
cost, intrinsically capture non-linear effects and higher-order in-
teractions, offer a single variable importance metric for multilevel
categorical variables (such as country), and afford relatively
straightforward interpretation of variable importance and mar-
ginal effects of the predictors.® With regard to the multilevel struc-
ture of the data, random forests inherently accommodate data
nested within country, including cross-level interactions where
a given predictor has a different effect in different countries.
The forest included 1,000 trees. The model had two tuning pa-
rameters: the number of candidate variables to consider at each
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split of each tree in the forest and the minimum node size. The
optimal values for these parameters were selected by minimizing
the out-of-bag mean squared error (MSE) using model-based
optimization with the R package tuneRanger.”® The best model
considered 31 candidate variables at each split and a minimum
of six cases per terminal node.

The outcome metrics considered in the present study consist
of (1) predictive performance, which reflects the model’s ability
to accurately predict new data, 2) variable importance, which re-
flects each predictor’s relative role in accurately predicting the
outcome measure, and 3) partial dependence plots, which indi-
cate the direction and (non-)linearity of a specific marginal
effect.® Predictive performance is, essentially, a measure of ex-
plained variance (R?), except that in the machine-learning
context, predictive performance is evaluated on the test sample,
which was not used to estimate the model. Estimates of R? on the
training sample should be interpreted as a measure of descriptive
performance (i.e., how well the model describes the data at hand)
and can be (severely) positively biased when used as an estimate
of predictive performance in new data. Given that we recruited
paid subsamples (age-gender representative) in 20 countries,
we additionally computed predictive performance for the paid-
only portion of the test sample to better examine the generaliz-
ability of our findings to the target population.

The relative importance of predictor variables is based on per-
mutation importance: each predictor variable is randomly shuf-
fled in turn, thus losing any meaningful association with the
outcome, and the mean decrease in the model’s predictive per-
formance after permutation, as compared with the un-permu-
tated model, is taken to reflect the (inverse) importance of that
variable.®

The partial-dependence plots are generated using the meta-
forest R package.” Partial-dependence plots display the mar-
ginal (bivariate) association between each predictor and the
outcome.?* They are derived by computing predictions of the
dependent variable across a range of values for each individual
predictor while averaging across all other predictors using Monte
Carlo integration.

Total variance explained

The random-forest model predicted a large proportion of the
variance in self-reported infection-prevention behaviors in the
full test sample (R%est = 0.523) as well as in the paid subsample
(RZrep = 0.586). As these samples had not been used in model
estimation, this indicates that the results are robust. Notably,
the high predictive performance on the paid subsample indi-
cates the generalizability of the findings. The explained variance
in the training sample was of approximately the same magnitude
(R%ain = 0.518). This correspondence between training and
testing R? indicates that the model successfully learned reliable
patterns in the data and was not overfit.

The top 30 predictors, ranked by relative variable importance,
are illustrated in Figure 1, along with an indication of whether the
effect is generally positive, negative, or other (e.g., curvilinear).
Table 1 serves as the legend for the variables illustrated in Fig-
ure 1. Table S3 provides full results of all 115 predictors, rank
ordered by variable importance.

Consistent with expectations, the most important predictors
of infection-prevention behavior included a mix of individual-
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level (survey) variables and country-level (database) indices.
The shape of the bivariate marginal association between each
predictor and the outcome is displayed in the partial-depen-
dence plots (Figure 2). Recall that partial-dependence plots
display the marginal relationship between one predictor and
the outcome while averaging across all other predictors using
Monte Carlo integration.”* Note that the marginal predictions
for the two levels of “leave for work” are identical; a denser
Monte Carlo integration grid might show a small difference
here but exceeds our computational resources.

Individual-level predictors

Social norms

By far the most important predictors of infection prevention be-
haviors were individual-level beliefs about how other people
should behave and whether society should mandate infection-
prevention behavior. The two strongest predictors were injunc-
tive norms targeting infection prevention—namely, the belief
that people in the community should engage in social distancing
and self-isolation (ranked 1%%) and their endorsement of extraor-
dinary restrictive measures to contain the virus (e.g., mandatory
quarantines and vaccination, reporting suspected infected indi-
viduals; ranked 2"9). The third strongest predictor was a pro-
social willingness to protect vulnerable groups from the corona-
virus (ranked 3™). Respondents who complied with the norm to
engage in infection-prevention behaviors indicated that they
wanted to do their part to help other people cope with the
pandemic. Other, related indicators included the descriptive
normative belief that people in one’s community do self-isolate
and engage in social distancing (ranked 7%, a pro-social willing-
ness to limit the economic consequences of the coronavirus on
others (ranked 8"), and support for economic intervention
(ranked 26™). Partial-dependence plots indicate that the injunc-
tive (“should”) norm had a positive, approximately exponential,
marginal relationship with the outcome measure, whereas the
other indicators had positive, approximately linear, marginal
relationships.

Social and public behavior

The next most important indicators were behavioral correlates of
the dependent measure, namely, self-reported days in the last
week that the individual engaged in social and public contact.
Each of these behaviors had a negative, approximately linear
relationship with infection-prevention behaviors. This included
the number of days that respondents reported leaving home
(ranked 5™, the number of days in the past week they had in-per-
son (face-to-face) contact with people who live outside their
home, including “... immigrants” (ranked 4™), ... other people
in general” (ranked 6, and “... friends and relatives” (ranked
20™). Thus, higher in-person contact, which is inadvisable during
a pandemic, generally corresponded with less infection-preven-
tion behavior. In contrast, online (virtual) contact with friends and
relatives —which does not violate social-distancing measures—
positively predicted infection prevention behavior (ranked 25™).
Personal psychological factors

A third set of individual-level predictors thematically pertained to
personal and psychological resources, and all had positive linear
relationships with the outcome variable: a problem-focused
coping style (ranked 9™, having high hopes that the COVID-19
situation would soon improve (ranked 11%), and a temporal focus
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Figure 1. Machine-learning results for self-reported personal infect
Variables ranked in order of relative importance.

on the present (ranked 16™) and/or the future (ranked 17').
Consistent with theories of health behavior,?® the perceived per-
sonal consequences of COVID-19 infection ranked 10". Relat-
edly, self-reported knowledge about COVID-19—important for
risk-assessment—ranked 28th.

Several individual-level variables rounded out the bottom of
the list. These are harder to interpret because of their lower
variable importance and non-conclusive partial-dependence
plots. Having to leave one’s house for work (ranked 29™) had a
slight negative association with infection-prevention behavior,
perhaps because having to leave the house for extrinsic reasons
hinders social distancing and self-isolation. The positive associ-
ation between conspiracy beliefs and infection-prevention
behavior (ranked 23" might seem paradoxical, as one might
expect a negative association, if we had specifically measured
belief in the conspiracy theory that the virus is a hoax. However,

Permutation Importance

ion-prevention behavior

we instead assessed generic conspiracy beliefs?® —whether re-
spondents believe that politicians do not always disclose the
motives behind their decisions, that important things happen
without public knowledge, and that government agencies
closely monitor citizens. It might be the case that participants
who endorse these beliefs tend to take infection prevention
into their own hands.

Country-level predictors

General societal conditions

Five (of 9) general societal indices were ranked among the impor-
tant indicators of infection prevention behaviors. The most
important country-level predictor was a WHO/OECD indicator
of national health care resources and infrastructure: the number
of doctors per 10,000 inhabitants (ranked 12%). Other country-
level predictors were the Global Health Security index (ranked
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Table 1. Brief descriptions of the top 30 predictors listed in Figure 1

Variable

Brief description

should social distance

injunctive norm (right now, people in my area ... "- ... should self-isolate and engage in
social distancing”)

2 covid restrictive measures support for severe collective virus-containment measures (3 items: mandatory quarantines,
mandatory vaccinations, report people suspected to be infected with COVID-19)

3 covid pro-social pro-social willingness to protect vulnerable groups from the coronavirus (4 items)

4 contact immigrants days of in-person (face-to-face) contact with immigrants

8 home.leave.often how many days in the last week did you leave your home?

6 contact people days of in-person (face-to-face) contact with other people in general

7 do social distance descriptive norm (right now, people in my area ... "- ... do self-isolate and engage in social
distancing”)

8 econ pro-social pro-social willingness to protect vulnerable groups from economic consequences of the
coronavirus (3 items)

9 problem solving problem-focused coping style (3 items)

10 consequence contracting how personally disturbing would it be if ... “you were infected with coronavirus”

11 covid hopeful “I have high hopes that the coronavirus situation will soon improve”

12 c_doctors_per10k number of doctors per 10,000 residents (country-level; WHO)

13 date date of survey participation (March 19-May 25).

14 c_confirmed number of confirmed coronavirus infections (country-level; Johns Hopkins CSSE)

15 c_political stability political stability and absence of violence/terrorism (country-level; WGI)

16 focus_present temporal focus on the present moment

17 focus_future temporal focus on the future

18 online_immigrants days of online (virtual) contact with immigrants in the past week

19 c_deaths number of confirmed COVID-19 deaths (country-level; Johns Hopkins CSSE)

20 contact friends days of in-person (face-to-face) contact with friends and relatives in the past week

21 c_recovered number of confirmed COVID-19 recoveries (country-level; Johns Hopkins CSSE)

22 c_ghs global health security index: pandemic preparedness and health security (country-level;
source: Global Health Security Index)

23 conspiracy generic conspiracy beliefs (3 items)

24 societal discontent concern about direction of society (3 items)

25 online friends days of online (virtual) contact with friends and relatives in the past week

26 econ. restrictive measures support for extraordinary governmental intervention in economy (3 items)

27 c_govt. effectiveness government effectiveness (country-level; WGI)

28 covid knowledge “How knowledgeable are you about the situation regarding the coronavirus?*

29 leave for work "In the past week, did you leave your house for work?” (binary)

30 c_stringency government COVID response tracker, measured across 17 policy indicators (country-level;

source: OXCGRT)

Full details of each measure are provided in Table S3, as well as the survey codebook (OSF: https://osf.io/ghyue/?view_only=d60116c8090d4ec696
bfaa9eal14b9432). Country-level variables are denoted with a c_ at the beginning of each variable name. Full variable descriptions are in the supple-

mental information.

22", which pertains to pandemic preparedness and general
health security, and two (out of six) World Governance Indica-
tors: political stability (15" and government effectiveness
(@7™). Country-level COVID-19 policy stringency (i.e., severity
of lockdown conditions) ranked 30", which potentially illustrates
the limits of government lockdowns in compelling individual-
level behavior, relative to other predictors.

COVID-19 conditions

All three indicators of objective COVID-19 virus spread condi-
tions in participants’ countries at the time of participation were
important indicators of infection-prevention behavior: the cumu-
lative number of confirmed COVID-19 cases (ranked 14,
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deaths (ranked 19™"), and recoveries (ranked 215Y). All three pat-
terns were negative, indicating that self-reported infection-pre-
vention behavior was lower among respondents who lived in
countries with higher virus case counts, deaths, and recoveries
on the day that they responded to the survey.

The effect of time

As our study covered a span of several weeks, time could be
included as a predictor, operationalized as the calendar date
of each survey response. The effect of time was negative (ranked
13'"), indicating that self-reported infection-prevention behavior
generally decreased between March and May 2020.
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Figure 2. Partial-dependence plots depicting bivariate associations between each variable and infection-prevention behaviors

DISCUSSION

The present study used machine learning to identify and rank
predictors of infection-prevention behavior among a wide set
of potential candidates. After training on one sample, the result-
ing random-forest model predicted over 50% of the variance in
self-reported infection-prevention behavior in a second (test)
sample. This exceeds the standards for explained variance of
social and health psychological theories, thus indicating that
this data-driven approach can complement theoretical models.
Moreover, whereas theoretical models typically focus on a
limited, narrow set of relevant variables, the present machine-
learning analysis identified additional, under-theorized predic-
tors (e.g., temporal focus), thus offering complementary insights.

Who complies with infection-prevention behavior?

A coherent picture emerged from our analysis of the type of per-
son that showed early compliance with the recommended set of
infection=prevention behaviors. The underlying pattern of indi-
vidual-level indicators could point to an intuitive understanding
that infection control is a public good and to a conviction that
the only way of virus mitigation involves widespread compliance
with recommended behaviors. The compliant individuals appear
to understand that factors such as personal risk (which was not
indicated as highly important) is managed through similar efforts
from others. If everybody engaged in infection-prevention
behavior, the number of infected people in society would be
reduced. Furthermore, if the people who did contract the virus
maintained physical distancing, they would be less likely to infect
others. This would explain why the strongest correlates of infec-
tion-prevention behavior were beliefs that others in the commu-
nity should engage in social distancing and self-isolation and
that society should take restrictive measures to enforce that
behavior, such as mandatory quarantine, reporting people sus-
pected to be infected, and (eventually) mandatory vaccination.
Endorsement of such measures implies the prioritization of infec-

tion control and
autonomy.

The descriptive normative belief, that other people in the com-
munity do engage in social distancing and self-isolation, also
emerged as a relatively important predictor. It makes sense
that individuals might be less motivated to comply if they were
among a community of non-compliers. Furthermore, according
to self-reports about their own behavior, compliant individuals
did not engage in behavior that would be inconsistent with
self-protection, such as leaving their homes or having personal
contact with other people. If they had contact with their family
and friends, it was not in face-to-face meetings, but online.

The findings also point to the idea that people who comply with
recommended infection-prevention behaviors are forward-look-
ing problem-solvers. That is, they tended to engage in a prob-
lem-focused coping style, focused on the present and the future
(rather than dwell on the past), and maintained high hopes that
the COVID-19 situation would soon improve. This optimistic
view is important because these individuals were likely aware
of the costs of these infection-prevention behaviors and perhaps
needed psychological resources to alleviate these costs. In this
vein, other important predictors were a pro-social willingness to
self-sacrifice to protect vulnerable groups from the virus, to limit
the economic consequences of COVID-19 on such groups, and
to support collective interventions in the economy, such as tax
increases. These results might also help understand the tension
between members of society who do and do not engage in up-
dated recommendations. Given that the largest predictor of
infection-prevention behaviors —at least those originally recom-
mended by the WHO —is the injunctive normative belief that one
should participate in the behaviors, people who do not engage in
those behaviors are likely to be seen as immoral or, at the very
least, norm violators. In support of this, a large British survey indi-
cated in September 2020—3 months after the WHO started to
universally recommended mask wearing—that 58% of the
mask wearers in Britain had severely negative attitudes toward

over concerns about people’s liberties
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those who did not wear masks and that 68% of Brits who com-
plied with lockdown rules had strong negative views about lock-
down rule breakers. In fact, significant minorities who kept to the
rules said that they “hated” those who did not.?”

Aside from individual-level factors, several country-level indi-
cators emerged as important predictors. This pattern of results
is noteworthy for several reasons. First, because it means that
there are meaningful between-country differences in compli-
ance, which are partly explained by country-level characteris-
tics. Second, the absence of the variable “country” from the
top predictors indicates that there are no remaining between-
country differences in compliance to be explained once the ef-
fect of the included country-level predictors is accounted for.
Thus, it is unlikely that other between-country differences—
such as collectivism/individualism—have a meaningful effect
over and above a country’s healthcare resources (e.g., number
of doctors) and pandemic severity. Third, whereas it could be
argued that the effect of individual-level predictors might be in-
flated due to common method bias, this explanation can be ruled
out for the country-level predictors. The fact that these factors
were among the most important predictors thus speaks to the
robustness of the findings.

The findings regarding country-level predictors further sug-
gest that infection control is a societal-level challenge, in that
individual-level compliance with infection-prevention recom-
mendations is more likely in a society that has the political stabil-
ity and healthcare infrastructure to take effective action to
contain the virus and treat people who have become infected.
The findings regarding country-level indicators are consistent
with this analysis: government stability and effectiveness,
pandemic preparedness, healthcare resources (i.e., number of
doctors), and lockdown stringency were all relatively important
indicators of infection-prevention behavior.

Respondents in countries with higher confirmed COVID-19 in-
fections, deaths, and recoveries reported less infection-preven-
tion behavior themselves. Such findings might suggest reverse
causality, as a country is likely to experience increased
pandemic severity if its citizens do not endorse infection-preven-
tion behaviors. Alternatively, it is possible that higher virus
counts demotivate infection-prevention efforts —though, this as-
sumes widespread individual-level knowledge about virus rates.
Given that self-reported knowledge about COVID-19 was an
important positive indicator, it is more plausible that in a society
in which there is less compliance, there will be more infections,
deaths, and recoveries.

Finally, one worrisome association is that time since the start
of the pandemic, operationalized as date of participation,
emerged as an important negative predictor of personal health
behavior. This suggests that even in the early phase of the
pandemic, there was already a decrease in compliance with
governmental advice. It could be that with time, self-isolation
and social distancing became unbearable for many people.
This is consistent with the notion of “COVID-fatigue” and high-
lights the need to investigate what factors might promote more
sustained adherence to infection-prevention behaviors.

Unexpected absences from top indicators
It is interesting to consider some of the other 85 variables that
were not among the top indicators. From a health psychological
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perspective, it is surprising that the perceived personal likelihood
of getting infected was not among the important predictors.
Though, the perceived personal consequence of infection was
ranked 10™. According to the Health Belief Model,'® perceived
vulnerability and severity are both central to health-threat
appraisal. The fact that the perceived severity of getting infected
was a highly ranked predictor, but perceived infection risk was
not, might suggest that people’s behavior is more strongly driven
by expected consequences than probability. Alternatively, the
link between compliance and infection risk might be smaller
because people implicitly recognize that this risk is largely
outside of their control to the extent that the pandemic consti-
tutes a public goods dilemma.

Several other theoretically relevant variables that were absent
from the most important predictors included loneliness and
boredom, emotional and affective states experienced during
the last week, subjective well-being, various forms of psycholog-
ical and financial strain, and job insecurity. It is important to note,
however, that the present analysis does not rule out the impor-
tance of these personal factors for other outcomes nor does it
serve as evidence for a null effect.

No demographic variables emerged as especially important
even though several are associated with increased risk of com-
plications from COVID-19. For instance, elderly people are at
higher risk to die from a COVID-19 infection and are therefore
strongly advised to take great care.’® Furthermore, there is
reason to assume that social distancing and self-isolation pre-
sent more of a dilemma to young rather than elderly people,
especially those on a pension. For young people, the costs of so-
cial distancing and self-isolation are typically higher and—
because they usually recover more easily from a COVID-19
infection—the rewards of those infection-prevention behaviors
are smaller. Consistent with this argument, the media have
framed the pandemic as a potential “intergenerational conflict
of interest,” where the young bear the brunt of the cost of
containment measures while the elderly enjoy most of its bene-
fits. It is therefore noteworthy that our analysis did not identify
age as an important predictor. This finding is consistent with
pre-registered research that similarly found no support for the
intergenerational conflict of interest hypothesis.”®

Limitations, strengths, and future directions

An important strength of this study is that the questionnaire used
was designed by an interdisciplinary consortium of scientists
from different countries. This resulted in a questionnaire with a
broader scope than those guided by a singular theoretical
perspective. It makes the resulting data ideally suited for a ma-
chine-learning analysis that can distill the most important predic-
tors from many potential candidates. However, despite this
broad scope, it is important to acknowledge that this study
covered only a small fraction of available psychological and so-
cietal factors. Similar studies are recommended to identify other
important predictors of virus prevention behaviors including
related behaviors that emerged later in the pandemic, such as
the wearing of face coverings and vaccination.

Another strength is the very large international sample, which
made it possible to apply machine-learning methods to identify
important patterns in the data. Additionally, the availability
of an age-gender representative subsample improved the
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generalizability of the findings. Finally, a noteworthy strength is
that the variance explained by the model was consistently
high, and approximately the same, in the sample used to train
the model (R%ain = 0.52), in the testing sample used to estimate
the robustness of the findings (R%st = 0.52), and in the age- and
gender-representative testing sample used to estimate general-
izability of the findings to the target population (F§2rep =0.59). This
indicates that the model captured reliable patterns in the data,
without overfitting noise and spurious effects, and that it has
high generalizability.

There are also limitations in the methods and sampling. A
methodological trade off was made due to the urgency of the
crisis: In order to respond rapidly to the pandemic onset in March
2020, with a large-scale cross-national study, while relying on
volunteer efforts and limited funding, the choice was made to
exclusively use self-report measures, which are easily translated
and administered to large-scale samples at low cost. Of course,
the use of self-report measures risks introducing variance due to
the subjective nature of self-reports and common method bias
between self-reported predictors and the outcome. A second
methodological limitation—one shared with all non-experimental
research—is the question of causality. For some of the included
predictors, causal mechanisms may be known or suggested by
theory. For others, future research will be needed to examine
whether causal relations exist, and for others still, causality might
be unlikely. We have taken care to discuss the associations
observed through the lens of past theory. Since causality cannot
be inferred from these results, the primary contribution of this
study is the rapid reduction of a large number of candidate pre-
dictors to a smaller subset of those most strongly associated
with the outcome of interest. This allows researchers to prioritize
the most likely candidate predictors for future research and helps
policy makers focus their efforts on the most influential predic-
tors for which causal mechanisms are known or suspected.
Conversely, it is also useful to know which factors are not
strongly associated with virus-prevention behaviors, as policies
that target these factors are unlikely to be effective. For some
variables, causality might be unlikely, but these might still be
helpful from a descriptive point of view, to decide who to target
in interventions, or to contextualize the relative importance of
other variables.

A third limitation pertains to the sampling: although efforts
were made to recruit age-gender representative subsamples,
even these subsamples will not be strictly representative of the
target population. Moreover, they could be otherwise biased
by other, potentially unknown characteristics—including the
different virus strains and shifting societal responses of the
pandemic. Nonetheless, the approximately stable model perfor-
mance across all samples reduces the likelihood that generaliz-
ability to the target population would be substantially different.

The analysis of this study uses deductive methods to maxi-
mize predictive performance, typically explain more variance
than purely deductive approaches, and, in the case of random
forests, intrinsically capture non-linear effects and higher-order
interactions, including between-country differences in effects.
However, the results are harder to interpret than the parameters
(e.g., regression coefficients and p values). We should note that
the variables included in the PsyCorona survey were guided by
theory, and thus our approach combines inductive and deduc-
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tive approaches. Thus, although our application of machine
learning is useful for gaining preliminary insights, it also capital-
izes on arich history of theorizing about what drives engagement
in health behavior. However, although our study includes poten-
tially important variables and theoretical areas, it is neither
exhaustive nor conclusive. Inductive analysis can complement
theories or provide an impetus for the development of new hy-
potheses, but the output is not yet a comprehensive theory.
Nevertheless, the present research contributes to the literature
by offering a large-scale cross-national psychological survey,
enriched by database integration and analyzed using machine
learning.

Given that external enforcement of infection-prevention be-
haviors is difficult, recommendations are most likely effective if
they are internalized by individuals and supported by societal-
level factors. The picture that emerges from this analysis is that
early compliance with infection-prevention-behavior recommen-
dations is partly psychological and partly contextual. Our find-
ings suggest a strong emphasis on norms—both injunctive and
descriptive—and the societal conditions enabling these norms.

Although the data collected describe infection-prevention be-
haviors during the beginning of the pandemic, they may be useful
for understanding later patterns of behavior (e.g., low vaccine
rates) or future crises that involve a combination of personal
and societal risks. Health-behavior theories tend to focus on
the intrapersonal factors that predict behavior, possibly because
these seem proximal to the health behaviors of interest. How-
ever, our data suggest that these proximal factors may predict
less variance in behavior than broader considerations of
communal behavior. Future models may benefit from consider-
ations of perceptions of norms in conjunction with personal
risk when they are applied to other health behaviors as well.

Conclusions

We began with an assumption that control of the pandemic is
analogous to a public goods dilemma, in that COVID-19 is a so-
cial challenge that, in the absence of a vaccine at the time of the
study, could only be addressed if enough individuals engaged in
infection-prevention behavior. In accordance with this assump-
tion, social beliefs and societal factors, rather than exclusively
personal psychological states, emerged as the main predictors
in our analysis.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

The lead contact for this paper is Dr. Caspar van Lissa, who may be contacted
at c.j.vanlissa@uu.nl.

Materials availability

The full survey is available in the supplemental information, as well as code-
books and translation procedures for all languages (Tables S1 and S2). All
analysis code is available in an online repository (GitHub: https://github.
com/cjvanlissa/COVID19_metadata), which also includes a full historical re-
cord since the start of the project. This can be used to verify that the analysis
proceeded transparently and straightforwardly; the random seed used to
select participants for the test sample was established before access to
data was obtained, and testing data were never used for model training.
Data and code availability

Original data and code have been deposited to Zenodo: https://doi.org/10.
5281/zen0do.5948816.
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Table 2. Summary of country-level databases

Database

Description

1 Johns Hopkins University COVID-19 Data Repository Center
for Systems Science and Engineering (CSSE)*

2 Global Health Security (GHS) Index”

number of confirmed COVID-19 infections, deaths, and recoveries by
date per country

country-level ratings of pandemic preparedness and general health

security

3 World Health Organization (WHO) and Organization for
Economic Cooperation and Development (OECD)”

4 World Bank: World-wide Governance Indicators (WGI)®

country-level healthcare resources and health infrastructure

per-country data on aggregate ratings of voice and accountability,

regulatory quality, political stability and absence of violence, rule of law,
government effectiveness, and control of corruption

5 Oxford COVID-19 Government Response Tracker (OxCGRT)®

governmental responses and policies with respect to COVID-19 by date

per country

Available at https://github.com/CSSEGISandData/COVID-19.%?
bAvailable at https://www.ghsindex.org/.

SAvailable at https://apps.who.int/gho/data/node.main.HWF and https://stats.oecd.org/index.aspx?queryid=30183.

dAvailable at http://info.worldbank.org/governance/wgi/.

®Available at https://www.bsg.ox.ac.uk/research/research-projects/coronavirus-government-response-tracker.

Data re-use disclosure statement

The PsyCorona data were made available for theory-testing studies by the re-
searchers who helped to collect the data. Portions of the PsyCorona data have
been previously reported in specific hypothesis tests.?**® This machine-
learning analysis was planned a priori as part of the onset of PsyCorona, is
the only paper that uses inductive analysis, and is based on the total dataset.

PsyCorona survey: Recruitment and item selection

The survey was translated from English into 29 other languages by bilingual
members of the international research team. It was distributed online during
the early phase of the pandemic (March to May 2020), with most participants
completing the survey in March and April (see Figure S1 for daily frequencies).
Parallel sampling strategies were employed: convenience, snowball, and paid
samplings. Given that age and gender were identified early as population
vulnerability characteristics to the virus,?*** the self-selected samples were
supplemented with paid subsamples that were representative of a given coun-
try’s population distribution of age and gender. The panel firms Qualtrics
Panels and WJX achieved age-gender representative samples in 20 countries
(n ~ 1,000 per country): Argentina, Australia, Brazil, Canada, China, France,
Germany, ltaly, Japan, the Netherlands, Philippines, Romania, Russia, Serbia,
South Africa, South Korea, Spain, Turkey, the United Kingdom, and the United
States. Four additional countries only achieved gender representativeness
due to insufficient access to the 55+ age group in Greece, Indonesia, Saudi
Arabia, and Ukraine. These paid subsamples were used to improve the gener-
alizability of the model.

In order to maximize project feasibility (e.g., each item was translated into 30
languages), increase survey breadth, and reduce participant burden, we used
brief measures of each construct. Where possible, survey items were selected
from established scales. Because the set of variables relevant to the pandemic
(e.g., norms about handwashing, endorsement of stringent regulations for
violating quarantine) did not exist prior to the pandemic, we crafted face-valid
items to assess these constructs.

Although the PsyCorona study was designed and implemented prior to Van
Bavel and colleagues’'* discussion of candidate domains of inquiry for
pandemic behavior, it touches on nearly all of these topics, including navi-
gating threats, stress and coping, science communication, moral decision-
making, and political leadership.

The survey covered three overarching themes. The first theme included per-
sonal factors that could affect individuals’ capacity to respond to the virus,
such as psychological coping and outlook, loneliness and deprivation, subjec-
tive emotional states, well-being, employment, and financial (in)security. The
second theme pertained to social attitudes and norms, including general be-
liefs and attitudes about society, economic considerations, migrant attitudes
and prejudice, perceived and preferred social norms for infection prevention,
and endorsement of extraordinary virus containment and its economic rescue
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measures. The third theme pertained to virus-relevant personal concerns,
values, and tendencies, including social contact and leaving the home, as
well as the dependent variable of interest: self-reported engagement in volun-
tary infection-prevention behaviors recommended by the WHO. Personal fac-
tors adapted or informed by prior work included affective states (including
valence and arousal®), boredom,*® coping and avoidance,®”**® financial
strain,®° loneliness,*® neuroticism,’’ happiness and well-being,*>™** time
perception, management, and temporal focus,">**® working conditions, and
job insecurity.*’~*° The social attitudes and norms domain included generic
conspiracy beliefs and paranoia,”®°° immigrant attitudes,”'~>° norm percep-
tions and preferences (adapted®), and societal discontent and disempower-
ment.?®° Virus-relevant personal concerns included perceived norms (both
descriptive and injunctive, adapted®®), virus-relevant beliefs and perceived
knowledge, virus exposure risk and economic risk, and severity of virus and
economic consequences (adapted®®°’), trust in governmental pandemic
communication and response (adapted®"*®*), and attitudes toward pro-so-
cial responses and extraordinary societal responses.“® This list is not exhaus-
tive; see Table S3 for a full list and item details and our OSF page for a full list of
references for each item (OSF: https://mfr.de-1.osf.io/render?url=https://osf.
io/7kfj5/?direct%26mode=render%26action=download %26mode=render).
Key demographic variables, such as age, gender, education level, and reli-
giousness, were included as predictors. Country of residence was included as
a categorical predictor. A summary table of all variables entered as predictors
is available in (Table S3). Psychometric properties of scales, including reli-
ability and the range of factor loadings, are available in Table S5. There was
no evidence of multicollinearity among the continuous individual-level predic-
tors, with all variance inflation factors between 1.11 and 2.66.
Infection-prevention behavior
Through May 2020, a set of three infection-prevention behaviors were advised
across most countries and contexts: washing hands, avoiding crowds, and
self-isolating/self-quarantining (wearing a face covering was not universally
recommended by the WHO until June 2020°°). Participants were presented
with a single screen that read “to minimize my chances of suffering from coro-
navirus, | ...” and indicated their agreement to “1. ... wash my hands more
often”, “2 ....avoid crowded spaces,” and “3 ....put myself in quarantine/
self-isolate”, each rated on a seven-point scale rated -3 (strongly disagree)
to 3 (strongly agree). To ensure items could be combined into a unidimensional
scale, we conducted Horn’s parallel analysis.®” Only one component had an
Eigenvalue exceeding randomly permuted data. This component explained
70% of the variance in the three items, which is high. The three factor loadings
were high and approximately equal in size (range: 0.78-0.89), indicating that it
is justifiable to combine these three items into a mean score representing
infection-prevention behaviors (M = 2.20, SD = 1.00, o = 0.75). Note that the
items were specifically framed to assess the behavioral intent to reduce the
risk of infection, consistent with theories of health behavior that people engage
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in self-protective actions because they are perceived as instrumental for threat
reduction.®®

Data enrichment and data cleaning

We enriched the individual-level PsyCorona data with publicly available coun-
try-level datasets. These datasets were selected due to their international rele-
vance for affording, shaping, or guiding individual-level behavioral responses
to the virus: first, pandemic severity, as indicated by the number of cases,
deaths, and recovered patients, second, pandemic-related policies including
both pre-existing policies and ongoing governmental responses to the COVID-
19 pandemic, and third, pandemic preparedness. Table 2 presents an over-
view of the databases. The time range in data collection afforded variability
in the degree to which people in a given country were seeing cases and/or
engaging in different containment policies. Where applicable, respondent’s
country-level data were matched to their date of participation (e.g., confirmed
cases, lockdown severity). Altogether, there were 115 predictors (80 survey
factors, 35 country-level factors).

We subsequently cleaned the data in several steps. First, to ensure that
there was enough data on the country level, we excluded observations from
countries that accounted for less than 1% of total observations. The final sam-
ple included N = 56,072 respondents across 28 countries (see Table S4 for
samples that remained in the data). Second, we excluded any columns and
rows from the data that had a proportion of missing values of more than
20%. Third, we computed mean scores for multiitem scales using the tidySEM
R package.® For instance, responses to all 4 items on job insecurity*® were
summarized by creating a single composite score for job insecurity. Scales
with low reliability were excluded (Cronbach’s alpha < 0.65). See Table S5
for scale descriptive statistics, including reliability and range of factor loadings.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.
patter.2022.100482.
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