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ABSTRACT11

Population confinements have been one of the most widely adopted non-pharmaceutical interventions (NPIs) implemented
by governments across the globe to help contain the spread of the SARS-CoV-2 virus. While confinement measures have
been proven to be effective to reduce the number of infections, they entail significant economic and social costs. Thus,
different policy makers and social groups have exhibited varying levels of acceptance of this type of measures. In this context,
understanding the factors that determine the willingness of individuals to be confined during a pandemic is of paramount
importance, particularly, to policy and decision-makers. In this paper, we study the factors that influence the unwillingness to be
confined during the COVID-19 pandemic by means of a large-scale, online population survey deployed in Spain. We apply
both quantitative (logistic regression) and qualitative (automatic pattern discovery) methods and consider socio-demographic,
economic and psychological factors, together with the 14-day cumulative incidence per 100,000 inhabitants. Our analysis of
109,515 answers to the survey covers data spanning over a 5-month time period to shed light on the impact of the passage
of time. We find evidence of pandemic fatigue as the percentage of those who report an unwillingness to be in confinement
increases over time; we identify significant gender differences, with women being generally less likely than men to be able to
sustain long-term confinement of at least 6 months; we uncover that the psychological impact was the most important factor to
determine the willingness to be in confinement at the beginning of the pandemic, to be replaced by the economic impact as
the most important variable towards the end of our period of study. Our results highlight the need to design gender and age
specific public policies, to implement psychological and economic support programs and to address the evident pandemic
fatigue as the success of potential future confinements will depend on the population’s willingness to comply with them.

12

Introduction and Related work13

Population confinements have been one of the most widely adopted non-pharmaceutical interventions (NPIs) implemented by14

governments across the globe to help contain the spread of the SARS-CoV-2 virus1–4. While confinement measures have been15

proven to be effective to reduce the number of infections3, 5–7, they entail significant economic and social costs. Thus, different16

policy makers and social groups have exhibited varying levels of acceptance of this type of measures, from the low levels of17

mask wearing compliance8 and public acceptance of COVID-19 lockdown scenarios9 in Germany to the highly interventionist18

Chinese experience10, 11. In this context, understanding the factors that determine the willingness of individuals to be confined19

during a pandemic is of paramount importance, particularly, to policy and decision-makers.20

In this paper, we study the factors that determine people’s unwillingness to be confined during the first five months of the21

COVID-19 pandemic in Spain by means of a large-scale, online population survey. We consider socio-demographic, economic22

and psychological factors, together with reported 14-day cumulative incidence per 100,000 inhabitants. Our analysis covers23

data spanning over a 5-month time period to shed light on the impact of the passage of time.24

Since the COVID-19 pandemic was declared, numerous studies that have analysed the economic, social and psychological25

impact of NPIs. Moreover, several authors have reported on people’s experiences during the confinements implemented to26

contain the spread of coronavirus. We summarize next the most relevant pieces of previous work as they relate to ours.27

Economic impact of NPIs: Regarding the economic impact of non-pharmaceutical interventions, several works have28

assessed the cost of different types of NPIs in the context of the current coronavirus pandemic. Abiad et al. simulate different29

scenarios of the evolution of the pandemic in order to estimate the economic impact12. Fernandes et al. maintain the same30
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central idea of studying different scenarios and highlight how different this crisis is (due to the pandemic) compared to previous31

ones13. Possible supply chain scenarios are analyzed in14, highlighting that the timing of the closing and opening of the32

facilities at different stages might become a major factor in determining the impact of epidemic outbreaks on the supply chain33

performance. Finally, the work by Chen and colleagues15 highlights the impact that socio-psychological variables have on34

household consumption patterns and their ability and willingness to assume higher economic expenses.35

Social impact of NPIs: Beyond the economic dimension, the pandemic has also significantly impacted people’s social36

lives. Clemens et al. asses the impact that social distance and confinement measures have on people’s relationships16. Jiao and37

colleagues17 establish guidelines for children and adolescents to mitigate the effect of social isolation during the pandemic.38

Social vulnerability is pointed out as the main risk of the pandemic by18, recommending improvements of mental, social39

and spiritual resilience in the population. Mukhtar reviews past outbreaks to understand the impact of adverse effects on40

psychological health, psychological crisis intervention, and mental health management plans19. He concludes that individuals41

(and societies in general) must deliberately cultivate resilience and develop strategies to cope with adversity, in the case of the42

current SARS-CoV-2 pandemic caused by confinement.43

Psychological and behavioural impact of NPIs: Several studies have analyzed the psychological impact of the confine-44

ment measures via online surveys and/or smartphone apps. Gao et al.20 report a significant increase in media usage during45

the first wave of the SARS-CoV-2 pandemic in China from a sample of 4,872 individuals collected over a 3-day period (from46

the 31st of January to the 2nd of February, 2020). Their main findings show that there is a high prevalence of mental health47

problems, positively associated with frequent exposure to social media during the COVID-19 outbreak. As a result of this48

finding, the authors suggest that governments should pay more attention to the population’s mental health among the general49

population while fighting the coronavirus pandemic. Hawryluch et al.21 describe the results of analyzing data from 12950

individuals collected via a long 152-question survey to capture the psychological impact of the confinement in Canada, during51

previous SARS-CoV-1 outbreak. They conclude that the prevalence of post-traumatic stress disorder and depressive symptoms52

grows as the period of confinement increases. A multivariate logistic regression model was used by Wang et al.10 to assess the53

impact of the confinement measures on people’s mental health. The authors observed that the confinement measures adopted by54

the governments had a negative impact on the mental health of particularly vulnerable groups, including those with previous55

mental health disorders or chronic physical problems, first-line workers, coronavirus infected or suspected patients and those56

who had financial problems.57

Recent work has also explored the use of technology to provide psychological support to people while in confinement, such58

as the self-guided activities proposed in22, models to manage potential psychological crises and decision support systems to59

help alleviate psychiatric and psychological disorders caused or exacerbated due to the confinement23.60

General behavioural patterns and perceptions towards the pandemic and the confinement measures are described in24
61

from a sample of 1,420 individuals collected between the 18th and 24th of March, 2020 in Australia. The study identifies the62

main difficulties reported by the participants to comply with the measures of physical distancing, namely home sharing, the63

responsibility of caring for someone outside your home and working from home. Yamada et al. describe the COVIDiSTRESS64

survey (data collected between April and May 2020) deployed to study the psychological and behavioural responses to the65

coronavirus pandemic and associated government measures – such as the cancellation of public events and stay-at-home orders66

implemented in many countries. A global consortium of 39 countries and regions worked together to construct and translate67

the survey with variables of shared interests and recruited participants in 47 languages25. The survey, with 1,304 respondents,68

covered several areas, including demographic data, physical symptoms in the past 14 days, contact history with COVID-19 in69

the past 14 days, knowledge and concerns about COVID-19, precautionary measures against COVID-19 in the past 14 days,70

additional information required with respect to COVID-19, the psychological impact of the COVID-19 outbreak; and mental71

health status. Finally, Bailon et al.26 analyze the longitudinal answers of 1,000 respondents provided over a 2.5 month period in72

Spain, aiming to understand potential changes in people’s mood during the confinement. Beyond the study on mood variations73

during confinement, this paper offers interesting descriptive statistics of the socio-demographic variables of the participants, as74

well as their housing characteristics and physical activity habits.75

Willingness to comply with the confinement measures: Similar to our research, most of the previous work that has76

studied people’s experience with the COVID-19 pandemic confinement measures has relied on self-reported survey data. Amat77

et al.27 analyze 1,600 answers collected between the 20th and 28th of March, 2020 from Spain and United States. The authors78

claim that during the coronavirus pandemic individuals have relinquished more rights than during other international crisis79

scenarios as climate change or international terrorism. Flexibility and the ability to adapt have been found to be key skills to80

help people cope with confinement situations. Tintori et al.28 report such a finding from analysing 140,000 online interviews81

between the 22nd of March and the 2nd of April, 2020; and Landi et al.29 collect data from 944 adults in Italy over 35 days and82

propose an acceptance and compromise therapy based in the concept of psychological flexibility as a tool to help people during83

confinement. McBride at al.30 propose empirical indicators captured by the Brief Resilience Scale to quantitatively assess84

people’s acceptance of the confinement measures. They validate the proposed instrument via a study with 2,000 individuals in85
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United States, between the 23rd and the 28th of March, 2020. Other authors, such as31, study the impact of conspiracy theories86

on people’s willingness to comply with the confinement measures. They collect data via an online survey with 2,501 adults in87

England, quota sampled to match the population for age, gender, income, and region. According to their findings, there is a88

notable endorsement of conspiracy beliefs about coronavirus in England, and such ideas do not appear to be limited to the89

fringes. These conspiracy beliefs connect to other forms of mistrust and are associated with less compliance with government90

guidelines and greater unwillingness to take up future tests and treatment. Finally, Chan et al.32 suggest that regions with91

risk-averse attitudes are more likely to adjust their behavioural activity in response to the declaration of a pandemic even before92

official government lockdowns.93

In view of the reported previous work and given the focus of our research, the main contributions of our paper are four-fold.94

First, we report the results of analyzing a very large-scale, online population survey with 109,515 answers from Spain collected95

between April 3rd, 2020 and September 11th, 2020. Second, we apply two different methodologies to predict and shed light on96

the factors that impact people’s willingness to be confined: logistic regression and pattern-discovery, rule-based models. Third,97

we consider socio-demographic, economic and psychological factors, together with reported 14-day cumulative incidence per98

100,000 inhabitants. Finally, we analyse data covering a 5-month period to understand the impact of the passage of time on99

people’s unwillingness to be confined.100

In the following section, we describe the main results of our analyses. Next, we describe our methodology and discuss101

the main findings of our work. Finally, we conclude with a summary of our contributions and an outline and future lines of102

research.103

Results104

In this section, we describe the main results of our analyses, starting with the descriptive statistics of the data set, followed by105

the results of a logistic regression modeling and the patterns that were automatically identified by our pattern identification106

approach (described in the Methods section).107

Descriptive Statistics108

We report the results of analyzing a subset of the answers to the COVID19ImpactSurvey, a very large, anonymous, online109

citizen survey about COVID-1933. Launched on March, 28th 2020 in Spain, the survey has since collected over 600,000110

anonymous answers mainly from 4 countries (Spain, Italy, Brazil and Germany). From this very large sample, we analyze the111

data from Spain for the time period between April, 3rd 2020 and September, 11th 2020.112

From an original set of 25 questions, we analyze the answers to the questions included in Table 1 in the Supplementary113

Information. Given that the data was collected by means of a non-probabilistic sampling method, we weigh the answers such114

that the distribution of answers per age, gender and geographic province matches the officially reported distributions in the115

Spanish census data. A similar methodology was implemented in33. Table 2 in the Supplementary Information shows the116

distributions of the age and gender variables before and after weighting the survey answers. The Table also includes the official117

census data for comparison.118

Table 1 depicts the dependent and independent variables used in our analysis. We are particularly interested in understanding119

the differences in demographic factors, impact and perceptions between those who report an opposition to be confined vs120

those who report a willingness to be confined for at least 6 months. Thus, we model our dependent variable (willingness to be121

confined) as a binary variable where 0 represents an unwillingness to be confined and 1 represents maximum acceptance towards122

confinement (willing to be confined for 6 months or more). When we select the answers of those reporting an unwillingness to123

be confined and those reporting an acceptance to be confined for at least 6 months, we obtain a sample with 20,054 responses124

corresponding to the time period between April, 3rd and September, 11th 2020.125

Table 2 shows the resulting proportions of the variables analysed in the study. As seen on the Table, the data set is126

unbalanced regarding the target variable: there are 7,887 (39.3%) answers of those reporting an unwillingness to be confined vs127

12,167 (60.7%) answers of those who report high willingness towards confinement (≥ 6 months). In terms of gender, there128

are 8,237 (41%) and 11,817 (59%) answers by women and men, respectively. We group the age of our participants into four129

possible age buckets: [18-29], [30-49], [50-59] and 60+, with 9%, 44%, 27% and 20% of the answers, respectively.130

To consider the impact of time, we include a discrete variable called Phase that refers to the different phases of confinement131

that were applied in Spain in the spring and summer of 2020, as shown in Figure 5 and described in Table 1. From Table 2,132

we observe a decrease over time in those reporting a willingness to be confined for a long time period: at the beginning133

of the pandemic (Workplace closure phase), they represent 85.8% of the sample, whereas once the New normal phase was134

declared at the end of June of 2020, this group was only 55.4% of the sample. Thus, we use the Phase variable to segment the135

sample in 8 different time periods, and we build models both for the entire time period and for each of the confinement phases136

independently.137
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We first performed a proportions test to determine if the distribution of answers is significantly different for each of the138

variables of interest between those unwilling to be confined and those with high levels of acceptance towards confinement. We139

found statistically significant differences in all the variables (p-value < 0.01) except for the variables marked with ∗ on Table 2,140

which correspond to Walks allowed, Phase I and Phase III and for the age groups 30-49 and 50-59. Nonetheless, note that141

all the variables have at least two values with significant differences. Thus, we conclude that all variables are relevant to be142

included in our models.143

The main research questions that we would like to answer through the analysis of this data set are:144

(1) RQ1: Are there differentiating attributes between those who report high vs no willingness to be confined?;145

(2) RQ2: Is it possible to accurately predict an unwillingness to be confined from the independent variables?; and146

(3) RQ3: How did the willingness to be confined evolve during the different phases of the confinement?147

Logistic Regression Model148

We obtain a logistic regression model with all the variables described in Table 1 and the interactions shown in Table 3. We refer149

the reader to the Materials and Methods section for a description of our approach. We compute the McFadden’s pseudo-R150

squared (0.131), the Cox-Snell residual (0.161) and Nagelkerke’s R squared (0.218) to asses the the goodness of fit of the151

selected model.152

As reflected in Table 3, the variables with the most interactions are Gender and PsyI. The existence of the variable Phase in153

our model, interacting with PsyI, Gender and Household, empirically corroborates a temporal dependency of the target variable.154

Interestingly, the 14-day Cumulative Incidence of COVID-19 cases (CumInc) has no significant interaction with any of the155

variables.156

We performed an Odds Ratio (OR) analysis to shed light on the role of each of the variables in the logistic regression model.157

A variable with an OR > 1 is typically interpreted as a risk factor, i.e., it is a variable that significantly increases the probability158

of the target variable to be 1. Conversely, a variable with an OR < 1 decreases the probability for the target variable to be 1. We159

reverse the coding of the target variable so it represents a risk: we code as 1 the answers corresponding to an unwillingness to160

be confined and as 0 the answers corresponding to an acceptance towards a confinement of at least 6 months.161

In our case, the basal categories for the OR analysis are: Phase: Workplace closure; Gender: Men; Age: 18-29; Home:162

Apartment; Household: Young; EcoI: None and PsyI: None, which correspond to the first row of each category in Table 2.163

Note that to obtain the OR value in a logistic regression model with second order interactions among some of the variables164

(Phase, Gender, Age, Home, Household, EcoI and PsyI as per Table 3), the OR of the main variable needs to be multiplied by165

the OR of the interaction variables where the main variable is present.166

Figure 1 depicts the OR of the variables with the most important interactions, grouped in four categories to ease their167

interpretation.168

Economic Impact169

Figure 1a) shows the OR for the EcoI variable taking as basal category None. Note how the OR is larger than one for all values170

of the EcoI variable, meaning that this variable is a risk factor. Moreover, the OR for EcoI = Severe (3.53) is larger than for171

EcoI = Mild (1.99) (in black color): those who report having had severe economic impact are more likely to report that they are172

not willing to be confined when compared to those with mild economic impact.173

In addition, the OR of the interaction Age:EcoI (cyan lines for Severe and green for Mild) is larger than 1 for those aged174

30-59 years old. Thus, people in that age group are more likely to report that they are not willing to be confined than those175

aged 18-29 years old (basal category). In the case of respondents aged 60+ years old, the OR is greater than one only when the176

economic impact is mild.177

In terms of the Gender:EcoI interaction, the OR are less than 1 for both values of EcoI (red line). Hence, women with any178

kind of economic impact are less likely to report not willing to be in confinement any longer when compared to men (basal179

category).180

Pyschological Impact181

Figure 1b) depicts the OR for the PsyI variable taking as basal category None. As shown in the Figure, those who report (Severe182

or Mild) psychological impact have higher risk to report an unwillingness to be confined than those without any psychological183

impact. Moreover, the larger the psychological impact, the higher the risk (black lines). In terms of the interaction Age:PsyI, all184

the age groups show a similar level of risk (cyan lines), except for those aged 60+ years old with mild psychological impact185

who seem to be at significantly higher risk of reporting that they would not be able to be in confinement any longer (OR =186

2.23). We observe a difference in the risk depending on the age of the members of the Household: households composed of187

elderly (60+) are significantly more at risk to report an unwillingness to be in confinement when compared to the rest (red and188

cyan lines) Concerning the interaction between Phase:PsyI, it seems that time has an attenuating effect on the risk as there is a189

consistent decrease of the risk over time. These results occur for PsyI = Severe (blue lines) and PsyI = Mild (yellow lines)190
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a) b)

c) d)

Figure 1. Odds Ratios for all the variables with interactions in the logistic regression model.

but in this case to a lesser extent. This finding is surprising, as one would expect people to be at higher risk of not tolerating191

confinements the longer the pandemic lasts.192

Gender193

In Figure 1c) the OR for the GenderW variable are shown, taking Men as the basal category. As depicted in the Figure, women194

tend to be at significantly higher risk (OR = 4.60) than men to report that they are not able/willing to be in confinement any195

longer (black line). The value of this OR is significantly larger than the OR found for the EcoI and PsyI variables. This risk is196

increased for women who live in households composed of elders HouseholdElder (yellow lines). In terms of the interaction197

Phase:GenderW , all the OR are similar and lower than 1 (blue lines), meaning that as time goes by, the risk for women to report198

that they are not able to be in confinement is lower than during the reference phase (Workplace closure).199

Rest of Variables200

Figure 1d) depicts the OR of the rest of variables and their interactions. As seen in the Figure, the OR of Phase as a main factor201

is larger than one for all its values when compared to its basal value (Workplace closure) and increases over time from 3.3202

during the Work reopening phase to 16.7 during the New normality phase. In other words, the risk of reporting an unwillingness203

to stay in confinement increases significantly as time goes by.204

Regarding the type of Household, multi-generational households are at lower risk of reporting that they are not willing to be205

confined any longer than households with composed of elders (grey lines). However, in both cases the OR < 1, so they are206

attenuating factors when compared to the basal category (Household = Young).207

We do not observe a significant impact of Age as a main factor on the risk to report being unwilling to be confined any208

longer. Nonetheless, as previously reported, age can be a risk factor in its interaction with other factors, such as Economic and209

Psychological Impact.210

Combining all the OR reported above, we conclude that men living in multi-generational homes, with neither psychological211

nor economic impact due to the pandemic, are the least likely group to report an unwillingness to be confined. Conversely,212

women aged 30+ years old with severe economic and psychological impact and living in households with young children are at213

the highest risk to report an unwillingness to be confined.214
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Classification Performance215

Given that we have a quantitative model of the unwillingness to be confined, we test the model as a binary classifier to216

automatically infer such unwillingness from our independent variables. We randomly split the data in a training (80% of the217

data) and testing (20% of the data) sets. Note that we group the data on a weekly basis to have enough samples of survey218

answers across the entire time period of study.219

On this binary classification task, the logistic regression model has a sensibility of 72.5% ±0.73 and a specificity of220

63.6%±0.75 with 100 random permutation data for training. A random model would have a sensibility of 50.0%±0.004 and221

a specificity of 49.99%±0.005. We experimented with other state-of-the-art machine learning methods. Gradient Boosted222

Trees (GBTs) trained following the same sampling methodology obtained a sensibility of 58.0% ±0.01 and a specificity of223

60.7%±0.01. The three most important variables identified by the GBTs were Psychological impact, Phase and Economic224

impact.225

Automatic Pattern Extraction226

In addition to the logistic regression modeling, we have developed an automatic pattern extraction algorithm described in the227

Materials and Methods Section. Using this model, we identify the most influential variables and discover the most recurrent228

patterns among those who report an unwillingness to be confined.229

Most Influential Variables230

Figure 2 depicts the variable importance obtained with our pattern extraction methodology across the different phases of231

the pandemic. As displayed in the Figure, there is a significant change over time of the importance of two variables: the232

Psychological (PsyI) and Economic Impact (EcoI) of the pandemic on the survey respondents.233

Initially, PsyI is the most important variable, increasing its importance up to the Walks allowed phase, when its importance234

begins to decline. Conversely, the EcoI variable is not important at the beginning of the pandemic. Up until the end of Phase II,235

the importance of this variable increases smoothly or remains constant over time. However, with the start of Phase III and the236

return of the new normality, the importance of the economic impact to determine the unwillingness to be confined becomes237

evident.238

The curves corresponding to the importance of the psychological and economic impact variables intersect between Phase II239

and Phase III. The rest of the variables exhibit a fairly stable behaviour over time, with mild fluctuations in their importance,240

affecting the target variable almost uniformly throughout the different phases of confinement.241

Figure 2. Evolution of the variable importance over time, according to the pattern extraction model.

Given this dependency of the target variable on the Phase of the pandemic, we discuss next our findings when performing242

an analysis in each of the 8 Phases of study (see Figure 5).243

Analyses per Phase of the Pandemic244

Logistic Regression245

In Figure 3 we show the OR of the main effects and their temporal evolution over time in each of the phases of the pandemic.246

Note that for each Phase we build a different logistic model with the main variables but without interactions given that we do247

not have enough data per Phase to identify meaningful interactions.248
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Figure 3 a) shows the Odds Ratio of the 14-day cumulative incidence over time. The OR increases over time, which might249

be indicative of the so called pandemic fatigue. In the early phases of the pandemic, the OR is less than one, meaning that the250

larger the 14-day cumulative incidence, the lower the probability for respondents to report an unwillingness to be in confinement.251

Conversely, from Phase II onward, respondents’ seem to be indifferent (OR close to 1) to changes in the cumulative incidence.252

Figure 3 b) a depicts the OR of the Psychological Impact (PsyI) variable taking as basal category No impact. As seen in the253

Figure, the OR are always larger than 1 and decrease over the time. Hence, the role that the psychological impact variable plays254

in increasing the probability of reporting not being able to be confined any longer decreases as the months go by. This finding is255

consistent with the previously reported variable importance analysis (see Figure 2).256

In the case of the Economic Impact (EcoI) variable (Figure 3 c)), the OR are also larger than 1 in all the phases. However,257

the evolution over time is different than that of the PsyI variable. We observe a significant increase in the OR after the Phase258

III, particularly for those reporting severe economic impact. This result is also consistent with the variable importance analysis259

previously described. Moreover, it makes intuitive sense: as the economic situation of people worsens due to the pandemic,260

their probability of reporting that they are not willing to be in confinement any more increases.261

The changes over time in the OR for the Age variable are depicted in Figure 3 d). Those aged 60+ are at significantly larger262

risk in the first phases of the pandemic to say that they "can’t anymore" when compared to the rest of age groups. Once the New263

normal phase started at the end of June of 2020, the risk of those aged 50-59 and those aged 60+ becomes similar. Interestingly,264

the 30-49 age group is the only age group with an OR < 1 during the entire period.265

Those living in single family homes are at lower risk to report that they cannot be in confinement any longer when compared266

to those living in an apartment (Figure 3 e)). This finding makes intuitive sense as single family homes are typically more267

spacious than apartments in Spain.268

Finally, women are at larger risk than men to report that they cannot endure the confinement any longer throughout the269

entire period until reaching the New normal phase, when the OR for women becomes smaller than 1 Figure 3 e).270

Automatic Pattern Detection271

Given the changes of the most relevant variables over time (see Figures 2,4), we apply our automatic pattern extraction algorithm272

to the data in each of the phases. We extract the patterns that model the unwillingness to be confined from the two most273

influential variables: economic and psychological impact, together with gender and age. Figure 2 shows a graph comparison of274

the weights of the most important variables as per our pattern detection method applied in each of the phases of confinement. As275

seen in the Figure, each confinement phase is modeled differently by these explanatory variables. Thus, the patterns identified276

in each phase change as the variables become more or less important.277

As shown in Figure 4, age and gender have relatively important weights in the first stage of confinement but then practically278

disappear until Phase III to disappear again in the New normal phase.279

The intermediate phases of confinement (from Walks allowed to Phase II) can be mainly modeled using the Psychological280

Impact variable. In Phase III (the last stage prior to the New normal), the unwillingness to be confined is affected by the two281

socio-demographic variables (gender and age), by psychological impact and especially by economic impact, which is triggered282

in this phase. In the New normal phase, the unwillingness to be confined is mainly dependent on economic impact.283

Next, we summarize the most relevant patterns identified in each of the phases.284

1. Workplace closure:285

In this phase, those over 50 years of age, regardless of their gender and economic impact, as long as they report no psychological286

impact (26.4% of the sample) always opt (100% of the time) for a willingness to be confined for 6 months or longer.287

While we did not obtain any significant interaction between gender and psychological impact in our logistic regression288

modeling, we did identify significant gender differences in the 30 - 49 years old age range: among those who do not report any289

economic impact but do report severe psychological impact (close to 10% of the sample): 82.6% of men vs 64.7% of women290

would be willing to be in confinement for 6 months or longer.291

This finding illustrates the complementary nature of our modeling approaches. The pattern discovery method identifies292

patterns that involve three or more variables, which would be very difficult to achieve via our logistic regression methodology.293

In this initial stage of confinement, when the psychological and/or economic impact might not yet evident, the willingness294

to be confined is at its highest levels. However, 2.6% of the sample corresponds to women between 50 and 59 years old who295

report severe psychological impact. Of these, 60.0% report an unwillingness to be in confinement, even in this very early stage296

of the pandemic.297

2. Workplace reopening:298

A large percentage (close to 94% on average) of men and women between 30 and 60 years old, who report neither economic299

nor psychological impact (18.4% of the sample) are willing to be confined for 6 months or longer. When this group reports300

mild psychological impact (13.1% of the sample), we observe gender differences, with 92.5% of men vs 85.4% of women301

willing to remain in confinement for 6 months or longer.302
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As expected, the reopening of workplaces has hardly any impact on people aged 60+ (mostly of non-working age) without303

economic or psychological impacts: 94.1% on average of them report a willingness to be confined for 6 or more months,304

irrespective of their gender. This group represents 11.6% of the sample.305

At this stage, those who report high levels of acceptance towards confinement still clearly outweigh those unwilling to be306

confined. However, once again, we identify clear gender differences in the patterns, with women being more likely to report307

that they cannot be in confinement any longer when compared to men. In particular, we identify two distinct patterns: first,308

43.6% of women between 50 and 59 years old who report severe psychological impact and without economic impact (3.7%309

of the sample) report minimal acceptance towards confinement; second, 56.5% of women between 30 and 49 years old, who310

in addition to reporting severe psychological impact also claim to have medium economic impact (2.7% of the sample) also311

respond that they would not be able to continue in confinement.312

3. Walks allowed:313

During this phase, the participants’ opinions regarding their willingness to be confined starts to balance: the percentage of those314

willing to be confined for 6 months or longer decreases whereas those who are not willing to be confined increase.315

The first identified pattern corresponds to people between 30 and 49 years old who report having no economic impact316

but severe psychological impact (13.0% of the sample). Among these (men and women alike), 54.8% on average report a317

willingness to be confined for 6 months or longer.318

At this stage, there are several groups (both men and women) that begin to opt mainly for an unwillingness to be confined.319

The pattern with the largest support reveals that 75.0% of women between 30 and 49 years old with medium economic impact320

and a severe psychological impact (3.7% of the sample) report an unwillingness to be confined.321

4. Phase 0:322

In the first phase of the re-opening in Spain, more people report being able to continue in confinement for 6 months or longer323

than those reporting that they cannot stand it any longer, with the exception of two groups: women between 30 and 49 with324

severe psychological impact and mild economic impact (3.49% of the sample) and women over 60, with severe psychological325

impact but no economic impact (6.0% of sample). In these two groups, only 46.9% and 45.2% respectively report a willingness326

to be confined for 6 months or longer.327

While the willingness to be in confinement for 6 months or longer also decreases among men, still remains the most popular328

option for them. This finding is aligned with our OR analysis shown in Figure 1 c).329

Half of those aged 60+ (both men and women) who do not declare to have any economic impact but report severe330

psychological impact (9.0% of the sample) report not being able to remain in confinement any longer. The burden of the331

pandemic starts to become evident.332

5. Phases I and II:333

Both phases show similar patterns where the unwillingness to be confined is prevalent between individuals who report severe334

psychological impact with some economic impact. These levels of unwillingness are higher when, in addition to the severe335

psychological impact, participants also report some type of economic impact.336

In Phase I, the opinion of some groups is polarized clearly towards an unwillingness to be confined: 67.2% of women337

between 30 and 59 years old who report medium economic impact and severe psychological impact (over 7.4% of the sample)338

and 86.9% of women aged 60+ who, having no economic impact declare severe psychological impact (5.0% of the sample)339

respond that they cannot stand the confinement any longer. Again, the most significant patterns related to those who are340

unwilling to continue in confinement are found amongst women.341

6. Phase III:342

In the last phase of the re-opening and before the imminent start of the New normal phase, we observe an increase among343

those who report being able to remain in confinement for 6 months or longer. As seen in our feature importance analysis, the344

psychological impact becomes less relevant than economic impact and demographic factors. Hence, psychological impact does345

now appear in most of the patterns.346

In general terms, the majority opinion is once again towards a willingness to be confined for 6 months or longer. The group347

that reports the highest levels of unwillingness to be in confinement (47.3% of the time) are people (men and women) between348

30 and 49 years old who do not report psychological impact but report economic impact (7.6% of the sample).349

7. New Normal:350

The willingness to be confined shows a balanced distribution between those who affirm that they are not able to stand it any351

longer and those who would be willing to be confined for 6 months or longer: 65.2% of people between 30 and 50 years old352

(without distinction of gender) who report neither economic nor psychological impact (28.8º% of the sample) would accept353

long-term confinement, compared to 34.8% who would not stand confinement any longer.354

During this period (between the end of June 2020 and September 2020), the economic impact is the most influential factor355

to determine the willingness to be confined, when compared to gender, age and psychological impact. We highlight two patterns356

that strongly support (in more than 67.7% of the cases) an unwillingness to be confined: women aged between 30 and 49 years357
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old who do not report psychological impact, but report severe economic impact (3.4% of the sample), and men aged between358

50 and 59 years old, who do not report psychological impact either, but who report moderate economic impact (2.7% of the359

sample). Both groups are of working age and with some level of economic impact. They clearly opt for an unwillingness to be360

confined.361

Discussion362

We have described two different analytical approaches applied to the same data. The obtained results are consistent yet also363

complementary with each other. The logistic regression modeling revealed the main factors that impact the unwillingness to364

be confined and enables us to build a predictive model of such an unwillingness. The qualitative methodology automatically365

identified relevant patterns that characterize the groups of respondents who exhibit an unwillingness to be in confinement.366

From these analyses, we draw several key findings related to the interplay between demographic factors, the economic and367

psychological impact of the pandemic on people’s lives and the passage of time.368

1. Pandemic fatigue is evident Our sample spans over a 5-month period which includes both the severe lockdown imposed369

by the Spanish government between March 2020 and June 2020 and more than two months of the New normal phase. As the370

weeks go by, we observe a clear decrease of those who report a willingness to be confined for 6 months or longer from 85.8%371

to 55.4% of the sample. We corroborate this finding in our OR analysis, where the risk to report an unwillingness to be in372

confinement any longer significantly increases with the Phases of the pandemic (see Figure 1 d)). The most important variables373

to determine the unwillingness to be confined change as the months go by: psychological impact starts as the most important374

variable whereas economic impact becomes the most important variable once the New normal phase starts. Moreover, until375

Phase 0 of the pandemic, the larger the 14-day cumulative incidence of COVID-19 cases, the lower the risk of reporting an376

unwillingness to be confined. However, as the months went by, the impact of the cumulative incidence on the unwillingness to377

be in confinement disappeared, starting in Phase II of the pandemic.378

Since the World Health Organisation published its report on pandemic fatigue34, several authors have investigated the topic.379

Reicher and Drury propose that the non-adherence to the confinement measures is not due to pandemic fatigue, but rather due380

to structural weaknesses in our society, such us the inability to effectively self-isolate35. Conversely, other authors have written381

about the psychological, physical and economic impact of the pandemic on people, which has led to the emergence of the382

pandemic fatigue in different countries in the world36–41.383

Given that the SARS-CoV-2 pandemic is expected to last for many more months, new confinements might be needed to384

control the transmission rate of the disease. However, the population is in a very different mental and economic state than they385

were at the beginning of the pandemic. Hence, policy makers should be sensitive to this situation in order to maximize the386

chances that future confinement measures will be both accepted and complied with by the population.387

2. Gender and age matter We identify very significant gender differences in the reported unwillingness to be confined,388

with women being more likely to be unwilling throughout all the phases of the pandemic. According to the OR analysis, age389

does not seem to play a significant role in increasing the risk to report an unwillingness to be confined. However, our qualitative390

pattern discovery method identifies several patterns involving individuals (and especially women) of working age with some391

level psychological and/or economic impact and a clear unwillingness to remain in confinement any longer.392

Previous work has also identified significant gender differences, with women being generally more compliant with individual393

protection and confinement measures42, 43 than men. Galasso et al. report that women are more likely to perceive the pandemic394

as a very serious health problem and to agree and to comply with restraining measures from the analysis of survey data in395

eight countries conducted in March-April 202044. Haischer et al.45 studied facial mask wearing behavior in a sample of 9,935396

shoppers and identified that women were 1.5 times more likely to wear a mask than men. The fact that women in our study397

are at larger risk of not being willing to be in confinement when compared to men might be explained by the fact that women398

also are more likely to report psychological impact. According to our data, 18.0% of men vs 20.8% of women and 25.0% of399

men vs 30.6% of women (χ2 = 143.45, p-value < 2.2e-16) report mild and severe psychological impact due to the pandemic,400

respectively. Previous research has also studied the differential psychological impact of the pandemic on women46–48.401

This gender and age-based differences are important to policy makers, as they reveal the need for gender and age-dependent402

public policies that would address the needs of different gender and age groups.403

3. From psychological to economic impact Psychological impact played a very important role in the early stages of the404

pandemic (up to Phase III): it is the main variable that determines the unwillingness to be confined, as reflected in our OR405

and feature importance analyses. However, as the months went by, psychological impact became less relevant whereas the406

economic impact of the pandemic became the main driver to determine an unwillingness to be confined. In the New normal407

phase, those with severe economic impact are significantly more likely to report that they cannot stand the confinement any408

longer when compared to those without any reported economic impact.409

Other authors have studied the psychological impact of the COVID-19 pandemic on different populations, including410

students 49, healthcare workers 50, and the general population51–53. The economic impact of pandemics throughout history and411
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for the COVID-19 pandemic has been analysed by several authors, including Ceylan et al.54 who conclude that unemployment412

with its income effects will be the most prominent economic consequence of the pandemic. However, we have not found any413

previous work that has studied the evolution over time of the role played by both the psychological and economic impact on the414

willingness to be in confinement.415

This finding points out the importance of deploying both psychological and financial support measures as people’s416

livelihoods are severely impacted by over one year of the coronavirus pandemic.417

Conclusions418

Population confinements have been one of the most widely adopted non-pharmaceutical interventions (NPIs) implemented419

by governments across the globe to help contain the spread of the SARS-CoV-2 virus. While confinement measures have420

been proven to be effective to reduce the number of infections, they entail significant economic and social costs. Thus,421

understanding the factors that determine the willingness of individuals to be confined during a pandemic is of paramount422

importance, particularly, to policy and decision-makers.423

In this paper, we have studied such factors by means of a large-scale, online population survey deployed in Spain, one of424

the most affected countries in Europe by the pandemic. We consider socio-demographic, economic and psychological factors,425

together with reported 14-day cumulative incidence per 100,000 inhabitants. We analyze 109,515 answers provided during a426

5-month period (between April 3rd, 2020 and September 11th, 2020) to shed light on the impact of the passage of time.427

We apply both quantitative (logistic regression) and qualitative (pattern identification) methodologies to determine the428

role that the factors play in determining the unwillingness to be confined and their evolution over time. We find evidence of429

pandemic fatigue: the unwillingness of people to be confined increases as the months go by. We identify significant gender and430

age differences, placing women –and particularly working age women– at a higher risk than men to be unwilling to be confined.431

Finally, we uncover the importance of psychological impact at the early stages of the pandemic to be replaced by economic432

impact once the New normal was declared at the end of June of 2020.433

Our results point to the need to design age and gender specific public policies, to implement economic programs to support434

the many citizens whose livelihoods have been severely impacted by the pandemic and to address the evident pandemic fatigue435

as the success of potential future confinements will depend on the population’s willingness to comply with them.436

Collecting a large sample of survey data does not come without limitations. First, respondents have to be adults (at least 18437

years old). Second, there might be a difference between the reported willingness to be in confinement and the actual compliance438

with the confinement measures. Third, there is a self-selection and sampling bias as the survey is filled out by volunteers who439

have learned about the survey via social media, WhatsApp, newspapers articles or Facebook ads, and who need access to a440

computing device (smartphone, tablet, PC) with internet connection. We mitigate this bias by weighing the raw data and by441

deploying gender-balanced Facebook advertisement campaigns.442

Material and Methods443

The COVID19Impact Survey444

We report the results of analyzing a subset of the answers to the COVID19ImpactSurvey, a very large, anonymous, online445

citizen survey about COVID-1933. Launched on March 28th in Spain, the survey has since collected over 600,000 anonymous446

answers mainly from 4 countries (Spain, Italy, Brazil and Germany). From this very large sample, we analyze the data from447

Spain for the time period between April, 3rd 2020 and September, 11th 2020.448

The COVID19ImpactSurvey was launched in collaboration with the Valencian Government in Spain and has been regularly449

used to assist in their decision-making33. The survey has changed over time to adapt to each of the phases of the pandemic.450

During the period of our study, the survey consisted of 25 questions designed to collect information about the participants’451

demographic and household situation (Q1-Q7); their social contact behaviour (Q8-Q12); their support for the government452

measures deployed to contain the spread of coronavirus (Q13) and their willingness to continue in confinement (Q14); the453

economic and labor impact of the pandemic in their lives (Q15-Q19); their health risk factors (Q20), their ability to self-isolate454

if needed (Q21), the presence of coronavirus-related symptoms (Q22), the duration of the symptoms (if any) (Q23), whether455

they have been tested for coronavirus (Q24); and the psychological/emotional impact of the pandemic in their home (Q25).456

We refer the interested reader to33 for a detailed description of the survey questions, the weighing methodology applied457

to reduce biases in the data and the results of analyzing the first week of answers. Note that question Q25 related to the458

psychological impact of the pandemic was added on April 3rd and thus it is not included in the analysis presented in33.459

From the questions described above, we report the results of analyzing the subset of questions depicted in S.I. Table ??,460

namely Q1-Q6, Q14, Q15 and Q25.461

Given that we have data for several months, we analyze the survey answers according to the different phases of confinement462

implemented in Spain between April and September of 2020. Figure 5 illustrates the chronology of each of the phases as per463
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official data1, together with the daily number of confirmed COVID-19 cases. The shaded portion of the graph corresponds to464

the time period of analysis in this paper.465

Data Processing466

Table 1 summarizes the independent and dependent variables used in our study. Our target or dependent variable is the467

willingness to be confined, captured by Q14. Our independent variables are the socio-demographic, economic and psychological468

impact measures, captured by questions Q1-Q6, Q15 and Q25, the confinement Phase as shown in Figure 5, and the 14-day469

Cumulative Incidence of SARS-CoV-2 per 100.000 inhabitants averaged over the 17 Autonomous Regions in Spain.470

To minimize biases in the data, we weigh the raw answers by gender, age and province, such that the resulting distribution471

of answers matches the distributions reported by the official Spanish census. We apply the same methodology as described in33.472

Table 2 in the Supplementary Information depicts the age and gender distributions of the raw and weighted data, together with473

the officially reported census distributions.474

In addition, we simplify several of the answers as follows:475

1. Q4. We only consider two types of homes: apartments and single family homes. These two answers represent 94% of the476

raw answers.477

2. Q15. We group the answers to the economic impact question into three levels as follows: (a) None (0): No economic478

impact is reported; (b) Mild (1): I lost my job" or "I lost part or all of my savings" or "My business is in danger of479

bankruptcy" or "My employer is at risk of bankruptcy"; (c) Severe (2): "I can’t afford to buy food" and/or "I can’t pay my480

rent or mortgage anymore".481

3. Q25. We group the answers to the psychological impact question into three levels: (a) None (0): No psychological482

impact is reported; (b) Mild (1): "Excessive use of technology by adults (tablet, phone, TV)" and/or "Excessive use of483

technology by children (tablet, phone, TV)"; (c) Severe (2): "High levels of anxiety" and/or "High levels of stress" and/or484

"High levels of loneliness" and/or "High levels of sadness" and/or "Loud arguments or fights with other members of the485

home" and/or "Excessive consumption of alcohol" and/or "Excessive consumption of drugs (prescription or other)".486

4. Q14. We divide the target variable, i.e., the willingness to be in confinement into two categories, as per the answers to487

question Q14: (a) Unwilling (coded as 0): Willingness to be confined for 0 days, the person cannot stand it anymore; (b)488

Long-term (coded as 1): Willingness to be confined for at least 6 months.489

Logistic Regression Models490

We built an explainable logistic regression model55 to predict the unwillingness to be confined (binary variable) using the491

variables described in Table 2 –namely, Phase, Age, Gender, Home, Household, Economic Impact (EcoI), Psychological Impact492

(PsyI) and 14-day COVID-19 Cumulative Incidence (CumInc)– as our independent variables with plausible interactions among493

them.494

Note that in this regression model, we reversed the coding of the target variable, i.e. we coded with a value of 1 the495

willingness to be confined for zero days (i.e. the unwillingness to be confined), and with a value of 0 the willingness to be496

confined for at least 6 months. We used this reverse coding, such that our target variable represents the risk for respondents not497

to accept a confinement, thus being consistent with the risk analyses that are typically done in logistic regression modeling via498

an Odds Ratio (OR) methodology.499

First, we built a complete model that included all the variables and interactions between them. Next, we performed feature500

selection by means of a bidirectional step-wise variable selection process, such that at each step we added or removed a main501

variable or an interaction according to the Akaike Information Criterion (AIc)56. Finally, we computed the p-value of all the502

remaining variables. If the p-values were not lower than 0.05 we performed a likelihood ratio test57 between the model with the503

variable included and the model without the variable to determine whether to include such a variable in the final model or not.504

We also used this model to automatically predict the target variable. Moreover, we carried out an Odds Ratio analysis to505

shed light on the role of each of the variables to determine the opposition to confinement, as described in the Results Section.506

Automatic Pattern Extraction507

In addition to the logistic regression analysis, we performed a qualitative study to automatically identify meaningful patterns508

that would differentiate the behaviours, impact and characteristics of those not willing to be confined vs those willing to be509

confined for a long time period.510

We followed a two-step methodology to automatically extract the patterns from the survey answers:511

1See, for example, https://www.rtve.es/noticias/20200612/guia-fases-desescalada/2013020.html
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1. Step 1: Selection of the most influential variables. We identified the most influential variables with respect to our target512

variable (i.e., the willingness to be confined). Note that not all the variables in our study might be relevant when modeling513

people’s willingness to be confined. In this variable selection step, we used the Entropy-based Filters algorithm from the514

FSelectorRcpp library in R, which is based on the information gain, gain ratio and symmetrical uncertainty metrics.58
515

2. Step 2: Automatic pattern generation, via a modified version of the RBS algorithm59, a classifier based on the ID3516

family60. The RBS algorithm is an iterative method that, without building the full structure of a tree, automatically517

identifies a set of rules (patterns) from a data set of discrete variables. The subsequent ordering and filtering of the518

patterns depends on the significance of the rule, which is a metric based on the classic concepts of support and confidence519

of the classification rules, but defined by intervals. We adapted the RBS algorithm to be used with re-weighted input520

samples rather than absolute supports, as it is usually done.521

As a result of this two-step process, we obtained the set of rules or patterns that best model our target binary variable522

(willingness or acceptance to be confined). Each of the automatically identified patterns or classification rules has the structure523

shown in Figure 6. The Results Section describes both the most influential variables and the patterns identified by our qualitative524

analysis.525

Data availability526

The survey answers analysed in this paper will be made available together with the manuscript.527

Code528

The code used to analyse the data will be placed in a publicly available github server.529
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Variable/Values Explanation

Willingness to be confined
0 Willingness to be confined for 0 days
1 Willingness to be confined for ≥ 6 months

Phase
Workplace closure Closure of all non-essential labor
28th March 2020

Workplace reopening Return to work in sectors affected by Workplace closure
12th April 2020
Walks allowed Citizens are allowed to leave their homes to go for walks

28th April 2020 after domiciliary confinement
Phase 0 Public transport/museums/churches at 33% capacity;

4th May 2020 Takeaway food open
Phase I Phase 0 + Reopening of Hotels (except common areas);

11th May 2020 Restaurant terraces to 50% capacity;
Mobility inside the province to travel to second residences

Phase II Phase I + Reop. non-university classrooms;
25th May 2020 Restoration/malls(non common areas)/churches at 50%;

Reop. beaches; Cultural spaces/ hotels common areas to 33%
Phase III Phase II + Reop. discos without dance floor at 50% capacity;

Public transport at 100% capacity;
8th Jun 2020 Reop. hotels/malls common areas/cultural spaces at 50% capacity;

Mobility inside the autonomous region
New Normal (21st Jun 2020 onwards) Normal activity is resumed; Masks are compulsory in public spaces
Age (Q1)

“18-29” 18 to 29 years old
“30-49” 30 to 49 years old
“50-59” 50 to 59 years old
“60+” 60 or more years old

Gender (Q2)
Man Male respondents

Woman Female respondents
Home (Q5)

Apartment The respondent lives in an apartment
Single family The respondent lives in a single family house

Household (Q6)
Young Every house member is aged < 60 years old
Elderly Without any children at home and every house member aged 60+

Multi-generational With children (aged < 18) and members aged 60+
Economic Impact (Q15)

None No economic impact is reported
Mild I lost my job, I lost part or all of my savings,

My business is in danger of bankruptcy
My employer is at risk of bankruptcy

Severe I can’t afford to buy food, I can’t pay my rent or mortgage anymore
Psychological Impact (Q25)

None No psychological impact is reported
Mild Excessive use of technology by adults (tablet, phone, TV),

Excessive use of technology by children (tablet, phone, TV)
Severe High levels of anxiety, High levels of stress, High levels of loneliness,

High levels of sadness, Loud arguments or fights with other members
of the home, Excessive consumption of alcohol,
Excessive consumption of drugs (prescription or other)

CumInc Average 14-day Cumulative Incidence per 100,000 people in
each of the 17 Autonomous Regions in Spain

Table 1. Independent and dependent variables used in our study.
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Variable 0 days 6 or more months

Willingness to be confined 7,887 (39.3%) 12,167(60.7%)
Phase

Workplace closure 55 (14.2%) 331 (85.8%)
Workplace reopening 626 (24.8%) 1,894 (75.2%)

Walks allowed 516 (36.9%) 883 (63.1%) ∗

Phase 0 426 (30.4%) 977 (69.6%)
Phase I 653 (40.0%) 979 (60.0%) ∗

Phase II 602 (43.1%) 794 (56.9%)
Phase III 377 (40.2%) 561 (59.8%) ∗

New Normal 4,632 (44.6%) 5,748 (55.4%)
Age

18-29 885 (47.3%) 988 (52.7%)
30-49 3,549 (39.9%) 5,338 (60.1%) ∗

50-59 2,095 (39.1%) 3,263 (60.9%) ∗

60+ 1,358 (34.5%) 2,578 (65.5%)
Gender

Male 4,883 (41.3%) 6,934 (58.7%)
Female 3,004 (36.5%) 5,233 (63.5%)

Home
Apartment 5,265 (41%) 7,579 (59%)

Single family 2,622 (36.4%) 4,588 (63.3%)
Household

Young 5,529 (40.8%) 8,006 (59.2%)
Elderly 1,863 (34.6%) 1,629 (65.4%)

Multi-generational 1,495 (37.1%) 2,532 (62.9%)
Economic Impact

None 4,139 (68.6%) 9,036 (31.4%)
Mild 2,514 (47.5%) 2,273 (52.5%)

Severe 1,063 (34.9%) 571 (65.1%)
Psychological Impact

None 2,612 (25.0%) 7,822 (75.0%)
Mild 1,859 (47.2%) 2,081 (52.8%)

Severe 3,416 (60.1%) 2,264 (39.9%)

Table 2. Descriptive statistics of the subset of answers to the survey analyzed in this paper. All the variables pass a proportions
test, with p-values < 0.001, except for the variables marked with ∗
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Variable Significant interactions with
Phase PsyI, Gender, Household

Gender EcoI, Home, Phase, Household
Age PsyI

Home Gender
Household PsyI, Phase, Gender

EcoI PsyI, Age, Gender
PsyI EcoI, Age, Household, Phase

CumInc –

Table 3. Significant interactions identified by the logistic regression model.
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a) b)

c) d)

e) f)

Figure 3. Odds Ratios for the main variables of the models per phase. a) CumInc b) Psychological Impact, c) Economic
Impact, d) Age, E) Type of Home and F) Gender. Each point on the X axis corresponds to the OR of the logistic model for that
particular phase.
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a) b) c)

d)

Figure 4. a) Confidence statistics of the patterns in each phase for the willingness to be confined for 6 months or longer. b)
Support statistics of the identified patterns in each phase. c) Confidence statistics of the patterns in each phase for the
willingness to be confined for 0 days. d) Weights of the most important variables according to our pattern detection method per
confinement Phase.

Figure 5. Confinement phases and daily number of confirmed COVID-19 cases in Spain between March and September of
2020. The shaded part of the graph corresponds to the time period of analysis.
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Figure 6. Example of two of the patterns identified by our pattern extraction method.
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