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Abstract
The Covid-19 pandemic and associated lockdowns triggered worldwide changes in the daily routines of
human experience. The Blursday database provides measures of subjective time and related processes
from more than 2,800 participants (over 9 countries) tested on 14 questionnaires and 15 behavioral tasks
during the Covid-19 pandemic. The easy-to-process database and all data collection tools are made fully
accessible to researchers interested in studying the effects of social isolation on temporal information
processing, time perspective, decision-making, sleep, metacognition, attention, memory, self-perception,
and mindfulness. Blursday also includes vital quantitative statistics such as sleep patterns, personality
traits, psychological well-being, and lockdown indices. Herein, we exemplify the use of the database with
novel quantitative insights on the effects of lockdown (stringency, mobility) and subjective con�nement
on time perception (duration, passage of time, temporal distances). We show that new discoveries are
possible as illustrated by an inter-individual central tendency effect in retrospective duration estimation.

Introduction
Subjective time is one of the most malleable aspects of personal experience, which can be altered by
many exogenous factors (e.g., physical features of the environment, social interactions) as well as
endogenous psychological and physiological states (e.g., arousal, attention, valence, febricity, circadian
rhythms). An altered sense of time can be indicative of individuals’ well-being (Holman & Grisham, 2020)
and misguide individuals’ decisions and judgments (Wittmann & Paulus, 2008). At a historically global
scale, the Covid-19 pandemic and associated lockdowns and state of emergency measures deeply
altered the living conditions, social interactions, and the psychological, physiological and economic well-
being of the entire human population. Although the effects of the pandemic and of the lockdown
measures on mental health have already started to be documented extensively
(e.g., WHO; https://www.covidminds.org (Yamada et al., 2021)), how an altered sense of time
accompanies, and perhaps even accounts for some of these major changes, has not been examined in a
comprehensive and systematic manner. 

The Blursday project tackles this challenge and provides an unprecedentedly rich and comprehensive
dataset for characterizing temporalities of more than 2800 participants collected in 9 different countries
(4 continents) during the peak of the lockdown periods. The uniqueness of the Blursday database is its
large number of widely utilized behavioral tasks (performance measures) combined with questionnaires
(self-reports), demographics and subjective con�nement trackers (state measures). The database
includes participants tracked longitudinally in and out of lockdown (from 2020 on) together with control
groups of naïve participants tested outside of Covid-19 lockdowns (from 2021 on). The study has thus
been designed to serve as a rich empirical benchmark to investigate how temporalities and related
processes changed during the historical episode of the Covid -19 pandemic.

There are several reasons why time perception is central beyond the observation that disorientations in
time were a phenomenologically vivid and widely shared experience during lockdown. First, all animals

https://www.zotero.org/google-docs/?Lu6Lt0
https://www.zotero.org/google-docs/?s8AHKG
https://www.who.int/emergencies/diseases/novel-coronavirus-2019
https://www.covidminds.org/
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keep track of time at multiple time scales regulated by physiological clocks e.g., circadian rhythms,
interval timing, motor timing (Buonomano, 2007; Laje et al., 2018). Second, interval timing in the seconds-
to-minutes range is most malleable because it holds strong ties with domain-general cognition including
attention, memory, or decision-making (Balci, Meck, et al., 2009). Timekeeping systems also interact with
each other: interval and motor timing �uctuate with circadian rhythms, which is essential for the
adaptiveness of other cognitive functions and related behaviors (Schmidt et al., 2007). In turn, the
accuracy and precision of temporal representations and behaviors heavily in�uence decision-
making (Balcı et al., 2011). 

Temporal phenomenologies are thus crucial for our understanding of how cognition generally, and
timekeeping speci�cally, have been affected by the altered lifestyles and profound routine changes during
the lockdown periods. Recent studies started showing changes in sleep patterns (Blume et al., 2020;
Cellini et al., 2020), levels of physical activity (Marelli et al., 2021) and increase in depression, anxiety, and
fear across countries (Dean et al., 2021; Lieberoth et al., 2021; Micillo et al., 2021; Yamada et al., 2021). In
the international study COVIDiSTRESS (Yamada et al., 2021), surveys and self-report questionnaires have
focused on perceived distress. Covid-19 lockdowns have been suggested to negatively affect executive
functions, attention, and anecdotally temporal orientation through the self-reporting of forgotten dates
during that period (Fiorenzato et al., 2021). Based on established relations between these factors and
interval timing, one would expect our time keeping ability to be dramatically affected by lockdowns. 

Self-reports on the passage of time during lockdown have been promptly published. In an Italian
study (Cellini et al., 2020), surveyed participants reported pronounced problems with keeping track of the
hours and days, and they also reported an expansion of subjective duration which was associated with a
sense of boredom. In French surveys, participants answered the question: “What are your feelings about
the speed of passage time?” (Droit-Volet et al., 2020, 2021; Martinelli et al., 2020). The question was
asked in reference to the individuals’ autobiographical recall of their experienced passage of time before
the lockdown, then asked three times during lockdown in reference to the “now”, to “yesterday”, and to
“one week ago”. A trend towards the passage of time feeling slower during, as compared to before the
lockdown was reported for all temporal scales. The best predictors of the experience of the passage of
time were boredom and sadness, which also contributed most to the well-being of French participants
during and after lockdown. In the UK surveys (Ogden, 2020, 2021), participants reported a signi�cant
distortion of the passage of time in both directions, attributable to stress but also to age, task load, and
one’s satisfaction with the experienced social interactions. A comparable number of participants felt that
the last day and the last week had either passed more quickly or more slowly than usual; additionally, the
older and less socially satis�ed British individuals were, the slower time seemed to pass during both UK
lockdowns. In a Uruguayan study (Loose et al., 2021), which assessed the experience of university
students, the authors reported an association between psychological distress due to the Covid-19
restrictions and the feeling of a slower passage of time, a blurred sense of time (not knowing what time
or day it is), and more boredom. In a longitudinal Brazilian study (Cravo et al., 2021), participants initially
perceived an expansion of time which steadily decreased over the course of the following weeks. These
surveys con�rmed self-reported temporal distortions during lockdown but do not converge on their
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underlying explanatory causes. Several experimental limitations include the absence of controls, which
prevents assigning a causal role of lockdown to temporal distortions, and the possibility that cross-
cultural factors and differences in the stringency of the lockdown measures played a crucial role in the
different trends observed across countries. All studies used questionnaires and ratings, and none
included psychometric tasks. The Blursday database herein includes a large and diverse battery of
questionnaires, tasks and tests across cultures, a longitudinal assessment of these factors within
individuals and, importantly, a control population, naive to all tasks, tested outside of lockdown. 

We provide a comprehensive dataset that captures subjective time and timing behaviors of a large
number of participants on nearly all aspects of temporal information processing (duration perception and
production, spontaneous tapping, synchronization, implicit timing) together with measures of working
memory, decision-making, self-perception, metacognition, sleep patterns, personality traits, and well-
being. The Blursday database provides an extensive benchmark for future studies that would incorporate
new control data although the current database already contains some control data. We make all tools
available online for researchers wishing to test participants post-lockdown using the same approach or
parts of it. We fully describe the database and importantly, provide examples illustrating its potential use
based on a few fundamental analyses providing novel quantitative insights on time perception during
this historical period.

Methods

Participants
As of November 8th 2021, a total of 2,840 participants signed up for the online “Time Social Distancing”
study in 12 countries (Argentina, Canada, Colombia, France, Germany, Greece, India, Italy, Japan, Turkey,
United Kingdom, United States of America). The attrition rate was predictably very important in the course
of the longitudinal study: 439 participants �nished all tasks in the �rst session (S1; Table 1 and Supp.
Fig. 1) conducted during the �rst lockdown; 200 participants �nished the second session (S2) and 244
the third session (S3) which took place outside the initial lockdown con�nement and about 2 weeks and
3 months after it, respectively. In some countries (France and Italy) a shortened fourth session was
conducted (S4) on the same participants during their second lockdown with 275 participants. At least a
year later, starting in May 2021, as restrictions started to be lifted in some countries, a control pool of
naïve participants was recruited in each country. As of November 8th 2021, 243 participants completed
the control session. This control population was tested on the full set of questionnaires and tasks
originally tested in S1. As of November 8th 2021, these tests are �nished in some countries (e.g. France,
Japan, Italy, Germany), ongoing (e.g., Greece, Turkey) or planned (e.g., Argentina) in others.

In all sessions, participants reporting drug usage and psychiatric disorders were a priori excluded from
data collection; some of the included questionnaires otherwise allow for an evaluation of depression,
stress, anxiety and attenuated symptoms of psychosis. Data from Colombia, UK, and USA were too few
to be included and were a priori discarded from most analyses (although made available in the
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database). Due to the exceptional nature and speed of change in governmental policies, experiments
started during the �rst lockdown or state-of-emergency of each country in 2020 (Fig. 1) and continued
longitudinally at a different pace according to local policies. We report in Fig. 1 the full demographics of
the database during the experiments along with lockdown dates and general timelines of the study.

Ethics
All participants were provided with full instructions and signed an online consent form following the
Declaration of Helsinki (2018) and the ruling of Ethical committees. Participants were provided with a
contact email if they had any questions before proceeding. The approval to run the study internationally
was obtained from the University Paris-Saclay (CER-Paris-Saclay-2020-020). We also sought local
approval for each country: Comité de Etica de la Universidad Nacional de Quilmes CE-UNQ No 2/2020
(Argentina); Université Laval, 2020-114 / 14-04-2020 (Canada); Institute for Frontier Areas of Psychology
and Mental Health, Freiburg, IGPP_2020_01 (Germany, Switzerland, Austria); Ethical Committee for the
Psychological Research of the University of Padova (Italy); Institutional Ethics Committee, Indian Institute
of Technology Kanpur, IITK/IEC/2019-20/18-Apr-20/I (India); The Institutional Review Board of the
University of Tokyo, #705 (Japan): UCLA O�ce of the Human Research Protection Program, IRB#20-
000612 (USA); Koç University, 2020.113.IRB3.053 (Turkey).

Data Acquisition Procedure
We used the Gorilla Experiment Builder (www.gorilla.sc) to build and host our study (Anwyl-Irvine et al.,
2019) in several languages and countries. The original project was designed in English. French,
Japanese, Italian, Greek, Portuguese, German, Spanish, and Turkish were cloned from the original English
templates, translated, and beta-tested by the local teams, and eventually adapted to the needs or cultural
speci�cities of the country. All questionnaires and tasks are freely accessible in English (and other
languages, see below) under the Gorilla Open Materials Attribution-NonCommercial Research-Only
licensing:  https://app.gorilla.sc/openmaterials/278377.

In most countries, participants were recruited by means of general advertisement using institutional
newsletters and/or outside the institution through social media channels. In Japan, participants were
recruited through an agency or online (half of the participants for the control session); all participants
were given monetary rewards for completing each session. In France, participants in the control session
were given an option to receive a small compensation for their participation and ~43% of them chose so
(80 out of 184 participants). In Turkey and Greece, a group of participants was recruited through classes
and compensated with bonus course credits.

General information was provided in different languages and updated over time for each country on a
speci�c web page (https://brainthemind.com/covid19/) as well as locally in printed form
(https://osf.io/359qm/). When participants connected to the protocol website, they were �rst provided

https://www.zotero.org/google-docs/?7PH8LD
http://www.gorilla.sc/
https://app.gorilla.sc/openmaterials/278377
https://brainthemind.com/covid19/
https://osf.io/359qm/
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with general information about the study and asked to provide their consent. Then, they were invited to
create an anonymized public identi�cation, which they kept for the rest of the study. Participants could
leave the website and come back where they stopped at any time. They were free to stop the experiment
when they wanted to. Any technical issue, bug, or any problem participants would have was handled by
email.

Protocol
The full experimental protocol consisted in three to four longitudinal sessions (S1, S2, S3, S4) and one
control session (SC, new participants). In all sessions, participants went �rst through a series of
questionnaires administered in a random order across participants, which they had to take once per
session for the majority of them. After the series of questionnaires, they entered in a series of diverse
behavioral tasks presented in pseudo-random order (latin-square design) across participants. Each task
was presented up to three times within a session. In the course of the study, the number of runs was
reduced to lighten up the requirements of the study. A general insight on the full session is described in
Supp. Fig.1 and Table 1. Both provide a comprehensive description of the content of each session. A
detailed description of questionnaires and tasks used in the study is provided below.

Questionnaires
We included an extensive number of questionnaires that have been (cross-)validated in different
languages and in several countries as well as designed new ones. Answering the �rst series of
questionnaires took about an hour. We designed a Con�nement Tracker questionnaire and an Isolation
Questionnaire adapted to the circumstances to provide basic information on the state of lockdown (Supp.
Mat). We included the UCLA Loneliness Scale (Russell, 1996; Russell et al., 1980) which provides several
metrics of self-reported loneliness. The clinically-oriented Hospital Anxiety and Depression Scale or
HADS (Crawford et al., 2001) provides reliable measures of the state of anxiety and depression of
participants. The PQ16 (Ising et al., 2012) was used to screen participants’ attenuated symptoms of
psychosis. Mindfulness was assessed using the Freiburg Mindfulness Inventory or FMI (Walach et al.,
2006). Circadian preferences and sleep disturbances were assessed using the Morningness-Eveningness
Questionaire reduced version or rMEQ (Randler, 2013), the ultra-short version of the Munich Chronotype
Questionnaire μMCTQ (Ghotbi et al., 2020), as well as monthly and weekly versions of the Pittsburgh
Sleep Quality Index or PSQI (Buysse et al., 1991; Smyth, 1999), and a daily sleep quality questionnaire
(Supp. Mat). The general personality traits of participants were assessed using the Big Five Inventory or
BFI-10 (Rammstedt, 2007; Rammstedt & John, 2007). The Zimbardo Time Perspective Inventory or ZTPI
(Zimbardo, 1990; Zimbardo & Boyd, 2015) provides a general assessment of the individual’s temporal
orientation trait (Sircova et al., 2014). The attentional orientation trait of participants was assessed using
the Attentional Style Questionnaire or ASQ (Kraft et al., 2019; Van Calster et al., 2018).
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Table 1: Overview of tasks and questionnaires. Sessions 1 and 4 took place during the �rst and the
second lockdown, respectively. Sessions 2 and 3 were set at least 2 weeks and 3 months after the �rst
lockdown. Thus, sessions 1, 2, 3, and 4 tested the same set of participants longitudinally in and out
lockdown. The Control session tested a group of naive participants on the same set of questionnaires
and tasks as those tested in Session 1 (during the �rst lockdown). A detailed description of Session 1 is
provided in Supp. Fig.1.

Tasks
Retrospective Duration

The vast majority of studies in time perception use prospective timing tasks in which participants know
beforehand they will be asked to estimate the duration of an upcoming event or stimulus (Block et al.,
2018). While helpful (see below for prospective duration tasks), this paradigm also falls short of
capturing temporal judgments that are commonly made retrospectively in daily life. Retrospective
temporal judgments require individuals to make an estimate of elapsed time since a past event or during
an activity that just happened without them knowing a priori they will have to time (Block et al., 2018;
Grondin & Plourde, 2007; Hicks, 1992; Zakay & Block, 1997). Cognitive components (e.g., attention and
memory) are considered to be differentially involved during retrospective vs. prospective timing (Block et
al., 2018) with retrospective duration estimates assumed to engage episodic memory processes. In the
Blursday project, we included retrospective duration estimations (Supp. Fig. 2) at several moments after a
series of questionnaires or after speci�c tasks. Herein, we report the �rst retrospective duration estimate
participants had to make in the study, which followed a series of initial questionnaires and thus spanned
a scale of minutes to hours. The outcomes are included in the Results section and illustrated in Figure 4.
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Passage of Time Judgments

Passage of time judgments can be used to estimate the subjective feeling that time passes otherwise
commonly referred to as the “�ow of time” (Thönes & Stocker, 2019; Wearden, 2015). In this study,
passage of time judgments were either implemented as Visual Analog Scales (VAS) ranging from “very
slow” to “very fast” or as Likert scales offering a categorical choice between: “very slow”, “slow”, “normal”,
“fast”, and “very fast”. Like for retrospective duration estimates, we used passage of time judgments after
several tasks during the study by asking participants to report how fast time felt in a given lapse of time
(e.g., Supp. Fig. 5). Herein, we report the passage of time judgments that were estimated using a VAS and
over the scale of the “last few days” (Supp. Fig. 2) in the Results section.

Temporal landmarks and event recording

By analogy to spatial landmarks, temporal landmarks are salient events that have been time stamped in
memory. For instance, one’s birthday tends to be an important landmark. One way to assess the existence
of temporal landmarks is to evaluate the speed (response times) and ease (error rate) with which one
answers a question about a point in time. Chronometry and performance can be driven by the
psychological distance of that point in time from the operative landmark in one’s temporal cognitive map.
Temporal landmarks can be culturally and autobiographically idiosyncratic. For instance, when
participants are asked to answer as fast and as accurately as possible “What day is it?”, the closer a day
is to a cultural temporal landmark (e.g. Sunday in Catholicism or Shabbat in Judaism), the faster the
responses and the lower the error rates (Koriat et al., 1976; Koriat & Fischhoff, 1974). In this study, we
prompted participants at various times with the question “What day is it today?”, as well as asked them
to report an important event for them on that same day (Supp. Fig. 2). The distribution of the collected
responses times during lockdown in all participating countries are illustrated in Fig. 2d.

Subjective Temporal distance

An estimation of subjective temporal distance consists in asking participants to estimate how far away
an event feels for them. Subjective temporal distances involve episodic memory processes and the
abstraction of temporal relations between events (Friedman, 1993; Liberman & Trope, 2014). Herein, we
asked participants to use a VAS to report how far away their �rst day of lockdown felt with respect to the
moment at which they were asked this question (i.e., the present). This subjective temporal distance
provides a subjective measure of elapsed time at the scale of days to weeks and months as recalled by
the participant (Supp. Fig. 2). We also assessed participants’ subjective distance to a week and a month
ahead, to test their future orientation. Although subjective distances may be related to the actual passage
of time, people may feel more or less close to a past event regardless of its actual temporal distance
(Ross & Wilson, 2002). The outcomes of these ratings are included in the Results section and illustrated
in Fig. 5.

Fluency tasks: Semantic, Phonemic, and Time scales 
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Verbal �uency tasks involve reporting as many words as possible within an imparted lapse of time, based
on phonemic or semantic criteria (Henry & Crawford, 2004). These tasks were originally developed for
neurolinguistic and cognitive assessments. For instance, a semantic �uency task consists of asking
participants to report as many animals as possible in 60 seconds (s); this was the semantic �uency task
included in our study (Supp. Fig. 3). Similarly, the phonemic �uency task consisted here of reporting as
many words as possible starting with the letter ‘P’ in 60 s. In addition to classic verbal �uency tasks, we
included past and future event �uency tasks to assess the accessibility of mental representations of life
events that participants experienced in the past or that they plan for the future (D’Argembeau et al., 2010).
These �uency tasks took the form of a question “Write as many events as possible that occurred last
week/moth/year]” for past �uency or “that will happen next [week/month/year“ for the future �uency
tasks (Supp. Fig. 3). Hence, these �uency tasks tested the scales at which the �uency was assessed,
namely over a week, a month, or a year. An additional semantic �uency task inquiring about associations
with the word “time” was tested by simply asking participants to report as many spontaneous
associations as possible they had with this word. All �uency tasks in the Blursday database were 60 s
long and the number of collected items was unlimited.

Prospective duration estimation while counting up or down

When participants prospectively estimate a lapse of time, both attention and working memory in�uence
their duration estimates. The demonstration of this in�uence is often based on a dual-task paradigm in
which a participant is asked to perform both a temporal and a nontemporal task. Several nontemporal
tasks have been used to show the impact of attention or working memory on prospective judgments of
time (Brown, 1997; Grondin & Macar, 1992; Macar et al., 1994). Amongst these tasks, there is the
possibility to ask participants to perform a counting task (Brown, 1997), a strategy that is adopted in the
present investigation. Herein, participants were prompted with a prime number and asked to count up
(addition) or down (subtraction) in steps of 3 or 7 as a way to control the di�culty of the task (Supp. Fig.
4). Following a trial, participants were asked to report the number they reached as well as the amount of
time spent doing the task (which could be, unbeknownst to participants, either 12 s or 24 s).

Prospective duration estimation while performing an n-back task

Level of processing in working memory lengthened temporal production presumably by slowing down
temporal integration (Fortin & Breton, 1995). One means to further explore the in�uence of working
memory on time estimation is to use a parametrically variable n-back task in which a sequence of letters
is displayed on the screen and participants decide on a trial-by-trial basis whether the displayed letter is
identical to the previous one (n = 1) or to the one two letters before it (n = 2) and so on. It has recently
been shown that increasing the working memory load (increasing the n) may proportionally shorten the
prospective estimation of duration whereas paying attention to time may lengthen it in an additive
fashion (Polti et al., 2018). In this study, we asked participants to perform an n-back task (n = 1 or n = 3)
and to report how long the trial was (in minutes:seconds) as well as how fast time felt on a Likert scale.
Unbeknownst to participants, a trial could last 45 s or 90 s (Supp. Fig. 5).
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Duration production and metacognition

Duration production is another prospective timing task which consists of asking participants to estimate
a time interval using overt motor behavior. Herein, participants were asked to produce 3.6 s by pressing
the spacebar to initiate their time estimation and, once they considered that 3.6 s had elapsed, pressing
the spacebar again (Supp. Fig. 6). Following each duration production, we asked participants to assess
their performance, which constitutes a metacognitive judgment task, and provide an assessment of
temporal error monitoring (Akdoğan & Balcı, 2017; Kononowicz et al., 2019). In temporal production tasks,
the substantial variability within individuals that is observed is assumed to result from the endogenous
timing uncertainty between trials. The statistical features of this timing variability and its relation to the
time intervals being judged has been one of the primary focuses of the psychophysical study in interval
timing (Grondin, 2001). The fact that organisms can access their level of endogenous timing uncertainty
as a form of temporal metacognition (Akdoğan & Balcı, 2017; Kononowicz et al., 2019) might serve
optimal temporal decisions in animals and humans (Balci, Freestone, et al., 2009). Hence, this novel
metacognitive assessment of temporal judgments was included here by asking participants to not only
evaluate the signed error magnitude of their temporal production (using a VAS) but also to rate their
con�dence either of their temporal production (Turkey) or of their metacognitive judgment (most
countries). The descriptive statistics of the duration productions (s) for all participating countries in S1
are illustrated in Fig. 2b.

Spontaneous �nger tapping (Free tapping)

Spontaneous motor tempo, i.e., the rate at which an individual taps in the absence of any timing cue, is
universally situated between around 1 Hz and 4 Hz with a bimodal or even trimodal distribution of the
intertap intervals (peaks at around 250, 500 and 1000 ms; Hammerschmidt et al., 2021). The rate at
which participants tap is assumed to re�ect the speed or the period of a still largely unknown timekeeper,
and it has been shown to be sensitive to alterations such as aging (McAuley et al., 2006; Turgeon & Wing,
2012). This has been argued to be because spontaneous tapping tasks are too simple to be
compensated by alternative compensatory mechanisms i.e., they are not cognitively penetrable (Turgeon
et al., 2016). Basic information about the task is provided in (Supp. Fig. 7) and the descriptive statistics
of the inter-tap-intervals (ITIs) for all participating countries in S1 are illustrated in Fig. 2a.

Synchronization-Continuation 

In the �eld of motor timing, the classical synchronization-continuation paradigm (Semjen et al., 2000)
consists of asking participants to synchronize their �nger tapping with an auditory metronome  and then
to continue �nger tapping with a sequence of constant intervals at the pace they initially synchronized
with (Wing & Kristofferson, 1973). In the continuation phase, the variability of the ITIs is the key
dependent variable of interest (Wing & Kristofferson, 1973). When the stimulus period is varied
parametrically, an auto-correlation analysis of the series of produced intervals can be used to sort out the
part of observed variability due to the temporal component of the task (associated to the underlying
timing mechanism) and the one due to the implementation of the intervals with �nger taps (the motor
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component). The synchronization phase, also known as paced �nger tapping, is one of the simplest
tasks to study sensorimotor synchronization, which has been argued to capture the ability of
coordinating one’s own movement with an external metronome (Repp & Su, 2013). In paced �nger
tapping, it is the asynchrony (the time difference between response and stimulus) which is the
fundamental variable of interest (Chen et al., 1997), both for isochronous and for perturbed sequences
(Bavassi et al., 2013). A succinct illustration of the task used in the study is provided in Supp. Fig. 8. We
tested two conditions: tapping in-sync or out-of-sync with the stimuli.  The measured asynchronies in the
synchronization task and the ITIs in the continuation task during lockdown are illustrated in Fig. 2a for all
participating countries.

Foreperiod paradigm and implicit timing 

The implicit extraction of temporal regularities from the environment allows forming temporal predictions
and orienting attention to particular moments in time (Nobre & Van Ede, 2018), which can lead to more
e�cient behavior, such as faster response times, or improved perceptual sensitivity (Cravo et al., 2011;
Herbst & Obleser, 2019). Here, we implemented an implicit timing task (Supp. Fig. 9), in which we varied
the foreperiod (the time interval between a cue and target tone), such that the duration was either �xed
(hence predictable) or variable (non-predictable) throughout a block, and measured response times as an
index of e�cient temporal prediction. The measured reaction times (RTs) in S1 for all participating
countries are illustrated in Fig. 2c.

Delay-Discounting 

Delay discounting refers to the devaluation of the reward amount as a function of delay to its receipt
(Loewenstein, 1988), making the amount but also the proximity of the reward an important factor in
determining the choice behavior of participants when they are asked to choose between two options.
Some individuals may prefer the immediate reward over a delayed reward even when the amount offered
immediately is substantially less than the amount offered after a delay (preferring to receive $5 now over
receiving $20 in a year). Con�nement is a condition that typically leads to the state of boredom, which
can trigger impulsivity (Moynihan et al., 2017). In this task (Supp. Fig. 10), different amounts were offered
to participants at different delays to estimate the subjective values of the offers as a function of time
required to collect them.

Self-preference

Phenomenological approaches have related time with self as early as the 20th century (Husserl, 2012)
leading psychiatrists to link time with disorders of the self in psychosis (Fuchs, 2007; Minkowski, 2013;
Vogeley & Kupke, 2007). Such a link has been evidenced experimentally (Foerster et al., 2021; Martin et
al., 2017). In addition to the PQ-16 questionnaire exploring attenuated psychosis, the self-preference task
was added to provide an objective self-related measure. It has repeatedly been shown that a stimulus we
associate with ourselves is processed faster and with higher accuracy than a stimulus we associate with
others (Makwana & Srinivasan, 2019; Sui et al., 2012). These effects can either be accounted for by a

https://www.zotero.org/google-docs/?Cd68Ic
https://www.zotero.org/google-docs/?cyQFeU
https://www.zotero.org/google-docs/?XAYqsn
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self-referent memory advantage (Cunningham et al., 2008)  or by enhanced attention drawn to self-
related information (Keyes et al., 2010). To test this, and in accordance with previous work, we used a
reaction time task in which participants learn to associate a geometrical shape with a label (“Self”,
“Friend” and “Other”; Supp. Fig. 11). On subsequent trials, participants are presented with one shape and
one label, which may or not match with the previously learned associations. Participants had to report as
fast and as accurately as possible whether the shape and the label matched.   

Accessing Data From The Blursday Database
Our databasing approach follows the FAIR principles (Wilkinson et al., 2016) stipulating Findability,
Accessibility, Interoperability, and Reusability of the data. In line with FAIR, we provide a graphical user
interface to researchers, allowing them to easily and conveniently parse the data in a way that best �ts
their research needs (https://dnacombo.shinyapps.io/Blursday/). Data collected from each task and
questionnaire are available at the individual trial/item level per participant in the database and will be
incremented with quanti�ed estimates per participant as analyses progress. The individual trial data are
given to support modeling efforts that typically consider trial-based data sometimes based on the order
of their occurrence. Due to the nature of the tasks, reliable timing is an important factor. To help
researchers estimate the degree of timing uncertainty in data collected online (Bridges et al., 2020), we
provide the participant’s operating system and browser information with which data were collected. To
improve the readability of the data at this level of presentation, we also provide human-readable
readme.txt �les for each questionnaire and task in a dedicated OSF repository (https://osf.io/359qm/ in
folder Study_design/README/) along with additional sources of information that facilitates the
reusability of the data.

Data Reliability And Psychophysical Benchmarking Of Timing
Measures
In this section, we provide basic descriptive statistics for some of the collected data in Session 1 (S1) for
several well-known timing tasks we included in the Blursday database (Figure 2).

In the spontaneous motor tapping task (Fig. 2a, left panel), the rate at which individuals spontaneously
tapped approximated the expected inter-tap intervals (Hammerschmidt et al., 2021). Similarly, the
asynchronies during the synchronization task showed narrow distributions around zero (Fig. 2a, middle
panel), and the ITIs (Fig. 2a, right panel) during the continuation task showed a narrow distribution
around the inter-stimulus interval (Repp, 2005; Repp & Su, 2013; Semjen et al., 2000). In the temporal
production task (Fig. 2b), participants showed a distribution of produced durations centered on a median
of 3 s slightly below the instructed value of 3.6s and with a variance expected for this range of supra-
second durations (Buhusi & Oprisan, 2013; Kononowicz et al., 2019). In the auditory foreperiod paradigm
(Fig. 2c), we see right-tailed distributions typical of reaction times (RTs) data with a mean/median of 177
ms and 162 ms, respectively. These values are comparable to recently published work using a foreperiod
paradigm in laboratory settings (Grabenhorst et al., 2019). As for the temporal landmarks task, the

https://www.zotero.org/google-docs/?8NhUbL
https://dnacombo.shinyapps.io/Blursday/
https://dnacombo.shinyapps.io/Blursday/
https://dnacombo.shinyapps.io/Blursday/
https://osf.io/359qm/
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median value of their response time to the question “What day is it?” was 2.6 s also with right-tailed
distributed (Fig. 2d) consistent with previous seminal work (Shanon, 1979).

Sleep Disturbances (Psqi) And Anxiety And Depression Levels (Hads):
A Cross-replication And Extension To The General Population In
France
Several independent studies using different types of questionnaires reported a high level of sleep
disturbances during the �rst wave of the Covid-19 pandemic (e.g., Bertrand et al., 2021; Cellini et al., 2020;
Trakada et al., 2020). During that same period, an increase of stress, anxiety, and depression was
reported in the general population (Salari et al., 2020). In Blursday, we collected information about sleep
di�culties using the PSQI (the most widely used self-report questionnaire to assess subjective sleep
quality), as well as the level of anxiety and depression using the HADS. As the Blursday database
provides the date of the data collection, comparisons across studies can be performed. We illustrate in
Fig. 3 a cross-replication in which we compared the data collected in the French sample of Blursday
between the 6th and the 11th of May 2020, with the data sampled by Bertrand and collaborators (2021)
during the same period. Despite differences in sample size for that time period (N = 124 in Blursday, N =
1627 in Bertrand et al., 2021) and in demographics (>18 y.o. in Blursday; <19 y.o. in Bertrand et al., 2021),
the outcomes are remarkably similar.

Assessment Of Objective And Subjective Con�nement Indices
The diversity of questionnaires included in the study provides a rich resource for numerous proxies of
lockdown and subjective con�nement indices. Herein, we illustrate four possible approaches illustrating
the severity of lockdown experienced by an individual, objectively, semi-objectively, and subjectively. 

A �rst objective measure (by country) is the Stringency Index derived by the OurWorldInData (Hale et al.,
2021). The Stringency Index is a composite measure of nine governmental response indicators that
include school closures, workplace closures, and travel bans, rescaled to a value ranging from 0 to 100
with 100 being the strictest stringency. A second objective measure (by country) can be found in the
Google mobility index measures during Covid-19 (Google, 2021). For the purpose of our concise report,
we selected the Transit Station Mobility Index (henceforth referred to as Mobility Index), which quanti�es
how much time visitors spent in various transit stations (subway, taxi stand, rentals) during a selected
period relative to a baseline period. In the Google dataset, the baseline was de�ned as the median value
from a �ve-week period spanning January 3rd to February 6th, 2020. The more negative the mobility index,
the less mobility compared to baseline. As visible in Fig. 1, while sessions were carefully aligned to the
governmental lockdowns and state of emergency rules, they do not strictly map to the level of stringency
or to the degree of mobility estimated in a given country. Some of our results and analyses indicate that
objective measures of stringency and mobility may be adequate covariates to explore the effect of
lockdown on behavior (for instance, see outcomes of our retrospective duration analysis below). 

https://www.zotero.org/google-docs/?S5sZmg
https://www.zotero.org/google-docs/?tIZepJ
https://ourworldindata.org/grapher/covid-stringency-index
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A third measure of lockdown is the number of days participants reported being stranded at home in our
con�nement tracker. Although the verbal report of participants could be used as an objective measure,
this estimation is prone to subjective factors that include memory (Huttenlocher et al., 1992),
idiosyncratic and cultural biases (Koriat & Fischhoff, 1974; Roediger & Crowder, 1976) and variable
temporal orientation towards socially meaningful events (Jonas & Huguet, 2008). Hence, the reported
number of days in lockdown cannot be considered a veridical and objective measure of lockdown, but it
can minimally provide a fair and subjective approximation for it. The degree of deviance of the subjective
measure with the veridical day of con�nement could be compared to the locally applicable rules and
o�cial dates of lockdown for each participant although uncertainty as to each individual case remains.
Hence, the reported number of days in lockdown is considered a semi-objective measure. 

Fourth, we de�ned a measure of subjective con�nement based on participants’ self-assessed feeling of
being isolated. Out of the 20 items which we tested using the full UCLA questionnaire (Russell, 1996;
Russell et al., 1980), we used the ratings to only 5 items which could be directly related to the
consequences of lockdown and stringency measures. We made a proxy for the feeling of
con�nement using these 5 selected items: “I have nobody to talk to”, “I lack companionship”, “I feel
completely alone”, “I feel starved for company”, and “I feel isolated from others”. Answers to these
questions were obtained using a four-level Likert scale. While objective measures of con�nement
captured the situation well, a large inter-individual variability may subsist in participants’ subjective
feeling of having to stay home, being fully con�ned or under various stringency rules. This could be due
to factors such as personality traits (which can be assessed with the BFI included in Blurdsay), or social
isolation (which can be explored with the remaining items of UCLA and various questions such as
changes in social media use, number of people in the household, and changes in habits included in
Blursday). For this concise report, we chose a direct and minimal approach using a Con�rmatory Factor
Analysis (CFA), which showed that responses to the �ve items selected a priori, could be aggregated
along two dimensions, which we refer to as “self-reported loneliness” (capturing responses to statements
“I have...”, “I lack...”) and “felt loneliness” (capturing responses to “I feel...”). These dimensions are
available in the database but for simplicity, we combined these two estimates of loneliness as a proxy for
“subjective con�nement”, which scored anywhere between 5 (feeling very isolated) to 20 (not feeling
isolated). 

We integrated the objective lockdown states and subjective con�nement measures in the Blursday
database as an optional feature of data downloading. Below, we use these measures as covariates and
illustrate their impact on subjective time in the sampled population.

Temporal Distortions And Novel Empirical Observations
We turn to novel quantitative observations regarding the effect of lockdowns on psychophysical
measures of subjective temporality including retrospective duration estimation, and ratings of the felt
passage of time and subjective temporal distances.
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Retrospective duration on the scale of minutes to hours
In the retrospective duration task, we asked participants to provide an estimate (in minutes, seconds) of
how much time had elapsed since the last time they logged on to the study website, which was time-
stamped in the collected data. We used three criteria for de�ning outliers in our analysis: the �rst criterion
rejected data points with a clock duration shorter than 1 minute and longer than 5 hours due to the
implausibility of these timings in our study protocol. The second criterion excluded data with subjective
retrospective durations shorter than 12 s and larger than 25 hours (i.e., subjective estimates that were 0.2
times the shortest possible clock duration and 5 times the longest possible clock duration). The last
criterion removed data points with relative duration errors computed as [)] beyond the 95 central
percentiles per country and per session. The application of these criteria discarded 8.8 % of the original
dataset. 

Retrospective duration estimates scale with clock duration

Using a linear regression of the logarithm of retrospective duration estimates as a function of the
logarithm of clock duration, separately for S1 (during lockdown) and for SC (outside of lockdown, control
participants) showed that participants performed the task as expected in both sessions: retrospective
duration estimates increased with increasing clock duration (Fig. 4A). Interestingly, the deviations of
retrospective duration estimates from clock durations were scale-dependent such that all participants
tended to overestimate the short durations and underestimate the long durations. This pattern is
consistent with Vierordt’s law and the central tendency effect typically reported in magnitude estimations
(Glasauer & Shi, 2021; Lejeune & Wearden, 2009; Petzschner et al., 2015). The two regression lines had a
slope below 1 (S1: 0.89 +/- 0.019 s.e.m.; S2: 0.77 +/- 0.042 s.e.m.). 

Using a two way ANOVA with factors of Session (2: S1, SC) and clock duration, we con�rmed a
signi�cant main effect of clock duration on subjective retrospective duration (F(1,1739) = 2462.05, p < 2e-

16) and a signi�cant interaction between retrospective duration and session (F(1,1739) = 7.57, p =
0.0059). This interaction captures the observation that the regression slopes in each session differed
signi�cantly. To make this observation more tangible: a clock duration of 10 minutes was overestimated
by 30 s +/- 15 s during lockdown (S1) but by 92 s +/- 36 s during the control session (SC). Conversely, a
clock duration of 1 hour was underestimated by 7 min and 10 s +/- 54 seconds (thus, estimated as ~52
minutes) during lockdown (S1) but by 14 min and 20 s +/- 108 seconds (thus, estimated as ~46 minutes)
outside of it (SC).

Intriguingly, our analyses revealed the existence of a possible “indifference interval” in retrospective
duration estimation, which converge in both sessions at a relatively close clock duration of about a
quarter of an hour: on average, participants estimated the duration most accurately (i.e., closest to clock
duration) for clock durations of about 16 minutes during lockdown, and of about 18.5 minutes outside of
it (SC).

https://www.zotero.org/google-docs/?YsL8bR
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Stringency affects retrospective duration estimates

Next, as stringency and mobility indices did not strictly map with the experimental sessions (Fig. 1), we
used data from all sessions (S1, S2, S3, S4, SC) and indexed the severity of lockdown using the
stringency, the mobility, and the subjective con�nement indices described in the previous section. We also
included age and time of day as possible covariates. We modeled the error term related to participants as
a random intercept using a linear mixed model approach on participants’ relative retrospective duration
estimates (as implemented in the R package lme4;  Bates et al., 2015). We quanti�ed the relative duration
estimations as retrospective duration estimation / clock duration to pull all temporal scales together. The
standard deviation of the estimated random effects was smaller than that of the residuals, suggesting
that random effects could be ignored and running a linear model with the same �xed effects retrieved
similar outcomes; hence, we solely report the �xed effects analysis. 

Mobility affects retrospective duration estimates

Using an ANOVA on the coe�cient estimates revealed a highly signi�cant effect of the stringency index
(F(1, 2140) = 8.54, p = 0.003; Fig. 4b) and of the mobility index (F(1, 2140) = 8.12, p = 0.004; Fig. 4c) on
relative retrospective duration estimates. This effect indicated that an increase of 80 on the stringency
scale (i.e., the entire range of available data) corresponded to a decrease of 30% in estimated
retrospective duration so that the more stringent the governmental measures were, the shorter
retrospective duration estimates were. Conversely, the mobility index suggested that the closer to normal
mobility participants were, the shorter the retrospective duration were. Stringency and mobility distinctly
affect retrospective duration. As seen in Fig. 4c, our sessions and data collections seemed to align well
with the mobility index. We observed no signi�cant effects of the subjective con�nement index, age, or
hour of day on retrospective duration estimates.

Passage of time on the scale of a few days
Next, we explored four subjective time measurements collected using participants’ ratings on VAS: the
passage of time (over a few days), the subjective temporal distance to the �rst day of lockdown (past
temporal orientation) and the subjective temporal distances to one week and one month from now (future
temporal orientation). For all four, we used a linear mixed effect model with covariates identical to those
used for retrospective duration estimates, namely: stringency index, mobility index, subjective
con�nement index, age, and hour of day. For all measures of subjective temporal distances, a random
intercept per participant was added.

To capture the temporal phenomenology of the felt passage of time, individuals can rate their feeling of
how fast time is passing over a certain lapse of time using a VAS. This approach was used in previous
studies (Droit-Volet et al., 2020, 2021; Martinelli et al., 2020; Ogden, 2020, 2021). In Blursday, we asked
participants to rate their feeling of the passage of time over the last few days. With a linear regression
approach, we found that the passage of time was signi�cantly related to participant subjective
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con�nement score (F(1, 1860) = 28.44, p = 1.087e-07 ; Fig. 5) so that the less isolated participants felt, the
faster their ratings of the passage of time. Under the linear assumption (i.e., away from the boundaries of
the VAS), the most extreme differences in subjective score of con�nement (from 5 feeling most con�ned
to 20 feeling least con�ned) corresponded, on average, to a   difference of 13.8 on the passage of time
VAS going from 53.9 +/- 1.7 s.e.m to 67.7 +/- 1.3 s.e.m.. No other tested factors were found to
signi�cantly affect the feeling of the passage of time in this analysis.

Temporal Orientation and Subjective Temporal Distances to
past (from the start of lockdown) and future (week and
month scales)
Participants reported on a VAS ranging from 0 (very close) to 100 (very far) their subjective temporal
distance to the �rst day of lockdown (past orientation) or week and month to come (future orientation). 

The subjective temporal distances to the �rst day of lockdown (past orientation) were signi�cantly
affected by the mobility (F(1, 3814)  = 80.25, p = 2.2e-16; Fig. 6a, right panel) so that the closer to
normalcy, the further away participants rated their �rst lockdown day to feel. Speci�cally, under the linear
assumption (i.e. away from the VAS boundaries), the most extreme increase in mobility transit going from
-90 to 0 corresponded, on average, to a difference of 23.5 points on the subjective temporal distance
scale, which went from 52.9 +/- 1.2 s.e.m to 76.4 +/- 1.8 s.e.m. Conversely, participants’ subjective
con�nement scores signi�cantly affected their subjective temporal distances to the �rst day of lockdown
(F(1, 2742) = 9.6, p = 0.0019; Fig. 6a, right panel). Under the linear assumption, the less subjectively
isolated participant felt (going from 5 to 20 of subjective con�nement score), the closer in time that day
felt. On average, an increase of subjective con�nement score (interpreted as feeling less isolated) of 7.3
yielded participants’ subjective temporal distance to be rated as closer (65.7 +/- 1.6 s.e.m. to 58.4 +/- 1.1
s.e.m.).

We then explored participants’ (future) subjective temporal distances at two time scales, “next week” and
“next month” (Fig. 6b, light and dark green, respectively). A �rst common effect to both time scales was
driven by the age of participants (week: F(1, 910) = 12.23, p = 0.00049 ; month: F(1, 943) = 25.24, p =
6.04e-07; Fig. 6c, top left and right panels, respectively). Under the linear assumption, the most extreme
differences in age (going from 18 to 88 years old) corresponded to an average difference of –11.2 on the
subjective temporal distance scale for “next week” (from 36.7 +/- 1.19 s.e.m to 25.5 +/- 2.51 s.e.m) and of
-17.7 for “next month” (from 60.2 +/- 1.20 s.e.m, to 42.5 +/- 2.74 s.e.m). In other words, the older
participants were, the shorter they rated their subjective distances to the future, whether week or month.

Participants’ subjective con�nement scores also signi�cantly affected their subjective temporal distances
at both time scales (week: F(1, 1437) = 6.46, p = 0.01; month: F(1, 1486)  = 16.82, p = 4.32e-05 ; Fig. 6c,
middle left and right panels, respectively). The less isolated participants felt, the closer their subjective
future felt. Under the linear assumption, the most extreme increase in subjective con�nement score (from
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5 to 20) corresponded to an average difference of -7.09 on the subjective temporal distance scale for
“next week” (from 31.0 +/- 1.34 s.e.m to 38.1 +/- 1.95 s.e.m.) and of -12.6 for “next month” (from 63.4 +/-
2.10 s.e.m to 50.7 +/- 1.38 s.e.m).

Last, we observed an increase of felt distance to “next month” with an increase in stringency measures
(month: F(1, 1163) = 8.62, p = 0.003; Fig. 6c, bottom right panel). Under the linear assumption, the most
extreme increase in stringency (from 25 to 90) corresponded to an average difference of 9.93 on
participants’ subjective temporal scale to “next month” (going from 49.5 +/- 2.28 s.e.m, to 59.4 +/- 1.46
s.e.m.)

Discussion
The Covid-19 pandemic is one of those rare historical episodes during which virtually the entire world
adopted similar constraints on the human population at the same time. The initial measures against
Covid-19 were state-of-emergencies and partial to full lockdowns. Herein, we report a comprehensive
database, which provides tangible quantitative and qualitative assessments documenting a wide range
of factors mediating the temporal distortions and disorientations experienced during this historical
episode. Making accessible the database and the online tools to collect additional data is motivated by
the observations that, as we write this paper, we have not yet returned to a global normalcy level. Our
experimental tools have been and can be easily translated to additional languages, providing an easy
stepping stone for inclusive cross-cultural studies using multidimensional variables. We made efforts for
the Blursday database to be highly accessible and readable to all researchers. We provide a graphical
user interface that researchers without programming background can use for parsing and retrieving the
data as required by their research questions. We also include optional outcomes of some of our
preliminary analyses as part of the data (e.g., objective lockdown measures and subjective con�nement
indices).

Herein, we wished to highlight the existence of Blursday as well as showcase the reliability of the
collected data on measures like sleep disturbances and anxiety, and well-established empirical facts
typically measured in laboratory settings. To this end, we provided a replication and extension of
previously reported sleep disturbances and borderline anxiety during the �rst lockdown in France
(Bertrand et al., 2021). This replication shows that questionnaires included in the database can be reliably
exploited independently of research interests dedicated to timing research. A number of questionnaires in
the database could be exploited on their own for epidemiology, demographic, psychiatry, or
chronobiology, or as covariates of other experimental measurements provided in the database. We also
illustrate the distributions of several dependent variables in some of the timing tasks measured in
Blursday, all of which pointing to the psychophysical and psychometric utility of our experimental
approach for future investigations dedicated to these timing properties. 

Importantly, by exploring the effects of stringency, mobility, subjective con�nement, age, and hour of day
on several measures of subjective time (Table 2), we report novel empirical �ndings showing that both
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objective measure of lockdown and subjective measures of con�nement in�uence participants’ time
perception at different time scales. 

First, we found that participants’ subjective con�nement scores, designed to capture how isolated
participants felt, systematically accounted for changes in temporal orientation at the scale of a few days
to week and month. Notably, the more isolated participants felt, the slower time seemed to pass. This
observation generalizes how feeling isolated contributes to temporal distortions and the felt slowing
down of the passage of time, which has been noted in a Brazilian study (Cravo et al., 2021). It also
accounts for the diversity of passage of time changes reported during lockdown and attributed to
possible consequences of isolation such as boredom (Droit-Volet et al., 2020, 2021; Loose et al., 2021;
Martinelli et al., 2020; Ogden, 2020, 2021). Thus, evaluating the degree to which participants felt isolated
is an important factor that provides additional insights on participants’ subjective well-being
independently of the objective lockdown situation. Indeed, our analyses were applied to all sessions (in
and out of lockdown) over months during which objective lockdown measures were di�cult to track.

Table 2: Summary of �ndings. To illustrate the richness of Blursday, we selected only a few
measurements testing participants’ perception at different time scales (from minutes to month) and
orientation (past/future). We explored the effect of stringency (objective index), mobility (objective index),
subjective con�nement (subjective isolation index), age and hour of day on distinct measures of
subjective time. A green checkmark indicates a signi�cant effect of the covariate on the time
measurement; a red cross marks an absence of signi�cant effect. This table provides a succinct
summary of otherwise more complex effects subjected to the limitation of our selection of relevant
factors and choice of statistical models. Size and directionality of the effects were described in the
Results section.

Interestingly, how isolated participants felt consistently modulated their subjective assessment of past
and future distances so that the less isolated individuals felt, the closer in time past and future events
seemed to be. These observations are essential in that temporal orientation is the ability to conceive of
oneself in subjective (past or future) time and this ability has been argued to be a core component of
autonoetic consciousness (Wheeler et al., 1997). We also found that the older the participants were, the
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closer their future appeared to be. Although previous timing research has shown differences on the
perception of past and current passage of time (e.g. Winkler et al., 2017), future-oriented prospective
timing has received less attention in the literature although it may entail differences in foresight across
ages (Addis et al., 2008). Additional studies could use these measures together with participants’ time
perspective personality trait (ZTPI) to explore individuals’ self-perception or the behavioral consequences
of temporal disorientations on delay-discounting (all collected measures in the Blursday database). 

Two objective indices of lockdown (stringency and mobility) affected retrospective duration estimations
and with this task, we also observed a quite unexpected �nding. It is now well-known that participants
tested on a range of magnitudes display a behavior that conforms to the predictions of a Bayesian
observer. Most studies assess this by using a range of magnitudes around a value of interest showing a
generalizable pattern of central tendency or regression to the means (Glasauer & Shi, 2021; Jazayeri &
Shadlen, 2010; Petzschner et al., 2015). The central tendency is described as a subjective under-
estimation of values below the mean of the distribution and an over-estimation of values above this
mean. The range of magnitudes (e.g., the range of durations) calibrates the central value and, thus, the
cutoff or the intersection between a presumed ideal observer (identity line) and an individual’s subjective
magnitude estimates. Our observed retrospective duration estimations conformed to this typical central
tendency pattern otherwise known as Vierordt’s law in timing research (Lejeune & Wearden, 2009). 

However, a key issue is that a classi�cation as “short” or “long” does not have any reference point in our
current study other than the prior belief of each unique participant. In Blursday, the range of retrospective
durations explored was uniquely wide (from 1 minute to 5 hours) and was not controlled for since the
duration was set by each participant’s last login. Considering that each data sample was drawn from an
independent observer tested on a different duration, the observation of a central tendency is unexpected
and suggests the possibility of an indifference time interval of about a quarter of an hour.

Woodrow (1934) considered that the indifference interval should not be de�ned as the duration at which
the individuals’ average errors is zero but instead, as “the interval at which the average of all errors in any
speci�ed total distribution is zero”. In other words, Woodrow posited the possibility of an absolute
indifference interval. To demonstrate this, he tested participants using durations from ~300 ms to 4000
ms and a temporal reproduction task; the temporal reproduction data showed a central tendency around
~600 ms. However, each participant was tested several times, which could not test the initial hypothesis.
Closer to our retrospective duration task in which individual samples are independent, data in two reports
showed a possible central tendency between 16-50 minutes (Yarmey, 2000) or between 2-3 minutes in
another (Roy & Christenfeld, 2008). In Blursday, the large-scale dataset, the wide-range of durations, and
the multi-cultural inclusion make our observation quite unique: the observation of a central tendency
towards a 15 to 20 minutes value at the inter-individual level is an intriguing and non-trivial novel
observation. We can add to this that the central tendency for retrospective duration was signi�cantly less
pronounced during lockdown (S1) than outside of it (SC), so that the participants reports were closer to
the ideal observer and conformed less to Vierordt’s law during lockdown than outside of it.
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Finally, the highlighted observations by no means exhaustively exploit the rich repertoire of tasks, tests,
and questionnaires of the Blursday database. This stands as a limitation of our results considering that
we have not fully exploited the numerous factors that were recorded, and which could help further
disentangle their weighted contribution to the temporal distortions we report. The Blursday database is
amenable to cross-replication studies and currently feeds ongoing analyses with speci�c and narrower
working hypotheses. For instance, with the innovative complementarity of questionnaires, a �rst cross-
cultural analysis revealed differences in anxiety and depression that can be partially attributed to
differences in individuals and cultural time perspectives (Micillo et al., 2021). The motor timing tasks,
designed to assess whether endogenous rhythms, sensorimotor productions and synchronizations were
affected during isolation can be enriched with the personality traits collected on the same individuals as
well as their demographics (age, gender). The foreperiod paradigm, which assesses implicit timing, is
being explored with respect to some of the lockdown measures but also as a function of age, cultural
diversity, and self-perception measures. The assessment of temporal landmarks taps into the possible
distortions of temporal cognitive maps induced by the Covid-19 episode in the population, thereby
enabling the exploration of how temporal distortions may link to episodic memory and participants’
�uency reports. 

Conclusions
In conclusion, we are con�dent that the Blursday dataset will act as a rich historical record of temporal
disorientation and distortion during Covid-19 and serve as an empirical benchmark for future studies set
out to use and build on the same tools to assess the effects of social isolation on temporal information
processing across cultures and post-pandemic. We highlighted only a few possible observations drawn
from the current dataset. Our study demonstrates the feasibility of a large and ambitious international
study in a short time only thanks to the help of community builders such as the Timing Research Forum
(TRF; http://timingforum.org). As members of the timing community, we hope that Blursday sets forth an
international “TimeLab” that can support and foster multi-cultural large-scale studies in time and timing
research.

Code And Data Availability

Project repository on OSF.io
The OSF repository provides a public access platform to published materials, guides, and codes
associated with the Blursday database (https://osf.io/359qm/). The OSF hub will be updated and
incremented as results using the database get published. Readme �les are provided describing the
independent and dependent variables for each task, the number of trials, and the number of possible
runs. We provide a comprehensive listing of translation and associated references for the validation of
the questionnaires used in Blursday. Additional resources such as the dates of the sessions, the timelines,
or useful resources for a more detailed assessment of local governmental measures are also provided. 

http://timingforum.org/
https://osf.io/359qm/
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Code repository Github.com
https://github.com/dnacombo/TimeSocialDistancing

Server on Shinyapp.io

Live: https://timesocialdistancing.shinyapps.io/Blursday/ and source
code: https://github.com/dnacombo/TSDshiny

Tasks and questionnaires Gorilla.sc
All questionnaires and tasks used in the Blursday study are accessible as Open Materials in Gorilla in
English (https://app.gorilla.sc/openmaterials/278377), 

in French (https://app.gorilla.sc/openmaterials/27809), 

in Greek (https://app.gorilla.sc/openmaterials/281196), 

in Turkish (https://app.gorilla.sc/openmaterials/286114), and 

in Japanese (https://app.gorilla.sc/openmaterials/286482).
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Figures

Figure 1

Data collection schedule, stringency index, mobility index and general demographics. Panel a: Sessions 1
and 4 (S1 and S4, respectively) took place during the �rst and the second lockdown or state-of-emergency
of each country. Sessions 2 and 3 (S2 and S3, respectively) were set at least 2 weeks and 3 months away
from the �rst lockdown in each country. The control session (SC) tested (and continues testing) a group
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of naive participants on the same set of questionnaires and tasks as those tested in S1. For illustration
purposes, the daily Covid-19 cases (WHO COVID-19 Dashboard. Geneva: World Health Organization,
2020., 2021) were normalized by dividing the counts of daily Covid-19 cases by the total number of cases
per country. Note that the number of cases in the initial start of the pandemic was likely underestimated.
The stringency (Hale et al., 2021; Ritchie et al., 2020) and mobility indices (Google, 2021) were used as
objective indicators of the state of each country at the time of data collection and are described in more
detail in the “Assessment of objective and subjective con�nement indices” section. Due to the varied
timelines of emergency, stay-at-home or lockdown measures, post-hoc indices provide reliable and richer
measures than ad-hoc sessioning. We illustrate this point in the Results section. Panel b: Proportion of
males and females per country across all sessions. Panel c: Age distribution per country across all
sessions. UK: United Kingdom; FR: France; DE: Germany; GR: Greece; IT: Italy; TR: Turkey; CA: Canada; CO:
Colombia; IN: India; JP: Japan; AR: Argentina. Note that all �gures were designed accounting for color
blindness (Nichols, 2021).
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Figure 2

Sample descriptive statistics during lockdown (S1). The distributions of the main dependent variables in
S1 are shown for a selection of tasks, pulled across all samples of all countries (top, orange). The thin
line, thick line, and dot below each distribution show the 0.95, 0.8, and 0.5 (i.e. median) two-sided
distribution quantiles, respectively. Similarly, the shaded lines below the histogram show the breakdown
of this information or per country (bottom, green). Panel a: In the free tapping or spontaneous motor
tapping task (left panel), we report the inter-tap-interval (ITI) computed as the difference between the
occurrence times of consecutive taps. In the synchronization-continuation task, we computed the
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asynchrony as the time difference between each response and its corresponding visual stimulus in the
synchronization phase (middle panel) and again the ITI in the continuation part of the task (right panel).
Panel b: Drawn from the temporal duration production and metacognition task, we report the distribution
of duration productions to the target 3.6 s. Panel c: In the auditory foreperiod paradigm assessing implicit
timing, we report reaction times (RTs) elicited by the presentation of the auditory target for all conditions.
RTs exceeding the mean by ± 2.5 standard deviations (per participant) were discarded as outliers. Panel
d: In the temporal landmarks, we report the distribution of correct response times to the question “What
day is it?”; response times longer than 8 s and beyond the 95% central percentiles were disregarded. All
timings are provided in seconds (s). AR: Argentina; CA: Canada; CO: Colombia; DE: Germany; FR: France;
GR: Greece; IN: India; IT: Italy; JP: Japan; TR: Turkey; UK: United Kingdom; US: United States of America.

Figure 3

Comparison of PSQI and HADS scores between Blursday and Bertrand and collaborators (2021). We
sampled the Blusday database (green) to match the country (France) and the collection period of
Bertrand et al. (2021; gray) from May 6th to 11th 2020. PSQI: Pittsburgh Sleep Quality Index. The
maximal scoring for PSQI is 21: the observed means of ~7 in both studies suggest that on average,
participants reported poor sleep (cut-off ≥ 5). HADS-A: Hospital Anxiety and Depression Scale - Anxiety
Scale; HADS-D: Hospital Anxiety and Depression Scale - Depression Scale. The maximum scores for
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HADS-A and HADS-D are 21. The score of ~8 in HADS-A indicates that, on average, participants reported
a borderline level of anxiety (cut-off ≥ 8) with a normal level of depression symptomatology scoring ~5
(cut-off < 8). Error bars represent ± S.D.

Figure 4

Retrospective duration estimation is affected by lockdown, stringency and mobility index. Panel a:
Retrospective duration estimates (minutes) as a function of veridical clock duration (minutes) during
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lockdown (S1; pink) and outside of it (SC; gray). Each dot is a single participant. Regression lines were
estimated from the linear mixed effect model with their 95 % con�dence interval in gray shading. Panel b:
Relative retrospective duration estimates (unitless) as a function of the stringency index (a.u. between 0
and 100) for all sessions (colored). Colored dots are individual data points per participant and per
session. Regression lines were estimated from the linear model with the 95% con�dence interval (gray
shade). The more stringent governmental rules were, the shorter retrospective durations were estimated to
be. Panel c: Relative retrospective duration estimates (no unit.) as a function of the mobility index
(percent change relative to baseline, prior to lockdown, see main text) for all sessions (colored). Each dot
is an individual data point per participant and per session. Black lines are regression lines estimated from
the linear model with the 95% con�dence interval reported in gray shading. The closer to baseline
mobility, the shorter retrospective durations were estimated to be.
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Figure 5

Passage of Time and subjective con�nement. Panel a: Distribution of VAS rating (0 to 100) counts for
passage of time judgments as a function of session (color coded). Panel b: Passage of time ratings as a
function of subjective con�nement (5 to 20). Grey dots are individual data points (per participant, per
session, per run). Black dots are the mean passage of time ratings binned by subjective con�nement. The
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black line is a regression line estimated from the linear mixed effect model with the 95% con�dence
interval (gray shade). The less lonely subjects felt, the faster the passage of time felt.

Figure 6

Subjective temporal distances. Panel a: Subjective temporal distances to the �rst day of lockdown as a
function of the mobility index (left) and the index of subjective con�nement. Black dots are the mean
subjective temporal distances binned by mobility (left) and subjective con�nement (right). Black lines are
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regression lines estimated from the linear regression model with con�dence interval (gray shade).Panel b:
The distribution of future subjective temporal distances obtained for “next week” (pale green)
signi�cantly differed from those obtained for “next month” (dark green; F(1, 3169) = 1171.9, p = 2.2e-16).
Panel c: Subjective temporal distances to “next week” (left column) and “next month” (right column) as a
function of age (top row), subjective con�nement index (middle row) and stringency index (bottom).
Black dots are the mean subjective temporal distances binned by age (top), subjective con�nement
(middle), and stringency (bottom). Black lines are regression lines estimated from the linear model with
95 %con�dence interval (gray shade).
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