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Foreword

My PhD project was part of the EU Horizon 2020 project Mind and Time — In-
vestigation of the temporal attributes of human-machine synergetic interaction, an inter-
disciplinary endeavor to equip arti�cial agents with human-like temporal cognition. 
Our working example was a kitchen robot which assists a human in preparing a dish. 
We quickly learned that, for a �uent human-robot interaction or cooperation, the AI 
should be able to predict human behavior (e.g., predicting when the human �nished 
cutting tomatoes and needs the opened can of sweetcorn to put in the salad), and 
have an idea of when to start its own actions in order to match human needs (e.g., 
the AI should have opened that can of sweetcorn before the human �nished cutting 
tomatoes). �e main function of interval timing in behavior thus seems to be anti-
cipation or predicting events in the near future1. We also quickly realized that there 
are many open questions and problems in each discipline involved in this project. For 
example, the scenario described above is oversimpli�ed. As humans, we perform and 
keep track of the timing of multiple actions in parallel: For example, before cutting 
the tomatoes we may have put a pan on the stove, and we typically have a feeling for 
when it is time to add ingredients to it, even if we do something else in the mean-
time. �is thesis is a partial snapshot of where we stand in understanding temporal 
cognition.

1In most animal interval timing experiments animals learn to produce/reproduce/distinguish 
intervals with the help of food rewards (for a review, see Crystal, 2007). In other words, animals 
anticipate a food reward in the future. Interestingly, even organisms without a central nervous 
system can learn anticipation-like behaviour (e.g., slime molds: Saigusa, Tero, Nakagaki, & 
Kuramoto, 2008).
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General Introduction

Regardless of one’s theoretical framework concerning the nature of time (i.e., 
whether it exists or not, cf. McTaggart, 1908; Rovelli 2018), we can certainly feel the 
passage of time, we have a sense of temporal order, and we perceive events as having 
certain durations. Time is real to us, and it is fundamental to our conscious experience 
(Dennett & Kinsbourne, 1992; Van Wassenhove, 2017). Strictly speaking, we don’t 
have a sense for duration and time as we have for light waves (the visual system) or air 
pressure waves (the auditory system). �is makes the study of how we perceive time 
mysterious and challenging, but at the same time extremely interesting. 

Instead of having a sense for time, the perception of duration seems to be an 
epiphenomenon of processes within our minds (cf., Gibson, 1975; Hass & Durste-
witz, 2016; Matthews & Meck, 2016; Michon, 1990). From an evolutionary perspec-
tive, John A. Michon stated that our ability to represent time underlies “… the need to 
stay in tune with a dynamic, unfolding outside world” (Michon, 1990, p. 55). Within 
this quote lies another crucial remark: the world we inhabit is dynamic and unfolding, 
there is no thing, event or activity that is not extended in time and therefore has a 
duration. In the world we inhabit, changes in time are often accompanied by changes 
in another dimension or properties, too. Cooking recipes, for example, often use time 
indications and indications about the change of a speci�c feature of an ingredient 
interchangeably: “In a separate pan, heat the oil and 1 small knob of butter over a low 
heat, add the onions, garlic and celery, and fry gently for about 15 minutes, or until soft 
but not coloured” ( Jamie Oliver, A basic risotto recipe, step 22). In this example, ins-
tead of setting a timer to 15 minutes, one can instead keep an eye on the consistency 
and color of the ingredients. �is thesis explores time in relation to other dimensions.

Within the �eld of temporal cognition, the main theories of time perception have 
been formalized in various models (see overview on the next two pages). �e mo-
dels described here can be roughly classi�ed into two camps: dedicated clock models, 
which assume that interval perception is a “stand alone” cognitive process (e.g., SET 
and SBF); and those that see time as an intrinsic property of other cognitive processes 
(e.g., neural energy model, SDN models, CCM and memory decay models). When 
surveying the literature on timing models, some of the much discussed models do not 
really belong to either category. First, there is the A �eory Of Magnitude (ATOM) 
model, proposing one common system for all magnitudes (e.g., time, space, number). 
ATOM makes no clear or detailed assumptions about the underlying mechanisms 
of time perception (or of other magnitudes, respectively). �e second exception are 
Bayesian Observer Models and sequential-update models, which are, �rst and fore-
2You can �nd the complete recipe at https://www.jamieoliver.com/recipes/rice-recipes/a-ba-
sic-risotto-recipe/.
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Scalar Expactancy Theory
1,2 In SET models the internal clock system consists of 
a pacemaker, which continuously emits pulses, a switch, 
which acts as a start signal to accumulate pulses in the 
accumulator. �e number of accumulated pulses is then 
stored in a memory component, and, if necessary, com-
pared to other durations stored in a reference memory 
in order to make a decision. �e rate of pulse generation 
is thought to be in�uenced by, e.g., arousal or attenti-
on, explaining the commonly found distortions of time 
perception. �e contingent negative variation (CNV), a 
slow EEG signal that typically develops from stimulus 
onset until stimulus oªset, has been discussed to re�ect 
the accumulation of time in the brain3; while the sup-
plementary motor area (SMA) has been proposed as 
locus of the accumulator4,5.

working
memory

reference
memory

decision

Models         of

Time/Sequence cells
Cells throughout the brain can encode moments in time 
(e.g., hippocampus11, medial prefrontal cortex12, medial 
frontal cortex13, presupplementary motor cortex14, me-
dial agranular cortex15, lateral entorhinal cortex16, and 
striatum17). �e cells‘ behaviour can vary from, e.g., ram-
ping activity14,16, time-selective activity11 or other nonli-
near activity patterns13. Some cells encode time in a re-
lative manner, i.e., their activity patterns are scalable13,17. 
Importantly, this body of research is mainly concerned 
with the encoding of episodic or sequential time. Epi-
sodic timing does not necessary require precise metric 
timing in the sense of interval timing, but duration can 
be inferred18.

tim
e

 c
e

lls

A Theory Of Magnitude
6,7,8 Time, number, space, speed and other magnitudes that can be 
experiences as ‚more than‘ or ‚less than‘ are processes by one com-
mon magnitude system. �e parietal cortex is discussed as a candi-
date neural substrate for the generalized magnitude system. Behavi-
oural magnitude interference eªects (e.g., larger stimuli last longer 
than smaller stimuli) are interpreted as evidence for the ATOM 
framework. ATOM does not explicitly specify at which processing 
state magnitudes are translated into a common metric. Recent be-
havioral studies suggest that diªerent magnitudes are encoded di-
mension-speci�c, and stored in a common memory system9,10
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Neural energy model
22 Coding e®ciency could act as a signature of subjective duration, in that 
the amount of neural energy required to represent a stimulus is proportional 
to the subjective duration assigned to that stimulus. �e neural energy mo-
del can explain temporal illusions: e.g., subjective time contraction caused by 
repetition (less neural energy – less subjective time), or subjective time dila-
tion for �lled versus empty intervals (more neural energy – more subjective 
time). It further implies that low-level neural signatures play an important 
role in duration perception. 

State Dependent Network models
26,27 Cortical networks implicitly encode temporal information as a 
result of time-dependent changes in excitatory-inhibitory interac-
tions, which influence the population response to sensory events 
in a history-dependent manner. Here, durations are represented as 
spatial neural activation patterns that do not occur in a dedicated 
system, but throughout the entire cortical system. Evidence mainly 
comes from simulations and in vitro studies28, while evidence from 
human and animal recordings is sparse29.

in
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Time         Perception

Striatal Beat Frequency model
19 SBF models rely on populations of oscillating neurons with diªerent base 
frequencies. At the onset of an event these oscillators are reset or synchroni-
zed. Because of their diªerent base frequencies oscillators will slowly drift out 
of sync again. At each point in time, multiple oscillators thus create a unique 
pattern of activation that can be read out by coincide detectors. �ese detectors 
are hypothesized to be located in the striatum. While there is empirical evi-
dence for the separate components behaving as proposed20, there is only little 
evidence for the speci�c mechanism proposed21.coincide detector

Sequential-update models
Similar to Bayesian Observer Models, sequential-up-
date models assume that we rely on an internal reference 
memory for duration rather than on the current percept. 
Examples of sequential-update models are the Internal 
Reference Model (IRM)36,37 and the mixed-pool mo-
del38. �e internal reference memory is dynamically up-
dated by integrating previously presented and current 
durations as a weighted average. 

Memory decay models
(Short-term) memories of perceived events decay over time, and 
thus inherently allow to infer duration from decaying memory 
strength. For example, the memory derived multiple-time-scale 
(MTS) model23,24 incorporates a series of slower and faster expo-
nential leaky integrators from which duration information can 
be read out. Models developed for processes other than interval 
timing, e.g., the Temporal Context Model25, can in fact also do 
interval timing tasks.

Bayesian Timing
31,32 �e Bayesian Timing framework postulates that a 
percept of an interval is in fact an integration of noisy 
sensory information and prior experience. Speci�cal-
ly, in computational Bayessian Observer Models the 
perceived duration of the current trial (likelihood) is 
integrated with previously encountered intervals (pri-
or) to obtain the subjective percept (posterior), which 
will subsequently be used for interval estimates. Neu-
robiologically, Bayesian integration has been found to 
be re�ected in the geometry and dynamics of neural 
circuits33. Bayesian models can model the perception 
of other magnitudes, too34,35. 

likelihood (sensed)

prior (expected)

posterior (estimate)

Content Change Model
30A hierarchical neural network model of visual object classi�-
cation modi�ed to accumulate salient events when fed with any 
kind of video (more salient changes, longer estimated durations 
and vice versa). If the diªerence between two consecutive frames 
exceeds an adaptive threshold (i.e., a salient change in the visual 
scene), a unit of subjective time is accumulated. Salient events 
are accumulated on diªerent levels of the neural network (higher 
levels are more responsive to object like features of the visual sce-
ne, while lower layers respond to more primitive features). CCM 
does not rely on any kind of pacemaker or internal clock. When 
compared to human time estimates, the model exhibits the same 
biases as human participants do.
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input
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Overview: Models of time perception (pp. 4-5). 1Church, Meck, & Gibbon, 1994; 2Gibbon, Church, 
& Meck, 1984; 3Macar, Vidal, & Casini, 1999; 4Coull, Charras, Donadieu, Droit-Volet, & Vidal, 2015; 
5Coull, Vidal, Nazarian, & Macar, 2004; 6Bueti & Walsh, 2009; 7Walsh, 2003; 8Walsh, 2015; 9Cai & 
Connell, 2016; 10Cai, Wang, Shen, & Speekenbrink, 2018; 11MacDonald, Lepage, Eden, & Eichenbaum, 
2011; 12Tiganj, Cromer, Roy, Miller, & Howard, 2018; 13Wang, Narain, Hosseini, & Jazayeri, 2018; 14Mita, 
Mushiake, Shima, Matsuzaka, & Tanji, 2009; 15Matell, Shea-Brown, Gooch, Wilson, & Rinzel, 2011; 
16Tsao et al., 2018; 17Mello, Soares, & Paton, 2015; 18Buszáki & Llinás, 2017; 19Matell & Meck, 2004; 
20Gu, Van Rijn, & Meck, 2015; 21Matell, 2014; 22Eagleman & Pariyadath, 2009; 23Staddon, 2005; 24Stad-
don & Higa, 1999; 25Shankar & Howard, 2010; 26Buonomano, 2000; 27Karmarkar & Buonomano, 2007; 
28Goel & Buonomano, 2014; 29Bueno et al., 2017; 30Roseboom et al., 2019; 31Acerbi, Wolpert, & Vijaya-
kumar, 2012; 32Jazayeri & Shadlen, 2010; 33Sohn, Narain, Meirhaeghe, & Jazayeri, 2018; 34Martin, Wie-
ner, & Van Wassenhove, 2017; 35Petzschner, Glasauer, & Stephan, 2015; 36Bausenhart, Dyjas, & Ulrich, 
2014; 37Dyjas, Bausenhart, & Ulrich, 2012; 38Taatgen & Van Rijn, 2011
Illustrations inspired by: Hass & Durstewitz, 2016, Figure 1 (SBF); Buonomano, 2014, Figure 6A (SDN); 
Roseboom et al., 2019, Figure 1B (CCM)

most, instantiations of a computational framework. I will not discuss or evaluate the 
models introduced in the Overview here, I will occasionally refer to some of them 
in the empirical chapters (Chapters 1 to 4), and I will return to the topic in the �nal 
chapter, in which I will discuss four selected models in light of the �ndings presented 
in this thesis.

In Chapter 1 we initially set out to �nd EEG markers that are unique to the 
processing of time compared to the processing of numerosity. In the task we designed 
(referred to as the Raindrops task) participants saw small blue drops dynamically ap-
pearing and disappearing on the screen for a speci�c duration. Two dimensions of 
these stimuli were manipulated simultaneously: time (i.e., the interval marked by the 
appearance of the �rst drop and the disappearance of the last drop) and numerosity 
(i.e., the total number of drops appearing). In each trial, we presented two of these 
Raindrops stimuli consecutively and asked participants to indicate whether the second 
stimulus was shorter or longer if they were cued to make a judgement about the di-
mension time; or whether the second stimulus consisted of fewer or more drops if they 
were cued to make a judgement about the dimension numerosity. In both the time 
and time-frequency domain EEG signals we found no or only ambiguous evidence 
for a diªerence between the processing of time and numerosity. Puzzled by these 
results, we took a closer look at the behavioral data. In an extensive post hoc analysis 
we found that, when asked to judge time, participants were in�uenced by the task 
irrelevant numerosity information. �is eªect is also known as temporal interference 
eªect. For example, if the second stimulus was shorter, but consisted of more drops 
than the �rst stimulus, participants were more likely to erroneously respond ‘longer’. 
To quantify these interference eªects, we used a Maximum Likelihood Estimation 
(MLE) procedure to estimate, for each participants and each condition separately, 
how much temporal and numerical evidence was taken into account when making a 
judgement. Essentially, the outcome of this procedure were two ML-estimates, one 
weighing temporal evidence, the other weighing numerosity evidence. We then selec-
ted those participants who, according to their ML-estimates, took the task relevant 
dimension much more strongly into account than the task irrelevant dimension (e.g., 
in the time judgement task these participants would have a relatively high ML-esti-
mate for temporal evidence, and a relatively low estimate for numerosity evidence), 
and we repeated the EEG analyses on these subsets of participants. �e results were 
still inconclusive. Event related potentials that once have been related to the pro-
cessing of time and time only (CNV: Macar, Vidal, & Casini, 1999; but see Boehm, 
Van Maanen, Forstmann, & Van Rijn, 2014 and Kononowicz & Van Rijn, 2011, for 
counter examples) were also observed in numerosity trials (less pronounced than du-
ring time trials, but evidently observable). What we learned from this study and what 
inspired us to conduct a follow up study was that, when making temporal estimates, 
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we use diªerent kinds of information available to us, that is, not only temporal infor-
mation. �e degree of how much we rely on each information source diªers between 
individuals, and can potentially be captured with the MLE procedure. However,  
an open question that remained after this study was how reliable the ML-estimates 
are.

Chapter 2 is a report about a behavioral follow up study of the Raindrops task. 
Participants were invited for two sessions of experiments, separated by six to eight 
days. In the �rst session, they completed a shorter version of the Raindrops task as 
described above (i.e., drops appeared and disappeared dynamically), a static version of 
the Raindrops task in which all drops appeared at interval onset and disappeared at 
interval oªset, and a numerical Stroop task. In session two, participants were tested 
again in the Dynamic Raindrops task, another version of the Static Raindrops task, 
and in a traditional temporal comparison task (i.e., the stimuli were the same on each 
trial and did not diªer in any other property than duration). �is design allowed us 
to test the stability and reliability of the ML-estimates over time (from session 1 to 
session 2), over similar tasks (Dynamic and Static versions of the Raindrops task), and 
relate them to performance in traditional timing tasks (temporal comparison task) 
and other interference tasks (numerical Stroop task). Our main �nding was that indi-
vidual diªerences in magnitude of interference in the Dynamic and Static Raindrops 
task were stable over sessions and over diªerent task versions. ML-estimates obtained 
from the Raindrops tasks were also predictive of performance in the traditional timing 
task. �is means that the amounts of temporal and non-temporal information parti-
cipants use to make a temporal estimate are a stable trait or bias within individuals. 
We did not �nd a relation to performance in the numerical Stroop task. In the studies 
presented in Chapter 1 and 2 we replicated previously observed temporal interference 
eªects, from a more practical perspective, and we demonstrate how the manipulated 
dimensions can be disentangled by the MLE procedure.

While the previous two chapters were concerned with the dimensions time and 
numerosity, Chapter 3 is concerned with the dimensions time and space. We often 
borrow the dimension of space to think about, talk about and conceptualize time: “My 
last vacation was too short”, “�e future lies ahead of us”, or “�e meeting was mo-
ved forward one hour”. In interval timing experiments, however, motor reproductions 
(e.g., pressing a button for the duration of a to-be-estimated interval) are the predo-
minant method of choice. If we cognize about time in terms of spatial dimensions, 
estimating intervals in terms of spatial dimension seems like a plausible alternative to 
motor reproductions. In the studies reported in Chapter 3, we tested diªerences in ac-
curacy, precision and e®ciency between motor reproductions, timeline estimates (i.e., 
spatial estimates of intervals) and verbal estimates in a simple and in a more complex 
interval reproduction task. We concluded that each translation of time into another 
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representation (motor, verbal or spatial) has its own advantages and disadvantages: 
Motor reproductions were slightly more precise (Experiment 1) and more accurate 
(Experiment 2) than timeline estimates; timeline estimates had the lowest reaction 
times and are therefore very e®cient; and, although verbal estimates were most ac-
curate and precise (Experiment 1), we found a bias towards integer units. Overall, our 
results suggest that we can �exibly translate time into the task required format, and 
the choice of the most optimal estimation method is dependent on the experimental 
design.

Trying to isolate time from another dimension is a cumbersome endeavor. �is is 
because manipulating two dimensions simultaneously (e.g., time and numerosity as in 
Chapter 1 and 2) gives rise to changes in other dimension, too (e.g., the rate of drops 
appearing). While this di®culty will be discussed more thoroughly in Chapter 1 and 
2, the point I want to raise here is that, in a complex environment, time and changes 
in many other dimensions are rarely segregated. In Chapter 4, we tested participants’ 
ability to estimate the duration of complex and more naturalistic stimuli. Short videos 
of an animated �gure performing diªerent everyday actions within a kitchen context 
served as stimuli. What is special about this study compared to the ones described in 
Chapter 1 to 3 is that i) stimuli had no clearly marked on- and oªset; and ii) they 
varied in multiple properties (e.g., there are more fast movements when the animated 
�gure is chopping vegetables compared to drinking from a cup). We found that, des-
pite increased stimulus complexity, the data adhered to general interval timing laws: 
Variability of interval estimates increases with veridical duration (scalar property); 
and estimates of previous trials in�uence the perceived duration of the current trial 
(temporal context eªects). �is study is a step towards studying interval timing in 
ecologically valid settings and as a component of everyday cognitive performance (cf., 
Matthews & Meck, 2014; Van Rijn, 2018). 

Lastly, in Chapter 5 I will discuss some of the main �ndings reported in this thesis 
in the light of diªerent models of time perception, with the conclusion that there may 
be no need for dedicated timing models. As an alternative and as a future direction for 
the �eld of temporal cognition, I will propose to focus on temporality of cognition in an 
inter- and intradisciplinary way, given that all of our cognition is inherently extended 
in time and carries temporal information. 
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This chapter has been published as: 
Schlichting N, de Jong R, & van Rijn H (2018). Performance-informed EEG 
analysis reveals mixed evidence for EEG signatures unique to the proces-
sing of time. Psychological Research. doi:10.1007/s00426-018-1039-y
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Abstract

Certain EEG components (e.g., the contingent negative variation, CNV, or beta 
oscillations) have been linked to the perception of temporal magnitudes speci�cally. 
However, it is as of yet unclear whether these EEG components are really unique 
to time perception or re�ect the perception of magnitudes in general. In the current 
study, we recorded EEG while participants had to make judgments about duration 
(time condition) or numerosity (number condition) in a comparison task. �is design 
allowed us to directly compare EEG signals between the processing of time and num-
ber. Stimuli consisted of a series of blue dots appearing and disappearing dynamically 
on a black screen. Each stimulus was characterized by its duration and the total num-
ber of dots it consisted of. Because it is known that tasks like these elicit perceptual 
interference eªects we used a Maximum Likelihood Estimation (MLE) procedure 
to determine, for each participant and dimension separately, to what extent time and 
numerosity information were taken into account when making a judgement in an 
extensive post-hoc analysis. �is approach enabled u s to capture individual diªeren-
ces in behavioral performance and, based on the MLE estimates, to select a subset of 
participants who suppressed task-irrelevant information. Even for this subset of par-
ticipants, who showed no or only small interference eªects and thus were thought to 
truly process temporal information in the time condition and numerosity information 
in the number condition, we found CNV patterns in the time-domain EEG signals 
for both tasks that was more pronounced in the time-task. We found no substantial 
evidence for diªerences between the processing of temporal and numerical informa-
tion in the time-frequency domain.

Note: �is report contains two parts: In the Introduction we describe the original 
idea that inspired us to set up the experiment reported in this manuscript, and the �rst 
set of analyses and results. However, as expanded upon in the intermediate discussion, 
the results did not fully con�rm the initial hypotheses. Explorations of the behavioral 
data suggested that an alternative view on the data might provide more insight, and 
in the second part of the manuscript we report an extensive post-hoc analysis of the 
EEG data conditional on behavioral performance. All experimental materials, analysis 
scripts and (preprocessed) data are available online on the Open Science Framework 
(osf.io/usjh4).
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Introduction

Studies investigating the neural processes underlying the perception of time 
in humans have suggested that there are activation patterns and neural mechanis-
ms that are unique to timing. One neural activation pattern that has been associated 
with the perception and production of intervals in the order of hundreds of milli-
seconds to multiple seconds is a slow negative de�ection measured using EEG at 
fronto-central and parietal-central locations. �e association is driven by the observa-
tion that amplitude variations of this slow contingent negative variation (CNV) are 
related to variations in temporal performance, that is, subjective timing (Bendixen, 
Grimm, & Schröger, 2005; Durstewitz, 2004; Macar & Vidal, 2004; Macar, Vidal, 
& Casini, 1999; Pfeuty, Ragot, & Pouthas, 2005). Critically, it is assumed that the 
CNV re�ects the accrual of temporal information over time, the core component 
of the clock- or pacemaker-based theories of interval timing (see for a discussion of 
these models, van Rijn, Gu, & Meck, 2014). However, failures to replicate perfor-
mance-dependent variations in CNV amplitudes (Kononowicz & van Rijn, 2011) 
and results that are di®cult to align with the view that the CNV represents the 
core component of timing tasks (Ng & Penney, 2014), have led to a re-evaluation 
of the role of processes re�ected by the CNV. �is reevaluation is further suppor-
ted by the observation that other EEG components than the CNV track subjective 
timing more accurately than the CNV, and that these components even correlate with  
subjective timing when no CNV is present (Kononowicz & van Rijn, 2014a). 

In earlier work, we have argued (Kononowicz & Penney, 2016; Konono-
wicz & van Rijn, 2011; van Rijn, Kononowicz, Meck, Ng, & Penney, 2011; see  
also Ng & Penney, 2014) that amplitude variations might re�ect more general  
processes that are necessary for any timing task (e.g., the setting of decisi-
on thresholds, Boehm, van Maanen, Forstmann, & van Rijn, 2014), but not the  
temporal accumulation process as such. Interestingly, this convolution of pu-
re-timing and the auxiliary processes required to perform a timing task has been 
acknowledged in fMRI studies aimed at unraveling the neural foundations of  
interval timing. In most fMRI experimental designs, neural activity measured  
during a timing task is compared to the activity elicited by a control task that  
does not have a temporal component, but is otherwise as similar as possible (and see 
Kulashekhar, Pekkola, Palva, & Palva, 2016, for a MEG study using a similar setup as 
the current study). �is can be conceptualized as interpreting the diªerences in acti-
vation between both tasks as the re�ection of pure timing components. Examples of 
control tasks are typically tasks in which the magnitude of another dimension needs 
to be evaluated, for example color (Bueti & Macaluso, 2011; Coull, Vidal, Nazarian, & 
Macar, 2004) or space (Coull, Charras, Donadieu, Droit-Volet, & Vidal, 2015). Based 
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on such fMRI studies, widespread brain networks linked speci�cally to the processing 
of temporal magnitudes have been identi�ed. Among these, the supplementary motor 
area (SMA) has been suggested as a key component in interval timing (Coull, Vidal, 
& Burle, 2016; Wiener, Turkeltaub, & Coslett, 2010). For example, Coull, Charras, 
Donadieu, Droit-Volet and Vidal (2015) showed that SMA activity increases in-
crementally with increasing stimulus duration. In their experiment participants had 
to estimate either the duration or distance of the trajectory of a moving dot. �e con-
trast between duration and distance conditions showed that SMA was activated only 
during the temporal task, and, further, activity in this region was positively correlated 
with stimulus duration, but not distance. Like the earlier discussed CNV results, these 
results were interpreted to mean that the SMA functions as an active accumulator of 
temporal information. 

As mentioned, the use of comparison tasks is rarely utilized in EEG or MEG 
studies, rendering it possible that observed diªerences are not due to diªerences in 
timing, but rather due to diªerences in auxiliary processes that correlate with the 
length of the perceived intervals (e.g., changes in response caution due to the ch-
anges in hazard-rate). In the current study, we utilized a comparison task to investi-
gate diªerences in EEG patterns between a timing and non-timing task that share 
most other properties. Participants were asked to compare two sequentially presented 
durations and indicate whether the second duration was longer or shorter than the 
�rst. �e durations were presented as dynamic displays of blue dots appearing and 
disappearing on a black screen, together forming a cloud of dots (see Figure 1.1 and 
Lambrechts, Walsh, & Van Wassenhove, 2013, for a similar task design). Each sti-
mulus was characterized by its duration and the total number of dots it contained. In 
each trial, either the �rst or the second stimulus was always the standard stimulus (i.e., 
lasting for the standard duration and containing the standard number of dots), while 
the other stimulus could take on one of six comparison intervals/number of dots. In 
half of the trials, participants were asked to make judgements on numerosity for the 
�rst and second stimulus instead of the temporal judgement task. Crucially, the same 
stimuli were used in both tasks to match for task di®culty, accumulative nature, sus-
tained attention to the stimuli, and working memory demands. Further, non-timing 
and non-numerosity related cognitive processes (e.g., decision-making or preparation 
of motor responses) are assumed to be similar in both conditions.

�is paradigm will allow us to assess whether any observed CNV diªerences are 
unique to timing or whether they are shared by both tasks and thus represent more 
general processes. Apart from assessing the contribution of the CNV, a time domain 
signal, to timing speci�c processes, this setup also allows for determining the contri-
bution of signals in the time-frequency domain. �is is speci�cally relevant as recent 
explorations of oscillatory activity in the frequency domain in timing tasks have sug-
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gested that timing is associated with activity in diªerent frequency bands (Konono-
wicz & van Wassenhove, 2016; Wiener & Kanai, 2016). Frequency bands that have 
been associated to interval timing or time-dependent tasks are theta–power (tem-
poral order maintenance in working memory: Hsieh, Ekstrom, & Ranganath, 2011; 
Roberts, Hsieh, & Ranganath, 2013), alpha-power and -phase (temporal prediction: 
Rohenkohl & Nobre, 2011; Samaha, Bauer, Cimaroli, & Postle, 2015); duration main-
tenance in working memory: Chen, Chen, Kuang, & Huang, 2015), and beta-power 
(beta oscillations are correlated with duration estimates: Kulashekhar et al., 2016; be-
ta-power measured at the onset of an interval production predicts produced duration: 
Arnal, Doelling, & Poeppel, 2015; Kononowicz & van Rijn, 2015; Kononowicz & van 
Rijn, 2014b). Yet, as for the time-domain studies discussed above, no control conditi-
on was present to distinguish pure timing signals from auxiliary processes.

To summarize, here we will compare diªerences observed in EEG voltage (i.e., in 
the time domain) and EEG power (i.e., in the time-frequency domain) between the 
processing of temporal and numerical information to reveal which EEG components 
are unique to time processing. As the processing of temporal and numerical informa-
tion is based on identical stimuli, with similar instructions, any observed diªerences 
between both conditions are attributable to the diªerences between time and number 
processing, elucidating the components that are speci�c to the processing of time.

Materials & Methods

Participants
For the initial sample twenty-seven healthy participants with normal or cor-

rected-to-normal vision were recruited. �ey received partial course credits or a �-
nancial compensation of 15 euros for their participation. Informed consent as 
approved by the Ethical Committee Psychology of the University of Groningen 
(identi�cation number 15104-NE) was obtained before testing. �e data of �ve 
participants was not included in the analysis because of excessive artifacts in over 
30% of the trials. Because of creating subgroups of participants in the post-hoc 
analysis, we extended the sample by twenty-eight participants, of which six were 
excluded from the analysis because of artifacts. �e �nal sample comprised data 
of 44 participants (38 right-handed, 29 female) aged between 18 and 29 years  
(M = 21.77 years).

Stimuli & Experimental Design
Clouds of dynamically appearing and disappearing blue dots presented within a 

circular area around the �xation cross served as stimuli. �e duration of each stimulus 
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was marked by the appearance of the �rst dots (onset) and disappearance of the last 
dots (oªset). �e number of dots was determined by the total number of unique dots 
presented. Each stimulus could vary simultaneously and independently in duration, 
referred to as time, and in the number of dots displayed during the duration. We chose 
to present the numerosity dimension dynamically over time to equate the two tasks as 
much as possible – including the accumulative nature timing-tasks inherently entail 
(Coull et al., 2015; for similar task designs see Lambrechts et al., 2013; Martin, Wie-
ner, & van Wassenhove, 2017).

In a comparison task participants had to judge whether the second stimulus (S2) 
presented in a trial was shorter or longer (time dimension) or consisted of more or fe-
wer dots (number dimension) than the �rst stimulus (S1), whereby either S1 or S2 was 
always the standard stimulus. Participants were cued at the start of each sub-block of 
8 trials whether they had to make judgements on time or on number throughout that 
sub-block. Figure 1.1 shows a visual depiction of an experimental trial, additionally, a 
video demonstration can be found online at osf.io/usjh4.

�e lifetime of each dot (i.e., the interval between appearance and disappearance 
of the dot) was sampled from a uniform distribution between 0.4 and 0.8 s. Multiple 
dots could be visible at the same time, and it was ensured that at least one dot would 
be on screen at any moment during the interval. Dots had a size of 0.1 degree of visual 
angle (5px) and appeared within a virtual ring with an outer radius of 2.8 (150px) and 
an inner radius of 0.9 (50px) degree of visual angle around the �xation cross. Positions 
of single dots within one trial were chosen randomly, with the constraint that dots 
could not overlap in space (i.e., they were separated by at least 0.2 degree of visual 
angle (10px)). �e experiment was run in Matlab 7.13 (�e MathWorks) using the 
Psychophysics toolbox version 3.0.12 (Brainard, 1997) in Windows 7 (version 6.1). 

�e standard stimulus (TSNS) lasted 1.8 s  and consisted of 30 dots. �us, 
the standard stimulus was always TSNS in both time and number trials. �e pro-
be stimuli in both dimensions took six possible magnitude values de�ned  
as 1.1-4, 1.1-2, 1.1-1, 1.11, 1.12 and 1.14 times the standard magnitude1 (hereafter  
referred to as T1, T2, T3, T4, T5 and T6 for time magnitudes, and N1, N2, N3, N4, 
N5 and N6 for number magnitudes). Probe stimuli can be further categorized as  
congruent (i.e., both dimensions vary in the same direction, e.g., shorter and fewer 
dots as in stimulus T1N2) and incongruent (i.e., dimensions vary in diªerent direc-
tions, e.g., shorter and more dots as in stimulus T1N4).

It would seem natural to independently select the duration and 
the number of dots of nonstandard stimuli. �is would be an appropri- 
 
1Durations were rounded to the second decimal (to ensure precise presentation timing) and 
number of dots was rounded to the nearest integer.
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te procedure for static stimuli, but for the dynamic stimuli used in this expe- 
riment such a procedure would generate large �uctuations across nons-
tandard stimuli in the average rate of drop appearance/disappearan-
ce, which corresponds closely to the average number of actually visib-
le drops at any moment. More importantly, such �uctuations in this salient 
emergent feature would be strongly correlated with �uctuations in both duration  
(r = -.66) and number of drops (r = .70). As a consequence, participants 
might opt to base their judgments, in both the time task and the number  
task, on the average rate of drop appearance instead of on the cued di-
mension, and still perform quite accurately. �is potential problem can  
be eªectively addressed only by allowing some degree of positive dependency bet-
ween duration and number of dots in constructing nonstandard stimuli – that is, 
some compromise is required to balance the two mutually incompatible deside-
rata of low correlations between average rate and time and number on one hand, 
and a low correlation between time and number on the other. Such a compromi-

Figure 1.1: Experimental design. In this classical comparison task, participants had to judge 
whether the second stimulus was longer or shorter than the �rst stimulus (time dimension), or 
consisted of fewer or more dots (number dimension). Participants were cued before sub-blocks of 
eight trials which dimension would be the target dimension for the next trials. Stimuli consisted 
of clouds of small blue dots which appeared and disappeared dynamically on the screen. Single 
trials started with a “Please blink!” instruction to reduce eye movement artifacts during stimulus 
presentation. Either S1 or S2 was always the standard stimulus, lasting for 1.8s and consisting of 
30 dots in total, while the other stimulus could take on one of six comparison magnitudes in both 
dimensions.

Please blink!

< or >

0.8-1.2 s

1.2 s

0.8-1.2 s

1.2-1.6 s

S1

S2
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se was achieved by conditional constrained random sampling of the uncued ma-
gnitude of the nonstandard stimulus. Speci�cally, the uncued magnitude was 
chosen randomly from a weighted uniform distribution. Weights that we �nal-
ly decided on were 0.8 for the same magnitude as the cued magnitude, and 0.75, 
0.55, 0.25, 0.05 and 0 for magnitudes with increasing distance from the cued  
magnitude (hence, T1N6 or T6N1 did not occur in the experiment). Using the-
se weights, we simulated 10,000 stimuli and found a correlation between time 
and number of r = .51, and a correlation of r = .50 between number (r = -.47 for 
time) and rate of drop appearance. We deemed this compromise acceptable, as  
these unavoidable correlations would seem su®ciently small to ensure that average  
accuracy would be su®ciently compromised if judgments would be based on the un-
cued dimension or on average rate instead of on the cued dimension. �e script run-
ning this simulation and additional ones exploring diªerent ways to combine cued and 
uncued magnitudes can be found online at osf.io/usjh4.

Procedure
Electroencephalograms were recorded while participants were comfortably seated 

with their heads positioned on a chin rest. Stimuli were displayed on a 1280 × 1024 
LED-based monitor screen (Iiyama ProLite G2773HS) with a refresh rate of 100 Hz. 
Participants were seated approximately 100 cm away from the display. 

�e experiment was divided into four blocks, each block consisting of 80 trials. 
Within each block, time and number trials were alternating in sub-blocks of eight trials 
each. �e order of these sub-blocks was counterbalanced between participants. Before 
each sub-block, participants were cued whether they had to make judgements on time 
or on number. In each block, in half of the time trials TS was presented �rst (i.e., as S1), 
in the other half TS was presented second (i.e., as S2). �e order of trials was rando-
mized. �e probe stimulus in each of the two conditions (TS as S1 and TS as S2) was 
longer than TS in half of the trials (T4-T6), and shorter in the other half (T1-T3). Out 
of the 40 time trials, T2-T5 appeared eight times each as the probe stimulus, T1 and T6 
appeared four times each. �e same distribution held for number trials.

 Figure 1.1  shows a visual depiction of an experimental trial. Each trial started 
with a “Please blink! ” instruction displayed for 1.2 s, followed by the presentation of a 
grey �xation cross for a duration sampled from a uniform distribution between .8 and 
1.2 s. �en, S1 and S2 were presented consecutively with an inter-stimulus-interval 
sampled from a uniform distribution between 1.2 and 1.6 s. �e �xation cross re-
mained on screen for another uniformly sampled 0.8-1.2 s before the response screen 
appeared and stayed until a response was given. Participants were instructed to press S 
on a conventional US-Qwerty keyboard if they perceived S2 as shorter or consisting 
of fewer dots than S1, and L if they perceived S2 as longer or consisting of more dots 
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than S1. A blank screen appeared for a uniformed sampled 0.8-1.2 s before the next 
trial started. 

Behavioral Data Analysis
Proportions of „longer“ / „more“ responses were computed for each participant, 

dimension and magnitude separately. For each participant, data was then �tted to a 
logistic function for the two dimensions separately using the Psigni�t toolbox version 
3.0 (Fründ, Haenel, & Wichmann, 2011) in Matlab 8.5. As a measure of response 
accuracy, we computed the Weber Ratio (WR) from the logistic functions. �e Weber 
Ratio was computed as half the distance between values that support 25 and 75% of 
„longer“ („more“) responses normalized by the Point of Subjective Equality following 
Lambrechts, Walsh, and van Wassenhove (2013). A WR closer to 0 indicates higher 
response accuracy. To test whether the time- and number-task were equated in di®-
culty, paired-sample t-tests comparing WRs in the two dimensions were performed. 
For all results we calculated Bayes Factors to quantify the evidence in favor of the 
null hypothesis using the ttestBF function from the BayesFactor package in R (Morey, 
Rouder, & Jamil, 2014) using the default (Cauchy) prior scaling of √2/2.�e evidence 
for H0 over H1 will be denoted as BF01. 

EEG Data Acquisition & Preprocessing
EEG signals were recorded from 30 Ag/AgCl electrodes placed at AFz, F3, F1, 

Fz, F2, F4, FC5, FC3, FC1, FCz, FC2, FC4, FC6, C5, C3, C1, Cz, C2, C4, C6, CP3, 
CP1, CPz, CP2, CP4, P3, Pz, P4, O1 and O2 (WaveGuard EEG cap, eemagine 
Medical Imaging Solutions GmbH, Berlin, Germany), POz (ground electrode) and 
additionally from left and right mastoids. Online reference was set to the average of 
all 30 electrodes. �e sampling rate was 500 Hz (TMS International, no online �lters, 
impedances kept below 10 kΩ). �e electrooculogram was recorded from vertical and 
horizontal bipolar montages to measure blinks and eye movements.

O¼ine data analysis was performed using FieldTrip (version 20160727; Oos-
tenveld, Fries, Maris, & Schoªelen, 2011) and customized Matlab scripts. EEG re-
cordings were rereferenced to the averaged mastoids, bandpass �ltered between 0.01 
and 80 Hz using a Butterworth IIR �lter. Epoched data (-0.8 to 2.4 s, time-locked to 
the onset of the standard stimulus) were corrected for artifacts (eye movements, noisy 
channels) using independent component analysis. Subsequently, epochs containing a 
signal range larger than 120 µV in any EEG channel were automatically detected and 
excluded from further analysis (on average 9.84 % (95% CI [8.32 11.35]%), of all 320 
trials were discarded) and data was downsampled to 250 Hz. For the CNV analysis, 
epochs were additionally low-pass �ltered at 5 Hz using the default �lter settings 
in FieldTrip, and the average voltage over 0.2 s prior to stimulus onset was used for 
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baseline correction. 
To examine oscillatory responses, full stimulus epochs were analyzed in the 

time-frequency domain. Single-trial time-domain trials were submitted to a time-fre-
quency analysis based on multitapers. Here, we used Hanning tapers with a time reso-
lution of 0.01 s, frequencies of interest were set between 2 and 30 Hz in steps of 0.25 
Hz, 3 cycles per time-window, and frequency smoothing of 1 Hz was used.

EEG Data Analysis
�e main interest of the current study was to identify whether diªerences in pro-

cessing temporal and numerical information could be observed. To facilitate EEG 
analysis, we only looked at standard trials, because standard trials always had the same 
duration and contained a �xed number of dots. To test for diªerences between the 
time and number condition in both the time and time–frequency domain, we crea-
ted linear mixed-eªect models (LMMs, lme4 package, version 1.1-10; Bates, Mäch-
ler, Bolker, & Walker, 2014) in R version 3.2.2 (R Development Core Team, 2008) 
entering amplitude averaged over the last 0.6 s before stimulus oªset (1.2–1.8 s) and 
averaged over a central electrode cluster (FCz, C1, Cz, and C2) for each trial and par-
ticipant as the dependent variable. We chose this particular time-window and channel 
selection based on the previous literature (e.g., Macar et al., 1999). Condition (time, 
coded as 0.5, or numerosity, coded as − 0.5) and position of standard (standard as 
S1, coded as − 0.5, or S2, coded as 0.5), as proposed by Bausenhart, Dyjas, & Ulrich 
(2015) and Dyjas, Bausenhart, & Ulrich (2012, 2014), were entered as predictors, whi-
le participant was entered as random intercept. We also tested more complex models 
incorporating information on the nonstandard stimulus, but these models were not 
favored over the simpler models reported here. 

For the analysis of time–frequency responses, the same model speci�cations were 
used, with the exception of the dependent variable. Here, we entered power averaged 
over the same time-window and electrode cluster as for the CNV analysis and for 
diªerent frequency bands separately (delta: 2–4 Hz, theta: 4–8 Hz, alpha: 8–15 Hz, 
beta: 15–30 Hz). 

In addition to this simple random-eªects model, we also ran more complex ran-
dom-eªect models including random slopes for those �xed eªect factors that reached 
signi�cance. As discussed by Bates, Kliegl, Vasishth, and Baayen (2015), full random 
eªect models are often too complex to be accurately �tted by the data and do not 
converge, but including random eªects for signi�cant �xed eªects does prevent spu-
rious reporting of �xed eªects. Whenever the more complex random eªects model is 
favored over the simple random eªects model we report the complex random eªects 
models. Further, for all �xed factors in the LMMs we used Bayesian analyses to quan-
tify the evidence in favor of the null hypothesis. To this end, we used the Bayesian 
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Figure 1.2: Behavioral performance. Psychometric curves and behavioral data depicting over-
all performance in the time and number task. No statistically signi�cant diªerences were found 
when comparing response accuracy (measured by the Weber Ratio, WR). For displaying purposes 
psychometric curves were plotted using �tting parameters averaged across participants. Errors and 
error bars depict 95% con�dence intervals.

Criterion Information (BIC) calculated for the model including the �xed factor and 
for the model without the factor as described in Wagenmakers (2007). 

Results

Behavioral Data
Following Lambrechts, Walsh and van Wassenhove (2013), we will fo-

cus on the Weber Ratio for all analyses, but analyses based on ‘proportion cor-
rect’ trials yielded the same pattern of results (for details, see osf.io/usjh4). 
Behavioral performance (Figure 1.2) shows that response accuracy, measu-
red by the Weber Ratio (Mtime = 0.14, 95% CI [0.12, 0.16]; Mnumber = 0.17,  
95% CI [0.15, 0.20]), was lower in the time-task (t(43) = -2.28, p = .03,  
BF01 = 0.06 ± 0%), suggesting that the number-task was more di®cult for participants 
than the time-task.

Time Domain EEG Data
Figure 1.3A shows the ERPs elicited by the standard stimulus occurring as S1 

or S2 in the time and number condition. An overview of the results of the statistical 
analyses can be found in Table 1.1. Visual inspection of the ERP responses suggests 
that there is an overall higher onset ERP occurring 0.3-0.4 s after stimulus onset if the 
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Table 1.1: Summary of LMM-analyses Results of �tting LMMs to predict CNV-amplitude and 
power in diªerent frequency bands. Models included the predictors dimension (coded as -0.5 for 
number and 0.5 for time), position of standard (coded as -0.5 for S1 and 0.5 for S2), and their 
interaction.

 dimension position of standard dimension*position
Beta 
(SE) t BF01

Beta 
(SE) t BF01

Beta 
(SE) t BF01

time domain (amplitude)

CNV -0.65†
(0.28)

-2.32
* 1 -1.91†

(0.49)
-3.88

*** 0.18 0.64
(0.39) -1.63 30.05

time-frequency domain (power)

delta 0.03
(0.07) 0.49 99.95  0.18†

(0.09) 2.01 16.36 -0.29
(0.13)

-2.17
* 10.77

theta 0.08
(0.07) 1.03 66.02 0.10

(0.07) 1.40 42.21 -0.30
(0.15)

-2.01
* 14.84

alpha -0.04
0.07 -0.52 98.28 -0.47†

(0.10)
-4.49

*** 0.03 0.14
(0.15) 0.97 70.17

beta -0.02
(0.04) -0.48 100.31  -0.39†

(0.06)
-6.40

*** <0.01 -0.03
(0.06) -0.46 101.16

†factor added as random slope, *p < .05, **p < .01, ***p < .001

Figure 1.4 (next page): Time-frequency domain signals. Time-frequency domain signal s aver-
aged over central electrodes (FCz, C1, Cz, and C2) and plotted separately for both dimensions 
(�rst two rows) and positions of standard (�rst two columns). Data is not baseline corrected. 
Dashed lines mark stimulus on- and oªset. �e third column shows power diªerence between 
standard position S1 and S2. Likewise, the third row shows power diªerences between time and 
number dimension.

Figure 1.3: Time domain signals. A, time courses of neural responses while processing the stan-
dard stimulus, averaged over central electrodes (FCz, C1, Cz, C2) and plotted separately for both 
dimensions and positions of standard. Grey area marks the duration of stimulus presentation, 
while the dark grey area marks the time window over which amplitude was averaged (panel B) 
and used for statistical analysis. B, amplitude averaged over the last 0.6 s of stimulus presentation 
(1.2-1.8 s). Data depicted in panel B was used for model analysis of CNV amplitude. Error bars 
depict 95% con�dence intervals.
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standard was presented as S1 compared to presentation as S2. LMM analysis of the 
CNV amplitude in the time window spanning the last 0.6 s of stimulus presentation 
revealed that dimension in�uenced the magnitude of the CNV, with a more negative 
amplitude if the dimension is time and if the standard stimulus was presented as the 
second stimulus within a trial (visually depicted in Figure 1.3B). Notably, no signs 
of CNV resolution (i.e., reversal of the negative trend of EEG signals after stimulus 
oªset) can be seen in standard as S2 trials. 

Time-Frequency Domain EEG Data
Figure 1.4 visually summarizes the results of the time-frequency analysis. �e 

same time window as in the CNV analysis was used in LMM analyses testing whether 
power in speci�c frequency bands, including delta-, theta-, alpha- and beta-band, is 
modulated by dimension, position of standard or their interaction (summary of results 
can be found in Table 1.1). Results show that power in alpha- and beta-band is modu-
lated by the position of the standard. Speci�cally, we found decreased alpha and beta 
power if the standard was presented as S2 (see Figure 1.4, bottom row). No eªects of 
dimension were found, and Bayes Factors suggest that this is a convincing null result.

fre
qu

en
cy

 (H
z)

3

10
15
20
25
30

S1 time-number S2 time-number

fre
qu

en
cy

 (H
z)

3

10
15
20
25
30

S1 number S2 number

fre
qu

en
cy

 (H
z)

3

10
15
20
25
30

S1 time S2 time S1-S2 time

0

5

10

po
we

r
(µ

V2 /H
z)

-2

0

2

po
we

r d
iff

er
en

ce
(µ

V2 /H
z)

1.2 1.6 2.0 2.40.80.40.0
time (s)

1.2 1.6 2.0 2.40.80.40.0
time (s)

2.41.2 1.6 2.00.80.40.0
time (s)

S1-S2 number



Chapter 124

Intermediate Discussion

�e current study aimed to investigate diªerences in EEG time and time-fre-
quency domain signals between the processing of temporal and numerical informa-
tion. We will save the discussion of our �ndings concerning the EEG data for the 
general discussion, and directly turn to the behavioral �ndings and their implications 
for the post-hoc analyses described in the following section.

Typically, neuroimaging studies contrasting time with another dimension do not 
analyze behavioral data in great detail (but, see Coull et al., 2015). However, the sub-
jectively perceived duration of a speci�c event is theorized to be in�uenced by other 
dimensions of the very same event (e.g., Walsh, 2003, 2014) in very similar task de-
signs as the one employed in the current study. One well-studied example of how our 
subjective experience of time can be distorted is the eªect of size on time in the visual 
domain: perceived duration increases as a function of increasing spatial magnitude, 
or, bigger stimuli are perceived as lasting longer (Cai & Connell, 2016; Casasanto & 
Boroditsky, 2008; Xuan, Zhang, He, & Chen, 2007). Another example is the eªect 
of numerical magnitude on time perception: larger digit magnitudes during stimulus 
presentation lead to overestimated duration judgments (e.g., if the digits 9 and 2 are 
presented for the same interval on diªerent trials, the interval corresponding to digit 
9 will be overestimated) (Cai & Wang, 2014; Oliveri et al., 2008). However, using 
diªerent experimental paradigms or changing perceptual modality can change the 
direction of such interference eªects. For example, Cai and Connell (2016) showed 
that when spatial information is presented to our haptic senses and time information 
via auditory channels, time aªects spatial judgments, but not vice versa. Lambrechts, 
Walsh and van Wassenhove (2013) found that when time, space and number informa-
tion are presented dynamically (i.e., perceptual evidence has to be accumulated over 
time in all three dimensions), duration judgments are resilient to spatial and numerical 
interferences, but time itself does in�uence judgments of the other two dimensions. 

One way to experimentally test interactions between diªerent dimensions is to 
manipulate congruency (e.g., Dormal & Pesenti, 2013; Dormal, Seron, & Pesenti, 
2006). For example, when experimental stimuli contain a time and space dimensi-
on, in a congruent trial both dimensions vary in the same direction compared to a 
standard or comparison stimulus (e.g., longer and bigger). In an incongruent trial 
the dimensions vary in opposite directions (e.g., shorter and bigger) and the target 
dimension is likely to be aªected in the direction of the uncued condition (e.g., if time 
were the target dimension, the duration would likely be overestimated because of the 
in�uence of the dimension space). As congruency was also manipulated in the current 
study, the in�uence of the uncued condition could be assessed based on the behavioral 
responses. 
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Taken together, these behavioral �ndings indicate that participants might not 
only process information of the cued dimension, but also take into account infor-
mation of the uncued dimension. Further, direction and magnitude of congruency 
eªects depend on the speci�c task design (e.g., which dimensions were used, whether 
information had to be accumulated or not) and might also diªer between participants 
(i.e., some participants show stronger congruency eªects than others). Especially in 
neuroimaging studies in which a control task involving another dimension is simply 
subtracted from the time task, either the paradigm needs to ensure that participants 
only use temporal information in the time condition and information of the cont-
rol dimension in the control condition, or any observed neural diªerences should be 
weighted by the in�uence each of the dimensions has on the observed performance. 
As the nature of these tasks make it practically impossible to ensure attention to just 
one dimension, it will be necessary to assess the relative usage of each of the dimensi-
ons when interpreting the neural signatures. 

We conducted extensive post-hoc analyses taking into account individual diªe-
rences based on behavioral performance (i.e., congruency eªects), and incorporated 
these results in the EEG analysis. In doing so, we can carefully disentangle the neural 
processing of temporal versus numerical information.

Post-hoc Analysis

Maximum Likelihood Estimation (MLE) Procedure
Because participants could potentially also use temporal information when jud-

ging number, and, respectively, numerical information when judging time, we used 
a MLE procedure to estimate, per participant, how each dimension was weighted 
in determining the response, separately for both task conditions. �e model used 
the weighted sum of temporal and numerical evidence for each trial (evidencetotal, see 
Equation 1.1), that is, parameter estimation was stimulus driven. Temporal (eviden-
cetime) and numerical evidence (evidencenumber) was determined by subtracting the mag-
nitudes of the standard stimulus from the magnitudes of the non-standard stimulus 
and subsequently scaled from -1 to 1 by dividing through maximal evidence possible 
(i.e., the more diªerent the non-standard stimulus magnitudes were from the standard 
stimulus magnitudes, the more evidence). �e weights ωtime and ωnumber were estimated 
during the MLE procedure. Evidencetotal was used to compute the probability of res-
ponses (shorter/fewer or longer/more) based on a standard normal distribution. �e 
�nal weights were those that maximized the likelihood of the given series of responses 
over trials.
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evidencetotal = ωtime × evidencetime+ ωnumber × evidencenumber

Using this procedure, we obtained a weight for time and a weight for number for 
each task condition and participant. In an ideal case, assuming participants who com-
pletely follow instructions and ignore the irrelevant dimension, we �nd a high weight 
for time and a low weight for number if the task was to judge time, and the reversed 
pattern if the task was to judge numerosity.

Figure 1.5 shows the ω-estimates for each participant in each condition. Partici-
pants showing no interference eªects, for example, would have a high ωtime and a low 
ωnumber in the time condition (i.e., their data would represent a dot at the positive end 
of the x-axis and close to the x-axis with regard to the y-component), and the reversed 
pattern in the number condition. Depending on the model output, we categorized 
participants into two groups: For a „Dream-Team“ we selected those participants who 
took, in both conditions, the relevant dimension (much) more strongly into account 
than the irrelevant dimension (see the shaded grey areas in Figure 1.5, post-hoc de-
�ned as cos2(αmax) ≥ .8). Based on this selection criterion, we classi�ed 20 participants 
as Dream-Team members and the remaining 24 participants as non-Dream-Team 
members. 

Diªerences in time- and number-weights between Dream-Team and non-
Dream-Team membership are more pronounced in the time- than in the 
number task. Bayesian two-sample t-tests showed that diªerences are subs-
tantial if based on the time task (ωtime: BF01 = 0.01 ± 0%, ωnumber: BF01 = .01 ± 
0%), but inconclusive if based on the number task (ωtime: BF01 = 2.00 ± 0.02%,  
ωnumber: BF01 = 2.35 ± 0.02%). In the post-hoc behavioral and EEG analysis we analy-
zed data of the Dream-Team and non-Dream-Team groups separately.

Behavioral Congruency Effects
Congruency eªects are often tested by comparing the Point of Subjective Equa-

lity, which can be calculated from individually �tted psychometric curves, across dif-
ferent conditions (e.g., Lambrechts, Walsh, & Van Wassenhove, 2013). However, �t-
ting individual psychometric curves for congruent and incongruent trials separately 
is problematic because not all data points are available for every participant due to 
the stimulus sampling procedure employed in this study. Instead, we submitted the 
responses (“longer” = 1, “shorter” = 0) to a logistic generalized linear mixed-eªect 
model in R. We entered a factor dimension (0.5 when participants were asked to pay 
attention to time, − 0.5 when attention was directed to number) and a factor encoding 
the position of standard ( coded as -0.5 if the standard appeared as S1, and as 0.5 if the 
standard appeared as S2) as �xed eªects. In addition, we added the magnitude of the 
cued dimension (scaled from -3, corresponding to T1/N1, to 3, corresponding to T6/

(1.1)
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N6), and the magnitude of the uncued dimension (same coding as for the cued mag-
nitude) as �xed eªects. Apart from testing the main eªects of all entered factors, for 
both cued and uncued magnitude, we added the two-way interaction with dimension. 
Including this interaction allows for assessing the diªerential in�uence of each of the 
two diªerent dimensions on the eªect of the cued/uncued dimension on the recorded 
response. Participant was entered as random intercept. As previously described, we 
report outcomes of more complex random-eªects models if possible and if the more 
complex model is favored over the simple random eªects model. For all �xed factors 
in the LMM we used Bayesian analyses to quantify the evidence in favor of the null 
hypothesis based on BIC, as described previously. 

Post-hoc Results

Behavioral Data 
Behavioral performance (Figure 1.6B and 1.6C, left column) shows that the We-

ber Ratio as a measure of response accuracy (Dream-Team: Mtime = 0.11, 95% CI 
[0.09, 0.14]; Mnumber = 0.17, 95% CI [0.14, 0.20]; non-Dream-Team: Mtime = 0.16, 
95% CI [0.12, 0.19]; Mnumber = 0.17, 95% CI [0.14, 0.21]), did vary between tasks for 
Dream-Team participants, but not for non-Dream-Team participants (Dream-Team: 
BF01 = 0.34 ± 0%; non-Dream-Team: BF01 = 3.49 ± 0.04%). 

Table 1.2 presents the results of LLM analyses on all participants combined (row 
1, “all”), and for both Dream-Team (row 2, “DT”) and non-Dream-Team (Row 3, 
“nDT”). �e LLM of all participants estimated the likelihood of a “more” response 
as a function of the entered predictors. �e �rst column indicates that for all (subsets 
of ) participants dimension did not in�uence the proportion of longer-responses. �e 
position of the standard stimulus (column 2) in�uences the responses for all (subsets 

Figure 1.5: MLE output for the two task conditions time and number. Each dot represents 
the estimated weights of one participant. Shaded gray area marks the selection criterion for Dre-
am-Team membership, de�ned as cos2(αmax) ≥ .8. For a participant to be grouped in the Dre-
am-Team, their dot needs to fall into the grey area in both conditions.
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of ) participants, with the standard presented as the �rst stimulus increasing the like-
lihood of a longer response (i.e., for all participants, -.5 * -.46 = .23; cf. Bausenhart, 
Dyjas, & Ulrich 2015; Dyjas, Bausenhart, & Ulrich 2012, 2014). �e magnitude of 
the cued dimension also in�uences the likelihood of a “more” response in all (subsets 
of ) participants, demonstrating that participants indeed took into account the pre-
sented, cued magnitude. �e last column also describes an eªect that is similar for all 
(subsets of ) participants, as for all participants the eªect of the uncued dimension is 
conditional on which dimension was cued. If the cued dimension was time (coded as 
.5), the magnitude of the number dimension strengthens the eªect of the cued dimen-
sion when congruent, demonstrating a strong congruency eªect. However, when the 
dimension is number (coded as -.5), any main eªects of congruency are diminished. 

Figure 1.6 (next page): Overall (A) Dream-Team (B) and non-Dream-Team (C) behavioral 
performance. Parameters of psychometric �ts depicting overall performance in the time and 
number task were averaged over participants. In none of the groups statistically signi�cant diªe-
rences were found when comparing response accuracy (measured by the Weber Ratio, WR). Psy-
chometric curves and behavioral data depict congruency eªects for time and number separately. In 
a congruent trial, the magnitudes of the non-standard stimulus varied in the same direction (e.g., 
shorter duration and fewer dots than the standard stimulus), in an incongruent trial magnitudes 
varied in opposite directions, respectively (e.g., shorter duration and more dots than the stan-
dard). Psychometric curves depicting congruency eªects for time and number were �tted using 
the pooled data of all participants within each group. Errors and error bars depict 95% con�dence 
intervals. 

Table 1.2: Summary of LMM-analyses Results of �tting LMMs to predict behavioral responses 
for all participants, as well as for participants in the Dream-Team (DT) and non-Dream-Team 
(nDT) separately. Models included the predictors dimension (coded as -0.5 for number and 0.5 
for time), position of standard (coded as -0.5 for S1 and 0.5 for S2), magnitude of the non-stan-
dard stimulus in the cued dimension (scaled from -3, corresponding to T1/N1, to 3, corresponding 
to T6/N6), magnitude of the non-standard stimulus in the uncued dimension (same coding as for 
magnitude cued dimension) as well as two-way interactions of magnitude cued/uncued dimension 
and dimension. None of the full random eªects model did converge, thus we report results of the 
simple random eªects model.

 dimension position of standard magnitude cued  
dimension

Beta 
(SE) z BF01

Beta 
(SE) z BF01

Beta 
(SE) z BF01

 all -0.05
(0.04) -1.38 46.04  -0.46

(0.04)
-12.25

*** <0.01 4.19
(0.11)

39.04
*** <0.01

DT 0.01
(0.06) 0.14 79.27 -0.57

(0.06)
-9.99

*** <0.01 4.95
(0.17)

29.52
*** <0.01

nDT -0.10
(0.05)

-2.03
* 11.04 -0.38

(0.05)
-7.62

*** <0.01 3.63
(0.14)

25.82
*** <0.01
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magnitude uncued 
dimension

dimension*magnitude 
cued dimension

dimension*magnitude 
uncued dimension

Beta 
(SE) z BF01

Beta 
(SE) z BF01

Beta 
(SE) z BF01

0.40
(0.09)

4.36
*** <0.01 -0.77

(0.21)
-3.61

*** 0.18 2.66
(0.18)

14.42
*** <0.01 all

-0.11
(0.14) -0.82 57.12 0.29

(0.33) 0.86 55.17 2.12
(0.28)

7.69
*** <0.01 DT

0.81
(0.13)

6.47
*** <0.01 -1.52

(0.28)
-5.40

*** <0.01 3.07
(0.25)

12.24
*** <0.01 nDT

*p < .05, **p < .01, ***p < .001
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�is can be observed in Figure 1.6, rightmost column, as congruency does not have a 
strong impact on “proportion more” in either set of participants. �e middle column 
of Figure 1.6 suggests stronger congruency eªects for the non-Dream-Team than for 
the Dream-Team. �is is re�ected in Table 1.2, column 4 and 5, as the magnitude 
of the uncued dimension has a strong eªect in the non-Dream-Team, and no eªect 
(BF01=57.12) for the Dream-Team (column 4). �e interaction between dimension 
and magnitude cued dimens ion strengthens this interpretation, as if the cued di-
mension is time, the Dream-Team take the magnitude of the cued dimension even 
more into account (as the estimated beta is positive). On the other hand, the non-
Dream-Team incorporates the time magnitude to a lesser extent, as their responses in 
the time-cued trials is driven to a larger degree by the numerosity dimension. �us, 
Dream-Team members were more successful in ignoring the irrelevant information of 
the uncued dimension and based their responses mainly on task-relevant information, 
as was the intention of the task. 

Time Domain EEG Signals 
CNV time courses depicted in Figure 1.7A show a trend towards an overall more 

negative CNV development in the Dream-Team compared to the non-Dream-Team. 
�is trend is also visible in Figure 1.7B, which shows CNV amplitude averaged over 
the last 0.6 s of stimulus presentation. Results of the model analysis conducted sepa-
rately for Dream-Team and non-Dream-Team members are summarized in Table 1.3. 
�e previously found signi�cant in�uence of the factor dimension is also re�ected in 
the analysis of both subsets of participants. However, the eªect of the position of the 
standard stimulus was mainly driven by Dream-Team participants.

Time-Frequency EEG Responses
A summary of the time-frequency responses in the Dream- and non-Dream-

Team can be seen in Figure 1.8. Detailed results of the model analysis can be found 
in Table 1. 3. �e pattern of signi�cant eªects in the Dream-Team and non-Dream-
Team subgroups is very similar to the one found in the previous analysis including 
all participants. Speci�cally, we again �nd that alpha and beta power decreases if the 
standard stimulus was presented as S2. Notably, when taking Bayes Factors into ac-
count, the eªects found in the alpha-band seem to be less substantial in the Dre-
am-Team compared to the non-Dream-Team. 

Frequentist analyses suggest an eªect for Dream-Team participants of dimension 
and position of standard in the theta-band, however, Bayes Factors favor the null (i.e., 
there not being diªerences between dimensions and position of standard).



Time & Numerosity (Part I) 31

Figure 1.7: Time domain signals for Dream-Team (solid lines) and non-Dream-Team (das-
hed lines) members. A, time courses of neural responses while processing the standard stimulus, 
averaged over central electrodes (FCz, C1, Cz, C2) and plotted separately for both dimensions, 
positions of standard, and Dream-Team membership. Grey area marks the duration of stimulus 
presentation, while the dark grey area marks the time window over which amplitude was averaged 
(panel B) and used for statistical analysis. B, amplitude averaged over the last 0.6 s of stimulus 
presentation (1.2-1.8 s). Data depicted in panel B was used for post-hoc model analysis of CNV 
amplitude. Error bars depict 95% con�dence intervals.

Table 1.3 (see also next pages): Summary of LMM-analyses Results of �tting LMMs to predict 
CNV-amplitude and power in diªerent frequency bands in the Dream-Team (DT) and non-Dre-
am-Team (nDT). Models included the predictors dimension (coded as -0.5 for number and 0.5 
for time), position of standard (coded as -0.5 for S1 and 0.5 for S2), and their interaction.

 dimension position of standard dimension*position
Beta 
(SE) t BF01

Beta 
(SE) t BF01

Beta 
(SE) t BF01

time domain (amplitude)

CNV -0.65†
(0.28)

-2.32
* 1 -1.91†

(0.49)
-3.88

*** 0.18 0.64  
(0.39) -1.63 30.05

DT -0.95†
(0.30)

-3.20
** 1 -2.45†

(0.55)
-4.42

*** 0.08 -0.51
(0.59) -0.87 52.19

nDT -0.97
(0.26)

-3.73
*** 0.08 -1.46†

(0.76) -1.91 15.19 -0.74
(0.52) -1.41 30.73

†factor added as random slope, *p < .05, **p < .01, ***p < .001
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Figure 1.8 (next page): Time-frequency domain signals comparing Dream-Team (A) and non-
Dream-Team members (B). Data was averaged over central electrodes (FCz, C1, Cz, and C2) 
and plotted separately for both dimensions (�rst two rows) and positions of standard (�rst two 
columns) in A and B. Data is not baseline corrected. Dashed lines mark stimulus on- and oªset. 
�e third column shows power diªerence between standard position S1 and S2. Likewise, the 
third row shows power diªerences between time and number dimension.

 dimension position of standard dimension*position
Beta 
(SE) t BF01

Beta 
(SE) t BF01

Beta 
(SE) t BF01

time-frequency domain (power) 

delta 0.03
(0.07) 0.49 99.95  0.18†

(0.09) 2.01 16.36 -0.29
(0.13)

-2.17
* 10.77

DT 0.01
(0.10) 0.14 75.21 0.09

(0.10) 0.93 49.34 -0.26
(0.20) -1.31 32.15

nDT 0.05
(0.09) 0.52 72.65 0.24†

(0.13) 1.90 15.71 -0.31
(0.18) -1.73 18.53

theta 0.08
(0.07) 1.03 66.02 0.10

(0.07) 1.40 42.21 -0.30
(0.15)

-2.01
* 14.84

DT 0.25†
(0.10)

2.51
* 3.55 0.10

(0.07)
2.40

* 4.82 -0.23
(0.19) -1.17 38.47

nDT -0.07
(0.11) -0.62 68.87 0.25†

(0.11) -0.16 82.20 -0.36
(0.22) -1.67 20.62

alpha -0.04
0.07 -0.52 98.28 -0.47†

(0.10)
-4.49

*** 0.03 0.14
(0.15) 0.97 70.17

DT 0.11
(0.09) 1.23 35.62 -0.29†

(0.09)
-3.17

** 1.10 0.10
(0.18) 0.56 64.86

nDT -0.16
(0.11) -1.43 29.80 -0.62†

(0.17)
-3.58

** 0.46 0.18
(0.23) 0.79 61.12

beta -0.02
(0.04) -0.48 100.31  -0.39†

(0.06)
-6.40

*** <0.01 -0.03
(0.06) -0.46 101.16

DT -0.05
(0.05) -1.10 41.68 -0.36†

(0.06)
-5.79

*** <0.01 -0.07
(0.09) -0.76  56.71

nDT -0.01
(0.03) 0.21 81.47 -0.42†

(0.10)
-4.23

*** 0.10 0.01
(0.07) 0.14 82.39

†factor added as random slope, *p < .05, **p < .01, ***p < .001
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Discussion

In the present study, an interval-timing task was compared to a dynamic numero-
sity-estimation task in search for EEG signatures that are unique to the processing of 
temporal information. Time-domain EEG results showed a CNV pattern in both the 
time- and numerosity-task that was signi�cantly more negatively de�ected in the time 
condition. However, as discussed below, a cautious interpretation of this phenomenon 
is required. No substantial diªerences between the processing of temporal and nume-
rical information were found when looking at time-frequency domain signals. Even 
when selecting a subset of participants who more accurately followed instructions 
(i.e., those who mainly used temporal information in the timing task and numerical 
information in the number task), the pattern of results did not change. 

Figure 2 and the left-most column of Figure 6 show the behavioural performance 
for both numerosity and time-tasks. �e diªerence in Weber Ratio between nume-
rosity and time observed in the overall sample, with numerosity being more di®cult 
than time, is driven by the Dream-Team sample, as no diªerence is observed when the 
performance of the non-Dream-Team participants is analysed. �is corroborates the 
�nding that non-Dream-Team participants take numerosity into account in timing 
trials, even though this negatively aªects their performance. We did not expect to ob-
serve this diªerence, as the parameters of the experimental design were based on pilot 
studies in which performance was non-distinguishable between conditions.

Individual Differences in Magnitude of Interference Effects 
Can Inform EEG Analysis

In neuroimaging studies, when looking for a comparison task for a timing task 
the choice most often comes down to testing another dimension of the same stimulus 
used in the timing task (e.g., distance/time a dot travelled: Coull et al., 2015; prevalent 
colour hue/duration of stimuli: Bueti & Macaluso, 2011; Coull et al., 2004), because 
the two tasks are thought to be as similar as possible in terms of cognitive processes 
and demands. However, these tasks are used in behavioural experiments to study mag-
nitude interference eªects, that is, how a task irrelevant stimulus dimension in�uences 
the perceived magnitude of the task relevant dimension (Walsh, 2003, 2014). Studies 
have typically yielded asymmetrical patterns of interference eªects, with time estima-
tion being aªected by the magnitude of other dimensions, while time itself does not 
aªect the perceived magnitude of other dimensions at all, or to the same extent (e.g., 
spatial magnitude/time: Cai & Connell, 2016; Casasanto & Boroditsky, 2008; Xuan 
et al., 2007; numerical magnitude/time: Cai & Wang, 2014; Oliveri et al., 2008). If all 
stimulus dimensions are presented in an accumulative manner similar to time, time 
has been reported to be resilient to spatial and numerical interference (Lambrechts, 
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Walsh, & van Wassenhove, 2013), a �nding not supported by our results: In the cur-
rent study, we found sizeable interference eªects, and large individual diªerences in 
the magnitude of these interference eªects, revealed by a MLE procedure estimating 
to which extent temporal and numerical evidence was taken into account. Although in 
general our data suggested that judgements on time were more likely to be aªected by 
numerosity than the other way around, we identi�ed a subset of participants based on 
the MLE estimates who showed little or no interference eªects in either dimension 
(i.e., those participants seem to have selectively and rather exclusively used temporal 
information to make judgements on time and numerical information to make judge-
ments on numerosity). �e large inter-subject variability in interference eªects could 
potentially also explain ambiguous �ndings about directionality of these eªects (e.g., 
as reported in Lambrechts, Walsh, & van Wassenhove, 2013), in that they could, to a 
certain extent, be caused by participant sampling. Further, the direction of interference 
may depend on which and how many other dimensions are tested (e.g., integrating in-
formation of three dimensions as in Lambrechts, Walsh and van Wassenhove (2013) 
work might diªer from integrating only two dimensions as in the current study), 
the exact paradigm (e.g., comparison, equality judgements or reproduction tasks, as is 
discussed in Matthews & Meck, 2016) and the nature of the task (e.g., whether the 
magnitude of the other dimension needs to be accumulated or not). More extensive 
research on the eªect of task design on interference eªects could potentially resolve 
these ambiguous �ndings.

Another insight gained from the MLE results is that, contrary to what was inten-
ded in this task, many participants did use task irrelevant information of the uncued 
dimension when making a judgement on the cued dimension. �is also means that 
in these tasks not only time but also numerosity is processed in the brain, which un-
dermines the signal subtraction method employed in many fMRI studies and in the 
current EEG study. �e subtraction method relies on the idea that the experimental 
and the control condition diªer in the cognitive component of interest, while other 
cognitive processes remain equal (see, also for critique, Friston et al., 1996). �e MLE 
procedure adopted in the current study presents one way to quantify behavioural in-
terference eªects on a single subject basis and inform subsequent EEG analysis. By 
selecting the Dream-Team participants based on the MLE estimates we aimed to 
ensure to compare EEG signals during the processing of temporal information with 
signals recorded during the processing of numerical information.

�e MLE estimates re�ect the degree to which interference eªects occurred on a 
single subject basis. However, care needs to be taken when interpreting these estima-
tes, as the underlying mechanisms could, for example, re�ect attentional or decision 
making processes. Yet, we would argue in favour of the �rst interpretation: Although 
the task irrelevant dimension could in principal cause interference at a relatively late 
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decision making stage (Matthews & Meck, 2016), recent research suggests that inter-
ference eªects not only occur in comparison tasks where a decision is clearly needed, 
but also in temporal reproduction tasks which do not require to make a direct decision 
on stimulus properties (Chang, Tzeng, Hung, & Wu, 2011; Rammsayer & Verner, 
2014). 

Role of the CNV in Timing
CNV patterns commonly observed in timing tasks were apparent in both the time 

task and the number task, but they were more pronounced in the time task. �e latter 
result provides some support for the notion that CNV is intimately related to the ac-
cumulation of temporal information (Bendixen et al., 2005; Durstewitz, 2004; Macar 
& Vidal, 2004; Macar et al., 1999; Pfeuty et al., 2005). Problematic for this notion, 
however, is the fact that the CNV diªerences between the two tasks were very similar 
for Dream-Team and non-Dream-Team participants. �is is because as Dream-Team 
participants were found to rely more strongly and exclusively on temporal information 
in the time task, a relatively more pronounced CNV development should have been 
expected for these participants in the time task, resulting in a larger CNV diªerence 
between tasks, if CNV speci�cally re�ects active accumulation of temporal evidence. 
Instead, rather than speci�cally tracking the accumulation of time (Kononowicz & 
Penney, 2016; Ng & Penney, 2014; van Rijn et al., 2011), these �ndings provide addi-
tional support to the notion that CNV re�ects a time-critical but more general decisi-
on processes which might be best characterized as an accumulation process over time. 
�is is plausible also in light of the nature of the task: by presenting the numerosity 
dimension dynamically, there is a clear temporal component not only in the time-, but 
also in the number-judgement task. Because the temporal component is task-critical 
in the time, but not in the number task, this could explain our �nding of a more pro-
nounced CNV in the time task. In fact, within the time perception literature, no other 
study has tested the CNV by using a comparison task, although it is known that CNV 
patterns might also play an important role in non-timing evidence accumulation tasks 
(e.g., Boehm et al., 2014). 

An interesting diªerence between the current study and other timing-CNV stu-
dies is that the stimuli marking an interval usually have distinct on- and oªsets (a circ-
le changing its colour). Here, interval on- and oªsets were fuzzier and less distinctly 
marked by the appearance and disappearance of only a few dots. �is diªerence could 
explain why we did not see a clear CNV de�ection at stimulus oªset.

In the analysis as reported here, Dream-Team-ness was treated as a discrete grou-
ping factor. However, when it was included in model analysis as a continuous measure 
per participant (see also Figure 5), no qualitatively diªerent results were observed (this 
additional analysis is available online at osf.io/usjh4).
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Role of Neural Oscillations in Timing
While most of these studies have been largely exploratory, that is, they assessed 

whether there are any bands correlating with subjective temporal performance, other 
work has explored how oscillatory patterns could be related to timing at a theoretical 
level. For example, in a recent extension of the striatal beat frequency model (Buhu-
si & Meck, 2005; Matell & Meck, 2000, 2004), the integrative model for interval 
timing and working memory (Gu, van Rijn, & Meck, 2015), proposes that working 
memory and interval timing originate from the same underlying oscillatory processes. 
�e model predicts that working memory is encoded in phase-amplitude coupled 
gamma-theta oscillations, while duration information is encoded in coupled theta-de-
lta oscillations. However, there is no empirical evidence to support these predictions, 
including the current study. 

Recent EEG studies have reported evidence suggesting that beta oscillations may 
play an important role in timing, in that power of beta oscillations predicts behavioral 
performance (i.e., whether an interval was over- or underestimated in an interval pro-
duction tasks, Kononowicz & van Rijn, 2015) . �is �nding has been replicated using 
MEG, with the addition that beta power is greater in a temporal-judgement task as 
compared to a color-judgement task (Kulashekhar et al., 2016). In the current study, 
we did not �nd any diªerences between conditions in the beta-band. In fact, no fre-
quency band tested here showed any substantial diªerences between the processing of 
temporal and numerical information, also when looking at Dream-Team participants 
exclusively. 

�e only convincing diªerence we found when also taking Bayes Factors in to 
account was a decrease in alpha and beta-power if the standard stimulus was presented 
as S2. �is eªect was very similar in Dream-Team and non-Dream-Team participants.  
�ese �ndings can be interpreted as being related to preparation processes. Alpha 
desynchronization has been connected to attentional processes (Klimesch, Sauseng, 
& Hanslmayr, 2007), so that lower alpha-power during the presentation of S2 could 
mean that participants were more attentive because they also had to make a decision 
during that time. Beta desynchronization can be interpreted as an eªect of motor- or 
response-preparation (Engel & Fries, 2010; Zhang, Chen, Bressler, & Ding, 2008), 
given that S2 was closer to the required response in time and that in these trials, a 
decision could potentially be made immediately after the presentation of S1.
   
Conclusion

We found that dependent on the dimension, CNV patterns are negatively de-
�ecting, with a more negative CNV if the task-critical dimension was time. However, 
a CNV pattern is also visible if the task-critical dimension was number. �ere are at 
least two possible conclusions for the CNV also to occur in the number-task: 1) the 
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CNV re�ects a timing process and because of the nature of the task we also have 
a temporal component in the number-task, or 2) the CNV re�ects a time-critical 
process, but not the processing of temporal information per se. In our view, the spe-
ci�c pattern of results observed in this study provides stronger support for the latter 
view. Further, we found no diªerences in EEG time-frequency signatures between 
the processing of temporal and dynamic numerical information, that is, the compo-
nents and time window we examined are neither speci�c to the processing of time, 
nor to the processing of numerosity. �ere are at least three possible explanations: 1) 
An existing diªerence between the processing of temporal and numerical informati-
on in EEG data was not uncovered by our analyses (e.g., because on not addressing 
phase-amplitude coupling dynamics, see Gu, van Rijn, & Meck, 2015). 2) �ere is no 
signi�cant diªerence in our EEG data because the relevant diªerences are either too 
subtle to be captured by mass-action techniques such as EEG, or, these magnitudes 
may be processed in other, non-cortical structures whose electric activity cannot easily 
be captured with EEG (e.g., time has been proposed to be encoded in cortico-basal 
ganglia-thalamic circuits, for a review see Buhusi and Meck, 2005 or Gu, van Rijn 
and Meck, 2015). Or 3) there is only one mechanism or system for the processing of 
magnitudes in general (as proposed in ATOM: A General �eory Of Magnitude, see 
Walsh, 2003, 2014). 

An important issue that the current study addresses is that the outcome or �n-
dings of neuroimaging studies using these kinds of magnitude tasks could be mislea-
ding if it is not carefully assessed what participants actually did. �e MLE procedure 
applied here proposes one way to capture individual diªerences in magnitude interfe-
rence eªects, and its outcome can inform analyses of neuroimaging data to link brain 
responses to actual behavior. 
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Abstract

Magnitudes or quantities of the diªerent dimensions that de�ne a stimulus (e.g., 
space, speed or numerosity) in�uence the perceived duration of that stimulus, a phe-
nomenon known as (temporal) interference eªects. �is complicates studying the 
neurobiological foundation of the perception of time, as any signatures of temporal 
processing are tainted by interfering dimensions. In earlier work, in which judgements 
on either time or numerosity were made while EEG was recorded, we used Maxi-
mum Likelihood Estimation (MLE) to estimate, for each participant separately, the 
in�uence of temporal and numerical information on making duration or numerosity 
judgements. We found large individual diªerences in the estimated magnitudes, but 
ML-estimates allowed us to partial out interference eªects. However, for such ana-
lyses, it is essential that estimates are meaningful and stable. �erefore, in the current 
study, we examined the reliability of the MLE procedure by comparing the interfe-
rence magnitudes estimated in two sessions, spread a week apart. In addition to the 
standard paradigm, we also presented task variants in which the interfering dimension 
was manipulated, to assess which aspects of the numerosity dimension exert the lar-
gest in�uence on temporal processing. �e results indicate that individual interference 
magnitudes are stable, both between sessions and over tasks. Further, the ML-estima-
tes of the time-numerosity judgement tasks were predictive of performance in a stan-
dard temporal judgement task. �us, how much temporal information participants 
use in time estimations tasks seems to be a stable trait that can be captured with the 
MLE procedure. ML-estimates are, however, not predictive of performance in other 
interference-tasks, here operationalized by a numerical Stroop task. Taken together, 
the MLE procedure is a reliable tool to quantify individual diªerences in magnitude 
interference eªects and can therefore reliably inform the analysis of neuroimaging 
data when contrasts are needed between the accumulation of a temporal and an in-
terfering dimension.
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Introduction

Our subjective experience of the duration of an event is in�uenced by concurrent 
magnitude information of the very same event or stimulus. Examples of these tem-
poral magnitude interference eªects on time are the eªect of space (Cai & Connell, 
2016; Cai, Wang, Shen, & Speekenbrink, 2018; Casasanto & Boroditsky, 2008; Xuan 
et al., 2007), numerosity (Dormal et al., 2006; Hayashi, Kanai, et al., 2013; Hayashi, 
Valli, & Carlson, 2013; Xuan et al., 2007), or numerical magnitudes (Cai & Wang, 
2014; Chang et al., 2011; Oliveri et al., 2008; Xuan et al., 2007), Usually ‘more’ in 
the non-time dimension leads to an increased likelihood of ‘longer’ judgements in 
the time dimension. While such interference eªects on duration judgements may be 
instrumental to understanding the links between temporal cognition and other psy-
chological processes (Matthews & Meck, 2016), they represent a signi�cant problem 
or nuisance in research that seeks to elucidate the neural underpinnings of duration 
estimation. �at is, in these tasks participants are often asked to either estimate the 
duration of a stimulus and ignore the other magnitude, or, vice versa, to estimate the 
other magnitude and ignore the duration. By means of comparing the diªerences in 
neural signatures of both estimations, researchers aim to identify which neural sig-
nals are speci�c to timing. �us, these interference eªects work against the primary 
goal and rationale of the methods employed in such research: to isolate the neural 
systems and mechanisms involved in duration estimation by using suitable tasks and 
appropriate control conditions. 

Several considerations or desiderata pertain to a proper design of a neuroimaging 
study of duration estimation. First, the process at issue can be conceptualized as 
one in which information about a quantity (here time) accumulates from stimulus 
onset to oªset, with the accumulated total corresponding to the duration judgment. 
While accumulation of information over time is inherent to temporal judgements, it 
is not for other stimulus dimensions. To establish speci�city with respect to temporal 
magnitude, a matching task is required in which participants estimate and report 
the accumulated total with regard to another stimulus dimension, such as dominant 
color (e.g., Bueti & Macaluso, 2011; Coull et al., 2004) or the total distance a dot 
travelled (e.g., Coull, Charras, Donadieu, Droit-Volet & Vidal, 2015). To ensure si-
milarity to the timing task and sustained attention to the stimulus, the non-temporal 
dimension should also be presented dynamically over time, so that information has 
to be accumulated from stimulus onset to oªset. Second, to equate the two tasks in 
terms of sensory input, stimuli in both tasks should contain both the temporal and 
the non-temporal dimension, thus conveying both relevant and irrelevant magnitu-
de information in both tasks or conditions. A clear contrast between the two tasks 
would be obtained only if participants were able to selectively attend and process only 
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the relevant stimulus dimension. However, as the behaviorally well-established ma-
gnitude interference eªects demonstrate, participants tend to process both relevant 
and irrelevant magnitude information in both conditions, rendering a comparison 
between the two tasks inferentially problematic and less informative. 

In this paper, we describe and test the reliability of a Maximum Likelihood Esti-
mation (MLE) procedure that can potentially disentangle the processing of temporal 
and other magnitudes at the level of individual participants. Its results suggest that 
there are strong and seemingly stable individual diªerences in the size of temporal 
magnitude interference eªects, with a sizable subset of participants apparently being 
quite capable of selectively attending to relevant magnitude information only. We 
will discuss how such results can signi�cantly inform and strengthen analyses in 
neuroimaging studies of duration estimation.

In a recent EEG, study we investigated neural signatures of duration estimation 
compared to numerosity estimation (Schlichting, de Jong, & Van Rijn, 2018). On 
each trial, participants saw two consecutive stimuli consisting of a series of blue dots 
dynamically appearing and disappearing on a black screen, together forming a cloud 
of dots. Each stimulus was characterized by its duration and the total number of dots 
it contained (see  2.1A for a schematic depiction). Because of its visual appearance, 
we refer to this task as the Dynamic Raindrops task. Participants were asked to 
judge whether the second stimulus appeared for a shorter or longer duration (time 
condition) or consisted of fewer or more dots (numerosity condition). Replicating 
previous �ndings (see Matthews & Meck (2016) for a review), the behavioral data 
indicated that judgements on time were signi�cantly aªected by numerosity, whereas 
numerosity judgements were relatively resilient to interference eªects. Upon closer 
inspection, we found large individual diªerences in the extent to which participants 
showed interference eªects, that is, how strongly irrelevant magnitude information 
aªected their decisions. In order to quantify individual strength of interference ef-
fects we used a MLE procedure to estimate, per participant and condition (i.e., time 
and numerosity), how much each dimension was taken into account when making a 
decision. �e output of the procedure are two parameters or weights, ωtime and ωnumber, 
which represent the weights by which time and number information contribute to 
the overall evidence in favor of one or the other response alternative. For example, a 
good ‘timing’ participant (i.e., a participant who shows little or no interfering eªect 
of numerosity on time) would have a high ωtime and a low ωnumber in the time condition. 
Based on the estimated weights, we categorized participants into a group showing 
only little or no interference eªects and a group showing stronger interference ef-
fects to guide analysis of the EEG data, with the idea that it is in particular the 
data of the �rst group, whose members were apparently quite capable of following 
instructions to selective attend only the relevant magnitude dimension, that would 



Time & Numerosity (Part II) 45

< or >

B) Static
Raindrops task

< or >

+

+

+

+

+

TIME

C) Temporal
comparison task

+

G GG
G

+

2 22

+

D) Numerical
Stroop task

A) Dynamic 
Raindrops task

< or >

+

++

++

+

+

++

++

+

+

TIME

S1
 (1

23
0-

26
40

 m
s)

S2
 (1

23
0-

26
40

 m
s)

Figure 2.1: Schematic depiction of task design. A, B, In a comparison task participants had to 
judge whether the second stimulus was longer or shorter (time dimension) or consisted of fewer 
or more dots (number dimension) than the �rst stimulus. Participants were cued before blocks of 
eight trials which dimension would be the target dimension for the next trials. Stimuli consisted 
of clouds of small blue dots which appeared and disappeared dynamically on the screen (Dynamic 
Raindrops, panel A) or stayed on screen for the whole interval (Static Raindrops, panel B). Either 
the �rst or second stimulus was always the standard stimulus, lasting for 1800 ms and consisting 
of 30 dots in total, while the other stimulus could take on one of six comparison magnitudes in 
both dimensions. C, Here, participants only had to make a judgement based on time. Intervals 
were marked by a grey circle changing color to blue and back to grey. �e same durations as in 
the Raindrops tasks were used in the temporal comparison task. D, In the numerical Stroop task 
participants had to report how many items were on the screen. �ree conditions were employed: 1) 
congruent (digit magnitude corresponded to number of items), 2) incongruent (digit magnitude 
did not correspond to number of items), and 3) control (letters). All tasks were self-paced, that is, 
the next trial only started after a response was given.
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be more likely to reveal dimension-speci�c neural diªerences. In fact, inclusion of 
the second group, as in more traditional analyses across all participants, might dilute 
and potentially even obscure such diªerences. Note that the weights are estimates of 
the true underlying weights, that is, they are subject to noise because of, for example, 
limitations in experimental design (e.g., number of trials).

�us, for a performance-based procedure as described above to yield meaningful 
and reliable results, the ML-estimated weights should provide reasonably accurate 
and reliable estimates of the true underlying weights for each individual participant. 
�is can, for example, be attained by including a su®cient number of trials (Miller & 
Ulrich, 2013). More interestingly, the procedure would be most generally useful and 
powerful if true underlying weights, and their empirical estimates, are stable over 
time. From a conceptual perspective, individual diªerences in the size of temporal 
magnitude interference eªects would seem most interesting if these represented a 
relatively stable trait. From a practical perspective, such stability is necessary when 
aggregating data over multiple sessions or when selecting participants for subsequent 
neuroimaging studies based on the results of behavioral screening sessions. Such sta-
bility of test results over time is typically referred to as test-retest reliability. Recently, 
several authors have drawn attention to the fact that test-retest reliabilities of many 
popular and well-established cognitive tasks in psychology and neuroscience are sur-
prisingly low, given their common use. Hedge, Powell and Sumner (2017) describe 
the statistical issues associated with well-established tasks often having poor relia-
bilities as the reliability paradox: �e very reason that such tasks produce robust and 
easily replicable eªects – low between-individual variability – also tends to cause low 
reliabilities of these eªects, making their use as correlational tools problematic. �e-
se authors also suggested that these statistical issues, while having a long history in 
psychology, tend to be widely overlooked in cognitive psychology and neuroscience 
today (for related concerns, results, and possible remedies, see Green et al., 2016; 
Miller & Ulrich, 2013; Paap & Sawi, 2016). �us, the �rst aim of the present study 
was therefore to empirically establish the test-retest reliability of the ML-estimated 
weights for time and number information in the Dynamic Raindrop task, using two 
sessions separated by six to eight days.

�e second aim of the present study was to shed more light on the nature of 
the use of temporal and numerical information when making comparative tempo-
ral judgments in the Dynamic Raindrops task. As explained earlier, to allow for a 
properly matched task, evidence for the non-temporal magnitude should also accu-
mulate over time. However, this introduces an emergent and highly salient visual 
feature, the rate of appearance/disappearance of raindrops. Even though rate is not 
necessarily constant over the presentation of one stimulus due to the raindrops’ ran-
dom onsets, here we will focus on the average rate during stimulus duration. Given 
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the short life time of individual drops and their randomized onsets, this average 
rate is closely associated with the average number of raindrops visible during sti-
mulus duration. Note that the average rate for a stimulus also corresponds to the 
total number of raindrops divided by stimulus duration. �is means that interference 
eªects on temporal judgments might be based on numerosity, on average rate, or 
on a combination of these two potential factors. In the experiments reported here, 
stimulus numerosity and duration were quasi-randomly combined so as to keep the 
negative and positive correlation of average rate with duration and numerosity close 
to -.5 and .5 respectively (but at a cost of thereby introducing a .5 correlation between 
duration and numerosity; see Schlichting, de Jong & Van Rijn (2018) and Methods 
for details). Because of the simple mathematical relationship between duration, nu-
merosity and average rate the MLE procedure is not able to diªerentiate between 
these three factors and models exhibit mimicry behavior. However, strong reliance 
on rate information in the Dynamic task version will have marked eªects on the 
estimated weights for temporal and numerical information: For instance, suppose 
that in the Dynamic Raindrops task numerosity has an interfering eªect on temporal 
judgments (i.e., ‘more’ leads to an increased likelihood of ‘longer’ judgments); and 
suppose further that also average rate has an eªect on temporal judgments (as average 
rate will be strongly negatively correlated with duration across trials and positively 
correlated with numerosity, higher average rate can be expected to lead to a decreased 
likelihood of ‘longer’ judgments). As rate is positively correlated with numerosity, but 
these factors have opposite interfering eªects on temporal judgment, their combined 
eªects tend to cancel out and could mask interference eªects.

In the present study, we used two diªerent versions of a Static version of the 
Raindrops task (Figure 2.1B) to assess the possible usage of rate information in tem-
poral judgments in the Dynamic Raindrops version, based on the following rationa-
le: When rate information is taken away, as in the Static Raindrops task, this should 
give rise to marked changes in these estimated weights, resulting in relatively low 
correlations between Dynamic and Static tasks. �erefore, in the �rst session, we in-
cluded a Static version of the Raindrops task with the .5 correlation between nume-
rosity and duration left intact. In the second session, we included a Static version but 
now with the correlation between numerosity and duration removed – to the extent 
that this correlation aªected performance in the Dynamic Raindrops task, its remo-
val should be expected to yield even lower correlations. �e comparison of the two 
versions of the Static Raindrops task will shed additional light on whether the ar-
ti�cially introduced correlations between time and numerosity aªected participants 
markedly in the way they incorporate task-relevant and task-irrelevant information

Additionally, we were interested in the generalizability to other, non-magni-
tude tasks. For this purpose, we tested the relation between ωtime estimates in the 
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Raindrops tasks and level of performance in a timing task without any interfering 
dimension (Figure 2.1C). Further, we tested the relation between temporal magni-
tude interference eªects to other well-established interference eªects, here Stroop in-
terference in a numerical Stroop task (Figure 2.1D). We chose the numerical Stroop 
task because it produces relatively stable Stroop eªects compared to the colour-word 
Stroop task (Martínez-Loredo, Fernández-Hermida, Carballo, & Fernández-Arta-
mendi, 2017; Siegrist, 1997; Strauss, Allen, Jorgensen, & Cramer, 2005).

All results reported and discussed here are based on data from the time condi-
tion, which is the condition of main interest in the literature discussed earlier, and 
the focus of our earlier work. Moreover, we observe more pronounced interference 
eªects in this condition. However, all scripts to run the experiments and analyses, 
all data, as well as analyses and results based on the number condition can be found 
online at osf.io/b73u2.

Materials & Methods

Ethics Statement
�e research was conducted in accordance with the Declaration of Helsinki; the 

Ethical Committee Psychology of the University of Groningen approved the experi-
ments and procedures (identi�cation number 16218-S-NE). Participants gave written 
informed consent prior to testing. 

Participants
Fifty-six participants enrolled in the Bachelor program Psychology at the Uni-

versity of Groningen participated in the experiment in exchange for course credits. 
Due to technical problems, data of seven participants was not saved correctly, and 
thus discarded. A further eight participants were excluded from the analysis because 
of too varying or suboptimal performance suggesting non-compliance with instruc-
tions. Speci�cally, exclusion was based on four performance measures, derived from 
a logistic function �tted to each participants data using the Psigni�t toolbox version 
3.0 for Matlab (Fründ, Haenel & Wichmann, 2011): participants were excluded 1) if 
their Weber Ratio (computed as half the distance between values that support 25 and 
75% of "longer" ("more") responses normalized by the Point of Subjective Equality), 
averaged over all tasks, was larger than 0.5, 2) if the standard deviation of the Weber 
Ratios over all tasks was larger than 0.4 (hinting at a large variability in performance), 
3) if the diªerence between the highest and lowest Weber Ratio was larger than 1, 
and 4) if the proportion of correct responses in relatively easy trials was lower than in  
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relatively di®cult trials in more than one task . �e �nal sample comprised data of 41 
participants (25 female) aged between 18 and 26 years (M = 20.27 years).

Stimuli and Task
All stimuli and tasks were created using Matlab 7.13 (�e MathWorks) and the 

Psychophysics toolbox version 3.0.12 (Brainard, 1997) running under Windows 7 
(version 6.1) and displayed on a 1280 × 1024 CRT-monitor screen with a refresh rate 
of 100 Hz.

Dynamic Raindrops task. In a comparison task participants had to judge 
whether the second stimulus (S2) presented in a trial was shorter or longer (time 
dimension) or consisted of fewer or more dots (number dimension) than the �rst sti-
mulus (S1), whereby either S1 or S2 was always the standard stimulus (Fig 1). Par-
ticipants were cued in advance whether they had to make a judgement on time or on 
number. Clouds of blue dots served as stimuli (RGB: 0, 0, 255). Each cloud consis-
ted of single dots that appeared and disappeared dynamically on a black screen. �e 
duration of each stimulus was marked by the appearance of the �rst dot (onset) and 
disappearance of the last dot (oªset). �e number of dots was determined by the total 
number of dots presented. Each stimulus could vary simultaneously and independent-
ly in time and number. 

�e lifetime of each dot (i.e., the interval between appearance and disappearance 
of the dot) was sampled from a uniform distribution between 400 and 800 ms. Mul-
tiple dots could be visible at the same time, and it was ensured that at least one dot 
would be on screen during the interval. Dots had a radius of 2.5 px and appeared wi-
thin a virtual ring with an outer radius of 150 px and an inner radius of 50 px around 
the �xation cross. Positions of single dots within one trial were chosen randomly, 
with the constraint that dots could not overlap in space (i.e., they were separated by 
at least 10 px). �e standard stimulus was set to a duration of 1800 ms and to consist 
of 30 dots in both time and number trials. �e probe stimuli in both dimensions took 
six possible magnitude values de�ned as 1.1-4, 1.1-2, 1.1-1, 1.11, 1.12 and 1.14 times the 
standard magnitude (to ensure precise presentations timing, durations were rounded 
to the second and number of dots was rounded to the nearest integer), resulting in 
durations of 1230, 1490, 1630, 1980, 2180 and 2640 ms, and 20, 25, 27, 33, 36, and 44 
dots. Probe stimuli can be further categorized as congruent (i.e., both dimensions vary 
in the same direction, e.g., shorter and fewer dots) and incongruent (i.e., dimensions 
vary in diªerent directions, e.g., shorter and more dots).

A consequence of the dynamic nature of this experimental design is that both 
the task-irrelevant dimension (i.e., number in time-trials and time in number-trials) 
as well as the rate of drop appearance (i.e., how quickly drops appear and disappear) 
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can be predictive of the task-relevant dimension. For example, during the presentation 
of T1N6 the maximum number of dots would appear during the shortest duration 
so that the rate of dots appearing would be very fast. To limit predictiveness of the 
task-irrelevant dimension and the rate of dot appearance on the dimension to be 
judged, the task-irrelevant magnitude was chosen randomly from a weighted uniform 
distribution. Weights were 0.8 for the same magnitude as the task-relevant magni-
tude, and 0.75, 0.55, 0.25, 0.05 and 0 for magnitudes with increasing distance from 
the task-relevant magnitude (hence, the shortest duration will not be paired with the 
largest number of dots). Using these weights, we simulated 10,000 stimuli and found a 
correlation between time and numerosity of r = .51 (i.e., how well does one magnitude 
predict the other magnitude), and a correlation of r = .50 between time/numerosity (r 
= -.47 for time) and rate of drop appearance (i.e., how well does drop appearance rate 
predict the other magnitudes). �ese correlations show that with the selected weights 
we can ensure that the task-irrelevant dimension and rate of drop appearance are 
equally predictive of the task-relevant dimension. A major problem in trying to elimi-
nate one of the correlations (e.g., between time and numerosity) is that the other fac-
tor (following the example, rate) becomes highly predictive of the attended dimension. 
For example, randomly sampling the task-irrelevant magnitude without any weights 
results in a very low correlation of r < .01 between time and numerosity, but rate beco-
mes predictive of both time (r = -.66) and number (r = .70). �us, as described above, 
we determined the task-irrelevant magnitude using weighted random sampling to 
make both the task-irrelevant and rate of drop appearance equally predictive of the 
task-relevant magnitude. �e script running this simulation and additional ones using 
diªerent ways to combine task-relevant and task-irrelevant magnitudes can be found 
online at osf.io/b73u2. �e task design is identical to the task previously used in an 
EEG experiment (see Schlichting, de Jong & Van Rijn, 2018).

�e experiment was divided into two blocks, each block consisting of 80 trials. 
Within each block, time and number trials were alternating in sub-blocks of eight 
trials each. �e order of these sub-blocks was counterbalanced between participants. 
Before each sub-block, participants were cued whether they had to make a judgement 
on time or on number. In each block, in half of the time-trials the standard stimulus 
was presented as S1, in the other half it was presented as S2. �e probe stimulus in 
each of the two conditions (standard stimulus as S1 or S2) was longer than the stan-
dard duration in half of the trials, and shorter in the other half. Out of the 40 time 
trials in each block, the two most extreme probe durations (1230 and 2640 ms) were 
presented four times each, while all other probe durations were presented eight times 
each. �e same logic was true for number-trials.

Each trial started with the presentation of a grey �xation cross for a duration 
sampled from a uniform distribution between 800 and 1200 ms. �en, S1 and S2 
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were presented consecutively with an inter-stimulus-interval sampled from a uniform 
distribution between 1200 and 1600 ms. �e �xation cross remained on screen for 
another 800-1200 ms before the response screen appeared and stayed until a response 
was given. Participants were instructed to press ‘S’ on a conventional US-Qwerty key-
board if they perceived S2 as shorter or consisting of fewer dots than S1, and ‘L’ if they 
perceived S2 as longer or consisting of more dots than S1. A blank screen appeared for 
800-1200 ms before the next trial started (see Figure 2.1A for a visual depiction of an 
experimental trial). After half of the trials, participants could take a self-timed break. 
Participants received feedback on their performance (percentage correct trials) during 
the break and after completion.

Static Raindrops Task. �e static versions of the Raindrops task are essentially 
like the Dynamic Raindrops task. �e only and crucial diªerence was that the drops 
did not appear dynamically on the screen, but all dots appeared at stimulus onset and 
disappeared at stimulus oªset (see Figure 2.1B). We designed two versions of the 
Static Raindrops task, diªering in how the task-irrelevant dimension was sampled 
with respect to the task-relevant dimension. We used a correlated version, which used 
the same constraints as the Dynamic Raindrops task, and an uncorrelated version, in 
which the task-irrelevant dimension was sampled randomly without any constraints. 
�e latter resulted in a correlation between time and number magnitudes of r <.01, 
meaning that the task-irrelevant dimension is not at all predictive of the task-relevant 
dimension.

Temporal Comparison Task. In the temporal comparison task participants 
only had to make a judgement based on time. Again, the same durations and response 
formats as in the Raindrops tasks were used. Instead of showing multiple small dots, 
participants saw one bigger dot with a �xed size (radius = 25 px). �e �rst interval (S1) 
was marked by the dot changing its color from grey to blue (onset) and back to grey 
(oªset), the second interval (S2) was presented in the same way (see Figure 2.1C). 
After half of the trials, participants could take a self-timed break. As for the Raindrops 
tasks, participants received feedback on their performance (percentage correct trials) 
during the break and after completion. 

Numerical Stroop Task. �ree to six white colored digits (i.e., the same digit, 
ranging from 3 to 6) or letters (A, F, K or P) appeared within a circle (radius = 120 px) 
around the center of the black screen. Characters had a size of 15 × 24 px and had a 
minimum distance of 50 px to other characters. Participant’s task was to report how 
many items appeared on the screen by pressing the appropriate digit-key. Participants 
were instructed to place their left middle and index �nger on the keys ‘3’ and ‘4’, and 
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their right index and middle �nger on keys ‘5’ and ‘6’ at all times. �e numerical Stroop 
experiment had three conditions: 1) congruent (i.e., the digit magnitude corresponded 
to the number of items), 2) incongruent (i.e., the digit magnitude did not correspond 
to the number of items), and 3) control condition (letters instead of digits). In total, 
participants completed 304 trials: 108 incongruent trials (each digit appeared nine 
times in each number of items condition), 100 congruent trials (each digit appeared 
25 times in its number of items condition), and 96 control trials (each letter appeared 
6 times in each number of items condition). Trials of all conditions were presented in 
randomized order. �e next trial started after a response was given. �e inter-trial-in-
terval was sampled from a uniform distribution ranging from 600 to 1000 ms. After 
half of the trials, participants could take a break for as long as they liked. No feedback 
on performance was given to the participants.

Procedure
Participants were tested in two sessions separated by six to eight days. In session 

one, participants completed the Dynamical Raindrops task (Dynamic I), followed by 
the numerical Stroop task, and, at the end of session one, the correlated version of the 
Static Raindrops task (Static I). During session two, participants again started with 
the Dynamic Raindrops task (Dynamic II), followed by the temporal comparison 
task, and ended with the uncorrelated version of the Static Raindrops task (Static II). 
Each session took approximately 75 minutes.

Data Analysis
MLE Procedure. To quantify how strongly participants took numerical and 

temporal evidence into account when making a judgement on either dimension in 
the Raindrops tasks, we estimated these two parameters using a Maximum-Like-
lihood Estimation (MLE) procedure (for another example of the application of this 
MLE procedure, see Schlichting, de Jong, & Van Rijn 2018). �e underlying model 
used the weighted sum of temporal and numerical evidence for each trial (evidence-
total, see Equation 2.1), that is, parameter estimation was stimulus driven. Temporal 
and numerical evidence (evidencetime and evidencenumber, respectively) was determined 
by subtracting the magnitudes of the standard stimulus from the magnitudes of the 
non-standard stimulus and subsequently dividing by the maximal evidence possible, 
so that the estimate was scaled from -1 to 1 (i.e., the more diªerent the non-standard 
stimulus magnitudes were from the standard stimulus magnitudes, the more evidence 
was available in a given trial, see Equation 2.2 and 2.3 for an example of the time 
condition). 

evidencetotal = ωtime × evidencetime+ ωnumber × evidencenumber (2.1)
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evidencetime =  

Evidencenumber and maximum evidence possible based on numerosity were calculated 
according to the same principles. �e weights ωtime and ωnumber were estimated in the 
MLE procedure. Evidencetotal was then used to compute the probability of a response 
(shorter/fewer or longer/more) based on a standard normal cumulative distribution 
(see Figure 2.2, grey curves). �e �nal weights were those for which the sum of the 
logarithms of the probability of a speci�c response were maximal (i.e., the weights 
that best predicted behavioral data on a trial by trial basis). For a visual depiction and 
a numerical example see Figure 2.2. Using this procedure, we obtained a weight for 
time and a weight for number for each Raindrops task, condition and participant. �e 
reported model, including both time and number information, outperformed models 
including only time or only number information (comparisons can be found online.

(2.2)
Tcomparison - TS

maximum evidence possible

maximum evidence possible = TS - T1 = 0.57, if Tcomparison < TS

T6 - TS = 0.84, if Tcomparison > TS
{ (2.3)

Figure 2.2: Graphical illustration and numerical example of the MLE procedure. For each of 
the 80 trials evidencetotal was calculated based on the stimulus parameters and the weights selected 
during each iteration of the MLE procedure (Formula 2.1). Evidencetotal was then used to compute 
the cumulative probability of a response (“longer”, grey curve left panel; “shorter”, grey curve right 
panel). In each iteration of the MLE procedure and for each trial the logarithm of the probability 
of the participant’s actual response (response “longer”, black curve left panel; response “shorter”, 
black curve right panel) given was computed with the current weights. �e �nal weights were 
those for which the sum of the log-values over all trials was maximal. Dashed and dotted lines 
show two examples of diªerent sets of weights and their eªects on the weight-selection process 
on one speci�c incongruent trial. In the dotted line, more numerosity information was used, thus 
this set of weights would be superior if participant’s response was “longer” (i.e., in�uenced by the 
incongruent numerosity information and re�ected in a higher log-value). On the contrary, the 
dashed line is an example of a set of weights in which temporal information is taken into account 
more than numerosity information. Here, if the participant correctly responds “shorter”, this set 
of weights will be favoured (higher log-value). Note however, that the weights selection was based 
on all trials.

example 'time' trial: 
Tcomparison = 1.49s
→ evidencetime = -0.54

Ncomparison = 36 dots
→ evidencenumber = 0.43 

ωtime = 2, ωnumber = 0.5
→ evidencetotal = -0.87

ωtime = 0.5, ωnumber = 1.5
→ evidencetotal        = 0.38

participant response = "longer"
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To obtain a comparable estimate of how much temporal evidence was used in the 
non-magnitude temporal comparison task, we estimated ωtime for the temporal com-
parison task in a model using only temporal evidence.

Vector Correlations. In order to investigate the robustness of individual dif-
ferences in the usage of time versus numerosity information in timing performance, 
as represented by ωtime and ωnumber respectively, we combined the two estimates into a 
vector (i.e., ωtime is treated as the x-component and ωnumber as the y-component) and 
calculated vector correlations between all diªerent versions and sessions of the Rain-
drops task. Vector correlations convey information about the relatedness of two vector 
�elds (Buneo, 2011; Buneo & Andersen, 2012; Hanson, Klink, Matsuura, Robeson, 
& Willmott, 1992). �e output of this vector correlation comprises the correlation 
coe®cient p ranging from 0 (no correlation) to 1 (perfect correlation), a rotation angle 
θ and a scaling factor β, describing the amount of rotation and scaling needed to best 
align the two vector �elds (for more detailed information and formulas, see Hanson 
et al. (1992)). Hanson et al. (1992) distinguish between rotational and re�ectional 
correlations, however, because we do not expect to �nd a re�ectional relationship bet-
ween vector �elds, we decided a-priori to only calculate vector correlations based on 
rotational dependencies. Notably, if the variance of the two vector �elds is very similar, 
scale factor β is very similar to p. In the current data set, we found similar variance in 
all tasks (i.e., β values provide no additional information). Further, we found little evi-
dence for a systematic rotation of vector �elds between tasks (i.e., rotation angle θ of 
around zero). �us, we will only report the correlation coe®cients p. Values of rotation 
angle θ and scale factor β can be found online at osf.io/b73u2. For all empirical corre-
lations 95% con�dence intervals were calculated using nonparametric bootstrapping 
(Efron & Tibshirani, 1986).

Relation to Temporal Comparison & Stroop Task. In order to test whether 
being a ‘timer’ in the Raindrops task (i.e., having a comparably high ωtime) is related to 
performance in the non-magnitude temporal comparison task, ωtime parameters ob-
tained from the diªerent Raindrops tasks were correlated with ωtime parameters ob-
tained from the temporal comparison task. �e Stroop eªect is calculated for each 
participant and is de�ned as the median reaction time in the incongruent condition 
subtracted by the median reaction time in the congruent condition. �is score was 
correlated with ωnumber obtained in each version of the Raindrops task, because ωnumber 
re�ects the amount of interference in the time condition of the Raindrops tasks. For 
all empirical correlations 95% con�dence intervals were calculated using nonparame-
tric bootstrapping.
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Results

Stability of Magnitude Interference Effects Over Time
For each condition in each of the Raindrops tasks we obtained ωtime and ωnumberas 

output of the MLE procedure. �ese weights are estimates of how much temporal 
and numerical evidence participants took into account when making a judgement on 
time (as reported here). �e estimated weights of each task can be regarded as vec-
tors, with ωtime treated as the x-component and ωnumber as the y-component. �is way, a 
unique �eld of vectors is obtained for each task (i.e., one vector for each participant in 
each task, see also Figure 2.3 and 2.4). We calculated vector correlations to assess the 
relatedness of vector �elds between Raindrops tasks performed in session one and in 
session two (i.e., Dynamic I versus Dynamic II and Static I/correlated versus Static 
II/uncorrelated). We employed a vector correlation method advanced by Hanson et 
al. (1992), which was initially developed for the analysis of geographic data, but has 
been applied to neuroscienti�c data, too (e.g., Bueno & Andersen, 2012). �e output 
of this vector correlation method comprises, among other parameters, the correlation 
coe®cient p, ranging from 0 (no correlation) to 1 (perfect correlation). Nonparame-
tric bootstrapping (Efron & Tibshirani, 1986) was used to calculate 95% con�dence 
intervals.

�e empirical correlations between the Dynamic Raindrops task performed in 
session one and two (p = .50, 95% CI [.29 .66]) and between the Static Raindrops 
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Figure 2.3 (next page): Vector correlations assessing stability of interference e�ects over time. 
Vector �elds show the composed ω-vectors (ωtime as x-component and ωnumber as y-component) for 
each participant (i.e., each square, distribution is constant over all panels) and the grand average 
(grey highlighted square). Correlations were computed between ω-vectors of session I and session 
II in the Dynamic Raindrops task (left hand side) and in the Static Raindrops tasks (right hand 
side). 
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task performed in session one and two (p = .40, 95% CI [.22 .57]) are shown in Figure 
2.3. In both tasks, a positive correlation is found, suggesting relative stability of the 
ω-estimates over sessions.

Stability of Magnitude Interference Effects Over Task
To test the stability of interference eªects (quanti�ed by the ω-estimates) over dif-

ferent tasks vector correlations as described above were calculated. Here, we correlated 
ω-estimates obtained from the Dynamic Raindrops tasks with those obtained from 
Static Raindrops tasks. Notably, two of the correlations are based on tasks performed 
in the same session (i.e., Dynamic I versus Static I and Dynamic II versus Static II), 
while the other two are based on tasks performed in diªerent sessions (i.e., Dynamic 
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Figure 2.4: Vector correlations assessing stability of interference e�ects over tasks (and time). 
Vector �elds show the composed ω-vectors (ωtime as x-component and ωnumber as y-component) for 
each participant (i.e., each square, distribution is constant over all panels) and the grand average 
(grey highlighted square). Correlations were computed between ω-vectors of diªerent versions of 
the Raindrops task.
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I versus Static II and Dynamic II versus Static I). Results of empirical correlations 
are summarized in Figure 2.4. Tasks that were run in the same session are correla-
ted highly (Dynamic I – Static I: p = .57, 95% CI [.35 .75]; Dynamic II – Static II:  
p = .68, 95% CI [.52 .80]). For tasks that were performed in diªerent sessions, em-
pirical correlations are numerically lower, however, 95% con�dence intervals are still 
far removed from zero (Dynamic I – Static II: p = .49, 95% CI [.27 .68]; Dynamic 
II – Static I: p = .52, 95% CI [.36 .67]).

Comparison to Performance in Temporal Comparison Task
In order to have a similar performance measure in the temporal comparison task 

compared to the Raindrops tasks, we calculated ωtime also for the temporal compari-
son task. For this purpose, the model underlying the MLE procedure incorporated 
only ωtime. �e ωtime parameters obtained from the diªerent Raindrops tasks were then 
correlated with ωtime parameters obtained from the temporal comparison task. 95% 
con�dence intervals were calculated for all correlation coe®cients by using nonpa-
rametric bootstrapping (Efron & Tibshirani, 1986). Figure 2.5 shows that all tested 
pairs yield a high correlation (Dynamic I: r = .45, 95% CI [.13 .70]; Dynamic II:  
r = .66, 95% CI [.45 .81]; Static I: r = .45, 95% CI [.15 .69]; Static II: r = .57, 95% CI 
[.36 .74]). Further, as all 95% con�dence intervals do not contain zero, being a ‘timer’ 
in a magnitude interference tasks (i.e., having a high ωtime) likely means being a ‘timer’ 
in other timing tasks without interfering in�uences.

Figure 2.5: Correlations between timing performance in temporal comparison task and ma-
gnitude comparison tasks. Testing whether being a ‘timing’ participant in a magnitude com-
parison task (quanti�ed by ωtime) is correlated to performance in a comparison task which only 
has the time dimension and no other interfering information of a diªerent dimension. Each dot 
represents one participant; grey line shows the regression line.
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Comparison to Performance in Numerical Stroop Task
�e Stroop eªect was calculated for each participant as the median reaction time 

in the incongruent condition subtracted by the median reaction time in the congruent 
condition (M = 68.96 ms, 95% CI [54.17 83.76] ms). �is score was then correlated 
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with ωnumber as an index of interference in the time condition of the Raindrops tasks. 
95% con�dence intervals were calculated for all correlation coe®cients by using non-
parametric bootstrapping (Efron & Tibshirani, 1986). 

Results, visually summarized in Figure 2.6, show that correlations are very low 
and all 95% con�dence intervals contain zero (Dynamic I: r = -.05, 95% CI [-.30 .21]; 
Dynamic II: r = -.05, 95% CI [-.30 .17]; Static I: r = .11, 95% CI [-.16 .38]; Static 
II: r = -.08, 95% CI [-.29 .14]). �us, we failed to �nd any evidence for, on the one 
hand, a relation between the degree to which interfering information is incorporated 
in the Raindrops magnitude tasks, and the magnitude of the numerical Stroop eªect 
on the other.

Figure 2.6: Correlations between Stroop e�ect and magnitude interference e�ects. To test 
whether participants showing larger magnitude interference eªects (quanti�ed by ωnumber) also 
show larger Stroop interference eªects, these two scores were correlated for each task. Each dot 
represents one participant; grey line shows the regression line.
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Discussion

In the current study, we tested the reliability and stability of a MLE procedure 
that can potentially serve as a tool to quantify the magnitude of interference eªects 
between time and numerosity at the level of individual participants. Our results repli-
cated earlier work in which we found large individual diªerences in the magnitude of 
interference eªects. �at is, when asked to make a judgement on the time dimension, 
some participants are in�uenced by task-irrelevant numerosity information more than 
others. Extending previous �ndings, we showed that these individual diªerences are 
stable and robust over time and over similar, yet diªerent task versions. �is suggests 
that the ability to ignore or inhibit task-irrelevant information in magnitude com-
parison tasks could be seen as a ‘stable trait’ or ‘psychological bias’ (Grabot & Van 
Wassenhove, 2017) within participants. 

To facilitate interpretation of our �ndings, we �rst want to explain in more detail 
how vector correlations can be interpreted and which possible advantages this pro-
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cedure brings to the �eld of cognitive neuroscience, before we discuss the results in 
more detail.

Interpretation of Vector Correlations
�e calculation of vector correlations enables researchers to assess associations 

between sets of two-dimensional data (i.e., vector �elds). Vector correlations are ra-
rely used in the �eld of neuroscience or cognitive psychology (but, see Bueno, 2011; 
Bueno & Anderson, 2012). Yet, alternative measures of association between multiple 
two-dimensional data-sets are suboptimal. For example, one could calculate Pearson 
product-moment correlations or cross-correlations for each dimension separately. 
However, in direct comparison vector correlations are superior to other correlation 
analyses because they provide one uni�ed correlation coe®cient (Bueno, 2011). Alter-
natively, one could transform the data to reduce two-dimensional to one-dimensional 
data. Critically, any such transformation will result in information loss. For example, 
calculating vector length (or magnitude) does not capture information about vector 
orientation (i.e., the angle between the vector and the x-axis), and vice versa. Vector 
correlations, on the other hand, allow for one uni�ed correlation coe®cient encapsu-
lating all information available in the data. Figure 2.7 summarizes the vector correla-
tions (shown in black) observed in the current study.

Importantly, empirically determined correlations are known to be attenuated due 
to measurement error (Hedge, Powell & Sumner, 2017). Results of Monte Carlo si-
mulations showed that the combination of the number of trials per task (here 80) and 
the correlation between duration and numerosity resulted in relatively high measu-
rement error, and thus variability in the MLE-determined weights for temporal and 
numerical information. In other words, the correlations between MLE-determined 
weights, including test-retest reliabilities, are likely to be markedly weakened by the 
diluting eªects of measurement error. For this reason we have employed standard 
techniques to correct these empirically estimated correlations for attenuation (e.g., 
Charles, 2005; Green et al., 2016; Jensen, 1998). In short, we used estimated split-
half reliabilities followed by application of the Spearman-Brown prophecy formula 
to obtain empirical estimated reliabilities of individual parameters. �ese estimated 
reliabilities were then used to compute disattenuated estimates of the various cor-
relations, shown in grey in Figure 2.7. Details of the computational procedure and 
relevant results are available at osf.io/b73u2. Note that the two correlations with the 
numerical Stroop task could not be corrected for attenuation because the estimated 
reliabilities of the two parameters involved – the weight for numerosity information, 
ωnumber, and the size of the Stroop eªect – were too small to warrant such a correction. 
For the remaining correlations, the eªect of the correction for attenuation can be seen 
to be quite substantial. Because these corrected values are more likely to re�ect the 
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“true” strength of associations, we will focus on these values in the following discus-
sion of the results.

Stability of Magnitude Interference Effects Over Time
When re-tested after seven days in both the Dynamic and the Static version of 

the Raindrops task (Dynamic I – Dynamic II and Static I – Static II), ML-estimates 
exhibited considerable test-retest reliability (see Figure 2.7). It should be noted that 
the two versions of the Static Raindrops task diªered in the way the magnitude of the 
task-irrelevant dimension was sampled (using restricted random sampling or random 
sampling): While during the �rst session the task-irrelevant magnitude was a limited 
predictor of the task-relevant magnitude (restricted random sampling), it was not pre-
dictive during the second session (random sampling). �at is, in the Static Raindrops 
I task participants could have based their temporal judgements on numerosity infor-
mation and still perform reasonably well in the task. Importantly, irrespective of the 
nature of the numerosity dimension (i.e., static/dynamic or correlated/uncorrelated), 
robust test-retest correlations were observed.

Stability of Magnitude Interference Effects Over Task
ML-estimates were also robust with regard to the diªerent versions of the Rain-

drops task, irrespective of whether they were performed during the same or diªerent 
sessions. ML-estimates of tasks that were performed within the same session (Dyna-
mic I – Static I and Dynamic II – Static II) in fact yielded very high correlations, as 
shown in Figure 2.7. In light of previous �ndings, the commonality between Dynamic 
and Static versions of the Raindrops tasks with regard to the magnitude of interferen-
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Figure 2.7: Summary of the main results. Empirical (black) and disattenuated (grey, where rele-
vant) correlations between sessions and versions of the Raindrops task, as well as the Numerical 
Stroop and Temporal Comparison task. (See main text for additional details.)
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ce as captured by ML-estimates is noteworthy for two reasons:
First, an often reported �nding when using static numerosity-time comparison 

tasks is that temporal judgements are in�uenced by task-irrelevant numerosity infor-
mation, but not vice versa (Hayashi et al., 2013; Xuan et al. 2007; but see Javadi & Ai-
chelburg, 2012, who found bidirectional interference eªects). In contrast, Lambrechts, 
Walsh and Van Wassenhove (2013) and Martin, Wiener and Van Wassenhove (2017) 
found that when time, space and number information are presented dynamically, 
duration judgments are resilient to spatial and numerical interference, while time in-
�uences judgments of the other two dimensions. In the current and in a previous study 
(Schlichting, de Jong & Van Rijn, 2018), we found that direction and magnitude of 
interference eªects in static and dynamic setups vary greatly between participants, but 
are stable over task versions within participants. Given that both �ndings have been 
replicated in independent studies, it is unlikely that these contrasting results are driven 
by participant sampling even though the observed variability of ML-estimates sug-
gests that sampling eªects might in�uence the outcomes of interference studies. Even 
though the paradigms used are similar, drawing decisive conclusions is precluded by 
small diªerences in the task setup. To resolve this paradox, future work should present 
both paradigms in a within-subject design.

Second, it has been argued that experimentally testing interference eªects is com-
plicated by the fact that manipulating one dimension will alter other stimulus di-
mensions, too (e.g., see Leibovich, Katzin, Harel, & Henik (2016) for an extensive 
discussion for the case of automatically co-varying space, density, and/or surface when 
manipulating numerosity). In the case of time and numerosity, presenting numerosity 
information dynamically over time introduces the additional dimension rate of chan-
ge or rate of sensory evidence accumulation (Lambrechts, Walsh & Van Wassenhove, 
2013; Martin, Wiener & Van Wassenhove, 2017), which can, if not controlled for, be 
highly predictive of the task-relevant dimension. In the current study, we controlled 
the predictiveness of rate information by restricting which values or magnitude levels 
the task-relevant and -irrelevant dimension could take on. However, theoretically, sti-
muli in the dynamic version of the Raindrops task contain more predictive informa-
tion than stimuli in the static versions: both the task-irrelevant dimension as well as 
rate information is, to a certain degree, predictive of the dimension to be judged. �e 
current results show that ML-estimates capturing interference eªects are stable over 
dynamic and static versions of the Raindrops task, again suggesting that mechanisms 
underlying interference eªects may be considered as a stable trait, and suggesting that 
rate did not in�uence participants’ judgements strongly.

In a way, the temporal comparison task can be regarded as a control task for 
time trials in the Raindrops tasks, because stimuli contain no interfering numerosity 
information. �e way participants utilized temporal information in the most straight 
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forward task (temporal comparison task) is predictive of how temporal information 
are utilized in the presence of interfering information (Raindrops tasks). It may seem 
striking that for some participants the ML-estimate was close to zero, however, timing 
is a very noisy process in comparison to other magnitude tasks (e.g., compared to 
number and length judgements, Droit-Volet, Clément, & Fayol, 2008). 
   
Generalizability to Stroop Interference

�e ability to ignore or inhibit task-irrelevant information in any version of the 
Raindrops task was not predictive of performance in a numerical Stroop task. An 
interpretation of these “null” results is that magnitude interference eªects adhere to 
diªerent inhibitory control mechanisms than Stroop-like interference eªects: Inter-
ference eªects in magnitude comparison tasks could be governed by bottom-up or 
stimulus-driven processes, while interference in Stroop task could be driven more 
by top-down processes, given that the interfering information �rst needs to be se-
mantically parsed (i.e., the meaning of a digit or a color-word, see also Van Maanen, 
Van Rijn, & Borst (2009), who argue that semantic interference eªects are caused by 
the same interference mechanism). Furthermore, Stroop-type interference has been 
found to yield only moderate test-retest correlations and very limited parallel-test 
stability (Hedge et al., 2017; Siegrist, 1997; Strauss et al., 2005), meaning that scores 
in Stroop task are relatively noisy and unstable, again indicating that one should be 
careful drawing �rm conclusions. 

Conclusion
Especially for neuroimaging studies relying on task-setups that include a well 

matched comparison task (similar to the Raindrops tasks tested here), it is crucial to 
take into account that 1) participants exhibit interference eªects and apparently do 
not only process task-relevant information, and that 2) the magnitude of how much 
of the task-irrelevant information is used in making a judgement diªers between par-
ticipants. Also for theoretical and computational models explaining the processing of 
magnitudes (e.g., A �eory Of Magnitudes, Walsh, 2003, 2015; or Bayesian approa-
ches to quantify magnitude interference eªects, Martin, Wiener & Van Wassenhove, 
2017; Petzschner, Glasauer, & Stephan, 2015) it is important to know whether the 
magnitude of interference is a stable trait within participants, or whether it can change 
over time or due to modi�ed task designs. �e here described MLE procedure allows 
to account for these individual diªerences in behavior. We showed that the MLE 
procedure is a reliable tool to quantify individual diªerences in temporal interference 
eªects in terms of test-retest and parallel-test reliability. How well participants can 
estimate time and how much task-irrelevant information they take into account seems 
to be a stable characteristic within individuals. As patterns of individual diªerences in 
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temporal magnitude interference eªects, here captured by vector correlations which 
take into account all available information, are stable over time and over task versions, 
the methods presented here provide a valuable addition to the toolkit of cognitive 
neuroscientists interested in studying the processing of diªerent stimulus dimensions. 

While the here proposed MLE procedure is designed for quite speci�c experi-
ments in which stimuli vary in magnitude in two or more dimensions, we argue that, 
more generally, our results emphasize the potential information gain from quantifying 
inter-individual diªerences (Grabot & Van Wassenhove, 2017; Kanai & Rees, 2011) 
and highlight the importance of establishing reliability of parameters derived from 
individual behavior or behavioral performance before their subsequent use in neuroi-
maging analyses.
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Abstract

In interval timing experiments, motor reproduction is the predominant method 
used when participants are asked to estimate an interval. However, it is unknown how 
its accuracy, precision and e®ciency compare to alternative methods, such as indica-
ting the duration by spatial estimation on a timeline. In two experiments, we compa-
red diªerent interval estimation methods. In the �rst experiment, participants were 
asked to reproduce an interval by means of motor reproduction, timeline estimation, 
or verbal estimation. We found that, on average, verbal estimates were more accurate 
and precise than line estimates and motor reproductions. However, we found a bias 
towards familiar whole second units when giving verbal estimates. Motor reproduc-
tions were more precise, but not more accurate than timeline estimates. In the second 
experiment, we used a more complex task: Participants were presented a stream of di-
gits and one target letters and were subsequently asked to reproduce both the interval 
to target onset and the duration of the total stream by means of motor reproduction 
and timeline estimation. We found that motor reproductions were more accurate, but 
not more precise than timeline estimates. In both experiments, timeline estimates had 
the lowest reaction times. Overall, our results suggest that the transformation of time 
into space has only a relatively minor cost. In addition, they show that each estimation 
method comes with its own advantages, and that the choice of estimation method de-
pends on choices in the experimental design: for example, when using durations with 
integer durations verbal estimates are superior, yet when testing long durations, motor 
reproductions are time intensive making timeline estimates a more sensible choice.
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Introduction

In the growing research �eld on interval perception the number of ways to mea-
sure subjective time are seemingly growing, too. As a researcher, one has to decide 
whether a task is retro- or prospective (e.g., Block, Grondin, & Zakay, 2018), in 
which modality intervals are presented (e.g., auditory or visually; Wearden, Todd, 
& Jones, 2006), how exactly intervals are presented (e.g., �lled or empty; Gron-
din, 1993), the paradigm used (e.g., temporal reproduction, production, bisection, 
or comparison; for a review, see Grondin, 2010; Wearden, 2016), and how responses 
are being collected (e.g., verbal or motor responses; e.g., Block et al., 2018; Mioni, 
2018). While subjective (distortions of) time perception may be captured no matter 
which choice was made regarding the listed options, often neglected from this choice 
are the potential diªerences in cognitive strategy or what representation of time un-
derlies a given task.

One prominent idea is that time is represented in spatial terms (for a review, see 
Bender & Beller, 2014). Indeed, visuospatial representations of time are re�ected in 
how we think and communicate about time, and also in how we process and act on 
time (Bonato, Zorzi, & Umiltà, 2012; Núñez & Cooperrider, 2013). For example, 
time-related notions in language are often spatialized: the future lies ahead of us, 
we are looking back at earlier times, or the vacation was too short. �e latter notion, 
how we process and act on time, is re�ected in the commonly found Spatial-Tempo-
ral Association of Response Codes (STEARC) eªect (Conson, Cinque, Barbarulo, 
& Trojano, 2008; Fabbri, Cancellieri, & Natale, 2012; Fabbri, Cellini, Martoni, 
Tonetti, & Natale, 2013; Ishihara, Keller, Rossetti, & Prinz, 2008; Vallesi, Binns, 
& Shallice, 2008; Vicario et al., 2008; Weger & Pratt, 2008). �e STEARC eªect 
describes a space-related representation of time and temporal magnitudes, such that 
before/shorter responses have a processing or response advantage when associated 
with the left side of space, and, vice versa, after/longer responses show the same ad-
vantages when associated with the right side of space. �is spatialization of time can 
also be observed in children as young as �ve years (Coull, Johnson, & Droit-Volet, 
2018). Mental timeline theories in particular suggest that time is represented as a 
spatial linear axis that allows absolute (i.e., how long a stimulus lasted) and relative 
timing (i.e., temporal order; Bonato et al., 2012; Magnani & Musetti, 2017). �e 
orientation of the timeline is heavily in�uenced by culture and experience, such as, 
for example, reading direction (e.g., English speakers, who read from left to right, 
map events on a timeline directed rightward, while Arabic speakers, who read from 
left to right, showed the reverse pattern; Boroditsky, 2001; Fuhrman & Boroditsky, 
2010) or commonly used spatial metaphors to talk about time (e.g., Mandarin spea-
kers use horizontal and vertical terms to temporally order events, while English spe-
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akers commonly use only horizontal terms; Boroditsky, Fuhrman, & McCormick, 
2011). A number of neurobiological and cognitive models even suggest that space 
and time share their neural representation (e.g., A �eory Of Magnitude (ATOM): 
Walsh, 2003, 2015; hippocampal time and space cells: Buszáki & Llinás, 2017), 
emphasizing the intertwinedness of these two dimensions. ATOM, for example, is 
based on i) behavioral �ndings showing a tight link between spatial (size, length) 
and temporal magnitudes, in that spatial magnitude in�uences the perception of 
temporal magnitudes in a “more is more” fashion (i.e., more spatial magnitude is 
more temporal magnitude, Cai & Connell, 2016; Cai, Wang, Shen, & Speeken-
brink, 2018; Casasanto & Boroditsky, 2008; Xuan, Zhang, He, & Chen, 2007); and 
ii) on neuroimaging studies revealing shared neural representations in the parietal 
cortex during the processing of spatial, numerical and temporal magnitudes (e.g., 
Bueti & Walsh, 2009; Dormal, Dormal, Joassin, & Pesenti, 2012; Hayashi et al., 
2013; Riemer, Diersch, Bublatzky, & Wolbers, 2016). Adding to this theory, Coull 
& Droit-Volet (2018) highlight that explicit representations of time are not solely 
rooted in space but also in motor interactions with the world, which have a temporal 
and a spatial component. �e authors oªer a developmental approach of how we con-
struct a representation of time by performing actions in space during childhood (see 
also Loe¼er, Cañal-Bruland, Schroeger, Tolentino-Castro, & Raab, 2018). 

Assuming that time is indeed represented spatially or in an ATOM-like common 
magnitude system, an additional method to estimate intervals is the use of a time-
line or visual analogue scale. While visuospatial estimation formats are commonly 
used in intentional binding studies (e.g., Haggard, Clark, & Kalogeras, 2002), to our 
knowledge, only few interval timing studies have made use of them (e.g., Damsma, 
Van der Mijn, & Van Rijn, 2018; Roseboom et al., 2019). Apart from the more 
conceptual question of how exactly time may be represented in the brain, there are 
practical issues regarding the implications for diªerent response modes at hand, too: 
So far it has not been tested whether an explicit translation from time to space aªects 
precision and/or accuracy of temporal estimates compared to other commonly used 
estimation methods. In two separate experiments we aimed to test the advantages 
and disadvantages of using diªerent estimates of time, namely reproductions in the 
time dimension, estimates in the spatial dimension, or estimates in a symbolic form.

In Experiment 1 participants estimated intervals by either pressing a button 
(motor reproduction), clicking on a timeline (timeline estimation), or giving a nu-
merical estimate (verbal estimation). �e to-be-estimated interval was a white square 
appearing and disappearing on a black screen. �e results of Damsma, Van der Mijn 
and Van Rijn (2018) suggested that participants exhibit a response bias when using 
timeline estimations, seen in avoidance of clicking close to the end of the line or 
screen. To test whether this bias can be prevented participants performed one of two 
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versions of this experiment: one in which the range of the timeline corresponded to 
the tested intervals, and one in which the timeline corresponded to intervals longer 
than the tested intervals. In other words, participants were either calibrated to the 
test durations or to slightly longer durations. When estimating an interval using a 
timeline or verbal estimates, participants can be more deliberate in their estimates 
(i.e., go back and forth in time) compared to motor reproductions, in which partici-
pants have only one chance to make an estimate. While intervals had a clear on- and 
oªset and required no further processing steps in Experiment 1, we used a more 
complex temporal estimation task in Experiment 2. Participants saw a stream of 
digits and one target-letter and were subsequently asked to �rst estimate the onset 
of the target letter within the stream, and second to reproduce the duration of the 
complete stream by either motor reproductions or timeline estimations. Again, half 
of the participants were calibrated to the test durations, while the other half were 
calibrated to longer durations. In this more complex setup, participants did not only 
have to attend to and memorize one duration, but they had to attend to the content 
of the stream and memorize two durations. Timeline estimates may allow for rela-
tive timing (e.g., when did the target occur relative to the estimated oªset), while 
motor reproductions require a strictly sequential order of interval reproductions. In 
both experiments we will compare accuracy (i.e., the estimations) and precision (i.e., 
the absolute error and the coe®cient of variation (CV)) of temporal estimates. A 
common �nding in temporal estimation tasks, especially in reproduction tasks, is 
that previously encountered intervals in�uence the perception of the current interval 
(also known as sequential context eªects; for a review, see Van Rijn, 2016). We will 
compare the magnitude of these context eªects for temporal estimation methods and 
calibration conditions. If there is a cost to a potential spatial transformation, we ex-
pect that the timeline estimates show lower accuracy and/or precision than motor re-
productions and verbal estimates. In addition, we expect that calibration with longer 
intervals may increase the accuracy of the estimates, especially for longer intervals, in 
the timeline estimation condition.

Experiment 1

Methods
Participants. Sixty healthy adults (20 male, mean age 22.65) participated in 

exchange for course credits or a �nancial compensation of €8. All participants had 
normal or corrected-to-normal vision. Informed consent as approved by the Ethi-
cal Committee Psychology of the University of Groningen (identi�cation number  
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17408-S-NE) was obtained before testing. Sample size was based on past research 
(e.g., Damsma et al., 2018; Schlichting et al., 2018), no statistical a priori power 
analysis was conducted.

Experimental Design and Procedure. Participants were asked to perform 
a temporal estimation task using three diªerent estimation methods: motor repro-
duction, timeline and verbal estimation. Stimuli were displayed on a 1920 × 1080 
LED-based monitor screen (Iiyama ProLite G2773HS) with a refresh rate of 100 
Hz.

�e to-be-reproduced interval (equally spaced between 1 and 4 s in steps of 0.5 
s) was presented at the beginning of the trial. Appearance of a white square (50 by 
50 pixels) at the center of the screen marked the onset, and the disappearance of 
the square the oªset of the interval. After a �xation period of 1 s participants were 
asked to estimate the previously perceived interval in one of three ways: a) motor 
reproduction: the white square re-appeared, marking the onset of the reproduction, 
and participants were asked to press the spacebar to end the interval; b) timeline esti-
mation: participants were asked to click on a timeline at the point where the interval 
ended (1 pixel on screen corresponded to 0.01 s), apart from a tick demarking the 
onset of the interval there were no further spatial/temporal indications (ticks) given; 
c) verbal estimation: participants were asked to enter a numerical estimate in seconds 
with one decimal place. After the estimation participants received immediate feed-
back on each trial (practice and experimental trials) in form of a timeline (1 pixel on 
screen corresponded to 0.01 s). �e feedback format was the same for all conditions 

Figure 3.1: Trial procedure of Experiment 1. Participants performed a simple temporal estimati-
on task, in which they had to estimate the duration of a square in three ways: A) pressing a key to 
indicate the estimated oªset of the interval (motor reproduction), B) clicking on a timeline (line 
estimation), and C) typing a verbal estimate in seconds (e.g.: “1.4”; verbal estimation). Feedback 
was presented at the end of each trial.
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to make the tasks as equal as possible. Two grey bars on top of the timeline depicted 
the on- and oªset of the veridical interval, and two white bars below the timeline 
depicted participants estimates (i.e., both onset bars were always aligned). See Figure 
3.1 for a schematic depiction of the experimental design. �e experiment was run in 
Matlab R2014b (�e MathWorks) using the Psychophysics Toolbox version 3.0.12 
(Brainard, 1997) in Windows 10.

�e experiment was divided into three blocks (i.e., one block for each estimation 
method) of 42 experimental trials (i.e., four trials per duration) each. Order of blocks, 
and thus estimation methods, was counterbalanced between participants. Before the 
start of each block, participants received instructions about the estimation method 
to be used in the upcoming block, and they performed 12 practice trials in order to 
get accustomed to the timeline and the estimation method before the start of the ex-
perimental trials. �e order of trials was the same in each block, but varied between 
participants.

Crucially, half of the participants performed a calibrated version of the estimati-
on tasks. In the calibrated version the training-trials consisted also of longer intervals 
than those in the test trials (1.0, 2.5, 5.0, and 6.0 s), while in the uncalibrated version 
training trials were chosen from the range of intervals of test trials (1.0, 2.0, 3.0, and 
4.0 s). Importantly, this changed the length of the timeline in the feedback screen 
and also in the timeline estimation condition: in the calibrated version the timeline 
was longer, so that during test trials participants did not have to click as close towards 
the end of the line to estimate the longest duration as they had to in the uncalibrated 
version. In both the calibrated and uncalibrated condition the timeline was presented 
centrally on the screen. �e experiment �les can be found at https://osf.io/w38qg/.

Analysis. All estimates shorter than 0.2 s and longer than 10 s (0.34% of the 
data) and all trials in which no estimates were provided (0.34% of the data) were 
excluded from analysis. �e estimates were analyzed using Linear Mixed Models 
(LMMs) from the lme4 package (Bates, Mächler, Bolker, & Walker, 2014) in R (R 
Core Team, 2016). To compare the accuracy of the diªerent conditions, we tested 
a model predicting estimates. In addition, we compared the precision of the condi-
tions by testing models predicting the absolute error and the CV. Finally, we tested a 
model predicting reaction time. In each model, duration (i.e., the veridical duration 
of the interval), estimation method (motor, timeline or verbal) and calibration con-
dition (uncalibrated or calibrated) and their interactions were sequentially added as 
�xed factors. Only �xed factors that signi�cantly improved the model according to a 
likelihood ratio test were included in the �nal model. To assure the interpretability 
of signi�cant interaction terms, the relevant main eªects were also included in the 
model. In addition, the �xed factor duration was centered at 2.5 and calibration con-
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dition was recoded using eªect coding (-0.5 and 0.5 for uncalibrated and calibrated, 
respectively), to make main eªects of duration and estimation method easier to inter-
pret. Participant was always included as a random intercept term. After establishing 
the �nal model, we sequentially added random slope terms, starting with the random 
slope that decreased the AIC value most. We tested whether the inclusion of the 
random slope term was warranted using likelihood ratio tests. Given the �nal model, 
we compared the three estimation methods with post-hoc contrasts using the glht 
function in the multcomp package in R (Hothorn et al., 2017). Here, we will report 
the most important �ndings, but the complete analysis scripts and �nal model results 
can be found at https://osf.io/w38qg/.

Results
Estimates. Figure 3.2A shows the average estimates for each duration and esti-

mation and calibration condition. Model comparison showed that adding durati-
on as a continuous �xed factor improved the basic model that included estimate as 
the dependent variable and subject as a random factor (χ2(1) = 7647.90, p < .001), 
indicating that, overall, estimates increased with the presented duration. In addi-
tion, estimation method and its interaction with duration improved the model �t  
(χ2(2) = 63.33, p < .001 and χ2(2) = 33.89, p < .001, respectively), showing that the 
intercept and slope of the estimates diªered between estimation methods. In line 
with the average bias depicted in Figure 3.2A, post-hoc contrasts showed that the 
intercept at the middle interval (2.5 s) was higher for verbal estimates than for line 
estimates and motor reproductions (ps < .005). In addition, the slopes of line esti-
mates and motor reproductions were smaller than for verbal estimates (ps < .001), 
suggesting a larger central tendency eªect for line estimate and motor reproductions. 
�ere was no evidence for intercept or slope diªerences between the line estimates 
and motor reproduction condition (ps > .666). Adding calibration condition as a �xed 
factor did not improve the model �t (χ2(1) = 0.85, p = .361). However, we found a sig-
ni�cant three-way interaction between duration, estimation method and calibration 
condition (χ2(2) = 6.13, p = .047). Post-hoc contrasts showed that the slope diªerence 
between the calibration condition was higher for motor reproductions than for line 
estimates (p = .031).

Absolute Error. Figure 3.2B shows the average absolute error for the diªerent 
presented durations and experimental conditions. Presented duration improved the 
model �t (χ2(1) = 467.25, p < .001), indicating that overall the absolute error increased 
with duration. Adding estimation method as a �xed factor also improved the model 
(χ2(2) = 128.70, p < .001). Post-hoc contrasts showed that the error of verbal esti-
mations was lower than for line estimations and motor reproduction (ps < .004) and 
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lower for motor reproductions than for line estimations (p < .001). Model comparison 
showed that the interaction between presented duration and estimation method also 
improved the �t (χ2(2) = 7.71, p = .021). Post-hoc contrasts revealed a larger slope for 
motor reproductions compared to verbal estimations (p = .033). Adding calibration 
did not improve the model �t (χ2(1) = 1.01, p = .314).

Figure 3.2: A, Average estimates for the timeline, motor and verbal conditions and calibration 
conditions. �e grey dashed line represents veridical performance. B, Average absolute error of the 
timeline, motor and verbal estimations and calibration conditions. C, Average CV of the timeline, 
motor and verbal reproductions and calibration conditions. D, Average reaction times (RTs) of 
the timeline, motor and verbal reproductions and calibration conditions. While the RTs are stable 
over durations for the timeline and verbal estimates, the motor reproductions of course scale with 
the presented duration. In all �gures, the error bars represent the standard error of the mean.
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Interestingly, Figure 3.2B shows that the error in the verbal estimations syste-
matically diverged from a linear pattern: visual inspection suggests that it was lower 
for integer durations (1, 2, 3 and 4 s) than for the durations in between (1.5, 2.5, and 
3.5 s). Post-hoc, we tested this notion by adding a dichotomous �xed factor indica-
ting whether a duration was an integer to a model predicting the absolute error in 
the verbal estimation condition. Duration, calibration version and their interaction 
were also included as �xed factors. We found that this dichotomous �xed factor 
improved the model signi�cantly (χ2(1) = 71.93, p < .001), indicating that the error 
was indeed lower for rounded integers. �is was not the case for the line estimations  
(χ2(1) = 3.46, p = .063) and the motor reproductions (χ2(1) = 0.83, p = .363).

Coefficient of Variation (CV). We calculated the CV per participant and pre-
sented duration as the standard deviation divided by the average estimate. Figure 
3.2C shows the average CV for every presented duration for the diªerent estima-
tion and calibration conditions. Presented duration improved the model signi�-
cantly (χ2(1) = 128.28, p < .001), showing that – overall – the CV was smaller for 
longer durations. We found no evidence that this negative slope diªered between 
estimation conditions (χ2(2) = 4.26, p = .119). However, we found that the intercept  
(at 2.5 s) did diªer between estimation conditions (χ2(2) = 50.75, p < .001): In line 
with the absolute error, the CV was larger for line estimates and motor reproductions 
compared to the verbal estimates (ps < .007) and larger for line estimates compared 
to motor reproductions (p = .004). We found no evidence for a diªerence between the 
calibration conditions (χ2(1) = 1.27, p = .260).

End of the Line Effects. We expected that the calibration conditions would 
mostly aªect the participants’ tendency to not respond close to the end of the line. 
In this case, we would expect that calibration most strongly in�uences estimates 
of longer intervals, and that this eªect would be most pronounced in line estima-
tes. To test this hypothesis, we investigated the in�uence of calibration on the ac-
curacy and precision of the longest interval (i.e., 4 s). An LMM predicting these 
estimates showed that they diªered between estimation methods (χ2(2) = 17.89, p < 
.001). However, we found no evidence that calibration improved the overall estimates  
(χ2(1) = 3.06, p = .080), or that the calibration eªect diªered between estimati-
on methods (χ2(2) = 0.27, p = .874). Looking at the precision, we also found that 
the absolute error at the longest interval diªered between estimation methods  
(χ2(2) = 26.24, p < .001), and that the error was higher in the calibrated condition 
(χ2(1) = 4.61, p = .032). Although the visual inspection of Figure 3.2B suggests that 
the eªect of calibration condition was larger for the timeline estimations compared 
to the other methods, we found no evidence that this eªect diªered between esti-
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mation methods (χ2(2) = 4.29, p = .117). �e CV showed a similar pattern: it diªered 
between estimation methods (χ2(2) = 6.12, p = .047) and was higher in the calibrated 
condition (χ2(1) = 8.17, p = .004), but there was no evidence for a diªerence in the ef-
fect of calibration between estimation methods (χ2(2) = 4.26, p = .119). Overall, these 
results indicate that calibrating participants with longer durations did not improve 
the accuracy of the line, motor or verbal estimates, but did decrease their precision. 

Sequential Context Effects. To test whether there were diªerences in sequen-
tial context eªects between the estimation methods, we tested the impact of previ-
ously presented durations. We started with the LMM predicting estimated durati-
on including estimation condition, presented duration and their interaction as �xed 
factors. We gradually added previous presented durations (N-1, N-2, etc.) to the 
model as continuous �xed factors and tested whether they improved the model �t. 
We found that only the most recent previous trial (i.e., N-1) improved the model  
(χ2(1) = 75.28, p < .001), and that this factor diªered between the estimation con-
ditions (χ2(2) = 7.07, p = .029). Post-hoc contrasts showed that the eªect of N-1 was 
larger for motor compared to verbal reproductions (p = .017). �ere were no other 
diªerences (ps > .239).

Reaction Time. Figure 3.2D shows the average reaction time (RT) for every 
estimation method and calibration condition. �e model showed that the overall 
reaction time, and the change of (RT) with duration, diªered between estimation 
methods (χ2(2) = 731.77, p < .001 and χ2(2) = 848.88, p < .001, respectively). Post-hoc 
contrasts showed that the RT at the 2.5 s interval intercept was higher for the verbal 
compared to the line estimation (p < .001) and higher for the motor reproductions 
compared to the verbal and line estimation (ps < .001). Because the motor repro-
ductions increased with the presented duration, whereas the other two methods are 
independent of the presented duration, the slope was larger for the motor reproduc-
tion method (ps < .001). �ere was no diªerence in slope between the verbal and 
line estimation (p = .837). Adding the interaction between estimation method and 
calibration condition improved the model signi�cantly (χ2(2) = 14.40, p < .001), but 
there were no signi�cant diªerences in the �nal model (ps > .328).

Discussion
In Experiment 1, we compared three estimation methods in a simple interval 

estimation task. �e results showed that the verbal estimates were overall more veri-
dical than the motor and line estimates. We found no evidence for a diªerence in the 
accuracy of the motor and line estimates. When we look at precision of estimation, 
we found that the CV decreased with the presented duration. �is is a violation of 
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Weber’s law, or the scalar property of time perception, which states that the CV 
should be constant over diªerent durations (although violations are frequent in the 
timing literature: see Grondin, 2014). Comparing the absolute error and the CV 
between estimation methods, we found that verbal estimates were most precise. No-
tably, however, this precision depended on the speci�c presented duration: it was 
higher for rounded integers than for durations with a fractional part. In addition, 
motor reproductions were generally more precise than line estimates. Overall, these 
results suggest that there is no cost in accuracy to the potential spatial transformation 
required for line estimates, but there might be a small cost in precision, that is, the 
variability of the estimates. Note, however, that any diªerence between motor repro-
ductions and line estimates, especially, may arise due to diªerences in the amount of 
motor noise rather than because of their underlying representation and translation 
into another dimension.

We expected that calibrating participants with a larger interval range and a lon-
ger corresponding timeline at the start of the experiment would diminish the unde-
restimation of longer durations. However, we found no evidence that this calibration 
increased the overall accuracy, or the accuracy of the longest duration. Instead, we 
found a small cost in the precision of the longest interval estimates. �ese results 
suggest that calibration did not improve the timeline estimates by diminishing a 
potential end of the line bias. Alternatively, the end of the line eªects here (and in 
Damsma et al., 2018) could re�ect a general pull towards the mean in which the 
estimate is biased towards previously presented durations. Indeed, sequential context 
eªects were observed in all three conditions. Verbal estimates were less aªected by 
the duration of the previous trial, which can be explained by their generally higher 
accuracy and precision. According to the Bayesian view of perception, it is optimal 
to rely more on prior experience in making an estimate when the current observation 
is less precise (Acerbi, Wolpert, & Vijayakumar, 2012; Jazayeri & Shadlen, 2010).

When reproducing longer time intervals using a motor response, the duration 
of a trial scales with the interval to be reproduced. Line and verbal estimates, on the 
other hand, have the advantage of a stable response time of - in our experiment - 
around 1.5 and 2 s, respectively. Based on these results, we suggest that researchers 
can increase the number of trials in their experiment when testing longer intervals by 
using line or verbal estimates, and thereby increase statistical power.

Another potential advantage of timeline estimates over motor reproductions is 
that there is more time for a deliberate decision, compared to the ‘one shot’ approach 
of motor reproductions: in the latter case, participants are by de�nition unable to 
decrease their estimate at any point in time. �is ‘time asymmetry’ might induce bia-
ses speci�c to motor reproduction, such as systematic under-reproduction (Riemer, 
Trojan, Kleinböhl, & Hölzl, 2012). In contrast, in the line estimation condition, 
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participants can move the cursor freely to the left or right to decrease or increase 
their estimate. �is could make timeline estimates more accurate in situations that 
are more complex than the reproduction of a single interval to which participants can 
fully direct their attention, such as when estimating an interval concurrently with 
other tasks (e.g., Brown, 1997, 2006; Zakay, 1993) or estimating multiple intervals 
(e.g., Brown & West, 1990; Van Rijn & Taatgen, 2008). To test this notion, Experi-
ment 2 consisted of a stream of stimuli that contained one target. Participants had to 
estimate both the target onset and the duration of the stream.

Experiment 2

Methods
Participants. �irty-nine healthy adults (9 male, mean age 20.64 years) partici-

pated in exchange for course credits. None of the participants in Experiment 1 took 
part in Experiment 2. Informed consent as approved by the Ethical Committee Psy-
chology of the University of Groningen (identi�cation number 17054-S-NE) was 
obtained before testing. Sample size was based on past research (e.g., Experiment 1; 
Damsma et al., 2018; Schlichting et al., 2018), no statistical a priori power analysis 
was conducted.

Experimental Design and Procedure. Participants were asked to perform a 
temporal estimation task using two diªerent methods: motor reproductions and time-
line estimations (Figure 3.3). Stimuli were displayed on a 1280 × 1024 CRT-based 
monitor screen (Iiyama Vision Master Pro 513) with a refresh rate of 100 Hz.

�e interval was presented as a stream of numeric characters (1 to 9 characters 
in total) and one alphabetic character, the target (A, B, C, C, E, F, H, J, K, P, R, T, U, 
or V). �e alphanumeric characters were presented in Arial with a font size of 16 
pt. Within the stream alphanumeric characters were chosen randomly, while no two 
consecutive characters were the same. Participants were asked to estimate both the 
interval from stream onset to target onset as well as the duration of the total stream. 
�ere were six diªerent total stream durations (4.75, 5.25, 5.75, 6.25, 6.75, and 7.25 s) 
and 11 positions where the target could occur from stream onset (1, 1.5, 2, 2.5, 3, 3.5, 
4, 4.5, 5, 5.5, and 6 s). Target onset was chosen completely random, that is, for some 
participants not all target positions may have occurred. Each alphanumeric character 
was presented for 0.25 s with 0.25 s between two successive characters, so that each 
stream consisted of 10 to 15 alphanumeric characters in total. �e estimation methods 
were similar to Experiment 1, with the only diªerence that two responses were requi-
red. In the motor reproduction task, a �rst spacebar press corresponded to the time 
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point of target occurrence, and a second spacebar press corresponded to the end 
of the stream. Similarly, a �rst mouse click on the timeline corresponded to tar-

get occurrence, and a second mouse click to the end of the stream in the timeline 
estimation task. Participants received immediate feedback similar to the feedback in 
Experiment 1, with two additional bars corresponding to the veridical and estimated 
target occurrence (or interval to target onset).

�e experiment was divided into two blocks (i.e., one block for each estimation 
method) of 60 experimental trials (i.e., ten trials per duration) each. Order of blocks, 
and thus estimation methods, was counterbalanced between participants. Before the 
start of each block, participants received instructions about the estimation method 
to be used in the upcoming block, and they performed 12 practice trials in order to 
get accustomed to the timeline and the estimation method before the start of the 
experimental trials. �e order of trials was the same in each block but varied between 
participants.

As in Experiment 1, half of the participants performed a calibrated version of the 
estimation tasks. In the calibrated version the training-trials consisted also of longer 
overall intervals than those in the test trials (3.25, 6.25, and 9.75 s), while in the un-

Figure 3.3: Trial procedure of Experiment 2. Participants were presented with a stream of num-
bers with one target letter. �eir task was to estimate the interval from the beginning of the stream 
until the target onset, and also of the total duration of the stream by either A) pressing a key at the 
estimated moments (motor reproduction) or B) clicking on a timeline (line estimates). Feedback 
was presented at the end of each trial.
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calibrated version training trials were chosen up to the longest duration of test trials 
(2.25, 4.75, and 7.25 s). �e experiment �les can be found at https://osf.io/w38qg/.

Analysis. All estimates shorter than 0.2 s and longer than 11 s (1.95% of the 
data) were excluded from analysis. �e longest durations of the target estimates (5, 5.5 
and 6 s) were also excluded from analysis, because there were on average less than 4 
trials per condition per participant, leading to unreliable calculations of the error and 
CV measures. �e analysis procedure was similar to Experiment 1. Target and stream 
estimates were analyzed separately. �e durations were centered at 2.75 s and 6 s for 
target and stream estimations, respectively. All categorical �xed factors were recoded 
using eªect coding (-0.5 and 0.5), to facilitate the interpretation of main eªects when 
interactions are included in the model. In the current experiment, there were two 
estimation methods (motor reproduction and timeline estimation) instead of three 
methods in Experiment 1. �erefore, instead of post-hoc contrast results, we will re-
port the β-coe®cient and t-value of factors in the �nal LMM, as they are a direct 
representation of the diªerence between the estimation methods. �e analysis scripts 
and results can be found at https://osf.io/w38qg/.

Results
Estimates. Interval to Target Onset. Figure 3.4A shows the average estima-

tes of the interval between stream onset and target onset for the diªerent condi-
tions. We found that, overall, target estimates increased with the presented onset  
(χ2(1) = 2105.36, p < .001; β = 0.66, t = 19.54). In addition, motor reproductions were 
shorter than line estimates (χ2(1) = 26.31, p < .001; β = -0.14, t = -2.94). No other �xed 
eªects reached signi�cance. 

Total Stream Duration. �e stream estimates also increased with the presen-
ted duration (χ2(1) = 792.99, p < .001; β = 0.57, t = 16.87), but here the slope was 
steeper for motor reproductions than for line estimates (χ2(1) = 7.13, p = .008; β = 0.09,  
t = 2.55). Model comparison showed a stronger eªect of calibration for the line esti-
mates compared to the motor reproduction methods (χ2(1) = 24.85, p < .001), although 
this eªect did not reach signi�cance after including random slopes in the �nal model  
(β = -0.35, t = -1.68, p = .101). In addition, the eªect of calibration on the slope was lar-
ger for the line estimates compared to the motor reproductions (χ2(1) = 4.44, p = .035;  
β = -0.17, t = -2.31). Overall, these results suggest that stream estimates were more 
veridical for the motor compared to the line condition, but that calibration with a 
longer time line decreased this diªerence.

Absolute Error. Interval to Target Onset. Figure 3.4B shows the avera-
ge absolute error for the estimations of diªerent durations for each condition. �e 
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LMM showed that the absolute error of target estimates increased with duration  
(χ2(1) = 5.37, p = .020; β = 0.03, t = 2.57). Model comparison suggested that there was 
a diªerence between line estimates and motor reproductions (χ2(1) = 4.60, p = .032), 
but this eªect was not signi�cant after including random slopes (β = -0.06, t = -1.12,  
p = .271). Overall, calibration condition did not aªect the absolute error.

Total Stream Duration. In line with the absolute error of the target estimates, the 
error of the stream estimates increased with duration (χ2(1) = 45.02, p < .001; β = 0.15, 
t = 9.60). In addition, model comparison showed an interaction eªect of estimation 
method and calibration condition, but this eªect did not remain signi�cant in the �nal 
model (χ2(1) = 5.69, p = .017; β = 0.17, t = 0.96). However, the slope diªerence between 
the calibration conditions was larger for the motor compared to the line estimates 
(χ2(1) = 4.64, p = .031; β = 0.18, t = 3.00). �e �nal model also revealed a steeper slope 
for the motor compared to the line condition (β = 0.07, t = 2.34).

Coefficient of Variation (CV). Interval to Target Onset. Figure 3.4C shows the 
CV for the diªerent duration and conditions. We found that the CV decreased with 
duration (χ2(1) = 75.60, p < .001; β = -0.04, t = -8.98). We found no diªerences bet-
ween the estimation methods or the calibration conditions.

Total Stream Duration. In contrast to the target estimates, the CV of the stream 
estimates did not change with duration (χ2(1) = 0.44, p = .509). However, the slope 
was more positive for motor compared to target reproductions (χ2(1) = 4.85, p = .028; 
β = 0.02, t = 2.21).

Sequential Context Effects. Interval to Target Onset. We started with the 
LMM established to predict the target estimates (including duration and estimation 
method as �xed factors). We then sequentially added previous target and stream dura-
tions. We found that target estimates were signi�cantly in�uenced by target estimates 
in the previous trial (i.e., N-1; χ2(1) = 23.16, p < .001; β = 0.05, t = 4.82). �is eªect did 
not diªer between the motor and line estimates. �ere was no signi�cant eªect of N-2 
(χ2(1) = 2.65, p = .104). We also tested whether the stream estimates in the current 
trial in�uenced the target estimates, but there was no evidence that this was the case 
(χ2(1) = 0.89, p = .345). 

Total Stream Duration. �e estimates of the stream durations were in�uen-
ced by the stream duration in the previous trial (χ2(1) = 38.24, p < .001; β = 0.14,  
t = 7.33). �is eªect did not diªer statistically between estimation methods (χ2(1) = 2.89,  
p = .089). �e stream estimates were also in�uenced by target onset (χ2(1) = 27.55,  
p < .001; β = 0.66, t = 5.14) and target onset in the previous trial (χ2(1) = 9.59,  
p = .002; β = -0.04, t = -3.18). �e latter eªect was stronger for line estimates compared 
to motor reproductions (χ2(1) = 8.23, p = .004; β = 0.06, t = 2.59).
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Reaction Time. Figure 3.4D shows the average response times. We found 
that duration, estimation method and their interaction improved the model �t  
(χ2(1) = 47.82, p < .001, χ2(1) = 1282.98, p < .001 and χ2(1) = 5.95, p = .015, res-
pectively). In line with Figure 3.4D, the �nal model showed that RTs were higher  
(β = 0.91, t = 3.21), and the increase of RTs with duration was larger (β = 0.71, t = 11.63), 
for motor reproductions compared to line estimates. �ere was no overall eªect of ca-
libration condition (χ2(1) = 2.33, p = .013). Although the interaction between estima-
tion method and calibration condition improved the model (χ2(1) = 43.98, p < .001), 
this �xed eªect was not signi�cant in the eventual model including random slopes  
(β = 0.76, t = 1.47).

Figure 3.4: A, Average inter-
val-to-target and total stream 
duration estimates for the timeline 
and motor conditions and calibra-
tion conditions. �e grey dashed 
line represents veridical perfor-
mance. B, Average absolute error 
of the target and stream estimates 
for the timeline and motor condi-
tions and calibration conditions. 
C, Average CV of the target and 
stream estimates for the timeline 
and motor conditions and cali-
bration conditions. �e error bars 
represent the standard error of the 
mean. D, Average response time 
(RT) of the stream estimation for 
the timeline and motor conditions 
and calibration conditions. In all 
�gures, the error bars represent the 
standard error of the mean.

Reaction time

5 6 7
0

1

2

3

4

duration (s)

RT
 (s

)

D

5 6 7

Accuracy
line motor

1

2

3

4

es
tim

ati
on

 (s
)

A

2 4 6 8
duration (s)

0.1

0.2
0.3
0.4
0.5

CV

Coefficient of variationC

2 4 6 8

0.0
0.4
0.8
1.2
1.6

ab
so

lu
te 

er
ro

r (
s)

Absolute errorB calibrated
uncalibrated

target
stream



Chapter 382

Discussion
In Experiment 2, participants were asked to reproduce the interval between the 

onset of an alphanumeric stream and a target letter in the stream as well as the end 
of the stream. �e results suggest that the motor reproductions had a slightly more 
veridical slope than the line estimates, but only for the stream estimates. In line with 
Experiment 1, the CV decreased with duration, violating the scalar property. �e 
overall precision of the responses of the motor reproductions and line estimates was 
similar, however, the variability increased more with the presented duration for motor 
reproductions. Whereas calibration had no eªect on motor reproductions, it improved 
the average accuracy of the stream estimates in the line condition. As in Experiment 
1, we found that reaction times were stable over the diªerent test durations and lower 
overall in the line condition.

We again found that previously perceived target or stream durations in�uenced 
target and stream estimates in the current trial, and there was no diªerence between 
estimation methods. �ere was also an eªect of target onset on stream estimates, in 
that the later the target appeared, the longer the stream was estimated. One explana-
tion is that participants use a sort of relative timing: if the target occurred relatively 
late, the duration of the stream was probably longer (see also Van Rijn & Taatgen, 
2008). In the line estimation condition, another explanation of this �nding is that 
participants tend to keep their distance from the target estimates when making the 
second estimates on the stream duration, an eªect that might be similar to the bias 
of avoiding the end of the scale. �us, if the target occurred relatively late, the stream 
duration estimate will be shifted to having occurred later (see also Damsma, Van der 
Mijn, & Van Rijn, 2018, who show that estimates of the timing of targets in an at-
tentional blink paradigm are not independent of each other). Interestingly, we found 
a diªerence between estimation methods in the eªect of the previous target onset on 
stream estimates. �is eªect may have been more prevalent in the line estimation con-
dition because of the strong visual representation in the line compared to the motor 
condition. Not only were participants able to see their target estimate in the line con-
dition, but it was also potentially easier to incorporate the feedback of the previous tri-
al because it was visualized in the exact same way as participants gave their estimates. 
Because of the increased task complexity in Experiment 2, the visual representation 
might have been taken more into account as compared to Experiment 1.
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General Discussion

In the current study, we compared the accuracy and precision of interval estima-
tions using a visual analogue scale (or, a timeline) to non-spatial estimation methods 
(motor reproductions in Experiment 1 and 2 and verbal estimations in Experiment 1). 
If, regardless of estimation method, temporal estimates undergo the same or similar 
transformations, we expected to �nd no diªerences between the diªerent estimation 
methods. If, on the other hand, a mental transformation from time to space is re-
quired, we would expect costs in accuracy and precision in the timeline estimates. In 
Experiment 1, we found similar accuracy for line estimates and motor reproductions, 
whereas the precision was higher for motor estimates. Verbal estimates seemed to lead 
to the most accurate and precise estimates. However, the pattern we found in absolute 
errors suggests that this estimation method comes with its own unique problems that 
we discuss further below. In the more complex paradigm of Experiment 2 we found 
that estimates were slightly more accurate for motor reproductions compared to time-
line estimates, while the precision was similar. 

Taken together, these results suggest that both motor reproduction and timeline 
estimation can be reliably used to measure subjective timing. �is could indicate that 
space and time have a similar neural representation (e.g., Walsh, 2003, 2014) or that 
transformation into space has only a relatively minor cost, roughly equivalent to the 
eªect of noise introduced by manual reproduction. Alternatively, it is possible that 
time is represented in a su®ciently abstract way to make transformation to any other 
representational form eªortless and equally accurate. In either case, however, it is im-
portant to note that both motor reproductions and line estimates might come with 
their own respective sources of noise. For motor reproductions, this would be motor 
noise and also the previously discussed ‘one-shot’ approach in reproducing intervals. 
For timeline estimates, participants �rst have to learn how exactly time translates 
into space when using a speci�c timeline. �is means that even if time would be 
represented spatially, a source of noise in line estimates could be that participants 
have to scale their spatial representation of time before giving an estimate. Because 
it is di®cult to disentangle these sources of noise from noise in the representation of 
time, the diªerences in accuracy and precision between the estimation methods do 
not allow arguing in favor or against the idea of a spatial time or general magnitude 
representation.

In Experiment 1, we found that verbal estimates were more accurate and precise 
than timeline estimates and motor reproductions, implying that verbal estimates are 
superior to other estimation methods. However, participants were encouraged to ex-
press their subjective estimate in familiar terms (in this study: seconds). �is familiari-
ty might come at a cost: We found that the verbal estimates displayed an inconsistent 
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pattern of precision, in which rounded integer intervals were estimated with higher 
precision than non-integer intervals. �is pattern can be explained in three ways: 1) 
the emphasis on ‘seconds’ might lead participants to think about time in terms of 
these pre-learned units, 2) the method might have encouraged participants to count 
(although they were explicitly instructed not to count), and 3) the method of report 
might have encouraged some participants to round their estimate to the nearest inte-
ger, without using the fractional part. Regardless of the origin of the precision pattern, 
the results indicate that verbal estimates might encourage participants to think about 
time in a less ‘linear’ and a more ‘categorical’ way. Indeed, this is in line with the idea 
that verbal estimates are “contaminated by linguistic and semantic tags associated with 
traditional units of time perception” (Hancock & Block, 2012). �ese hypotheses im-
ply that verbal estimates might be less accurate or precise when, for example, a range 
of sub-second intervals is reproduced. Future studies might test this idea by compa-
ring estimation methods in diªerent interval ranges.

�e diªerences in the results of Experiment 1 and 2 might be due to the diªerent 
paradigms. First, participants had to reproduce two intervals in Experiment 2 (i.e., 
target onset and stream oªset), and only a single interval in Experiment 1. �is makes 
the task more di®cult, which results in a higher absolute error in Experiment 2 (see 
also Brown, Stubbs, & West, 1992; Brown & West, 1990). In addition, the estimates 
of the �rst and second interval might not be completely independent: the results show 
that there is an intercept diªerence, accompanied by a ‘local’ pull towards the mean, 
dependent on whether the �rst or the second interval is reproduced (see also Damsma, 
Van der Mijn, & Van Rijn, 2018). �ese dependencies might be stronger when they 
are visually represented on a timeline compared to motor reproductions. Second, lon-
ger intervals were presented in Experiment 2, which would also decrease the precision, 
in line with the scalar property.

One explanation for the lower accuracy in the timeline estimates in Experiment 
2 is an increased response bias (i.e., reluctance to use the end of the scale), because 
the timeline oªers a more explicit physical range compared to motor reproductions. If 
this is the case, we expected that estimates would be more accurate when the interval 
range is arti�cially increased in pre-experiment calibration trials. Indeed, the results 
of Experiment 2 showed that calibrating participants with a larger range increased 
the accuracy for longer intervals (i.e., the stream duration estimates), with similar 
precision. In Experiment 1, the calibration neither improved the overall accuracy, nor 
the accuracy of the longer intervals. Overall, these results suggest that the range of 
the timeline should be taken into account, as a range that is larger than the actual test 
durations might reduce the response bias for longer intervals. In the current study, the 
resolution of the timeline was identical in the calibrated and non-calibrated condition 
(1 pixel on screen corresponded to 0.01 s). Future studies could test whether this pro-
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perty of the timeline aªects accuracy and precision of estimates, especially if the range 
of test durations is much larger than in the current study. Additionally, participants 
in our experiments received feedback about their accuracy on a line in every estima-
tion condition, to keep the conditions as similar as possible. �is way of presenting 
feedback could potentially bias participants towards a spatial representation of time. 
Future studies might test this notion by removing the feedback or varying the feed-
back modality. 

Overall, the results show that each estimation method comes with its own unique 
advantages and drawbacks. Line estimations oªer the advantage of a stable response 
time, which can allow the researcher to increase the number of trials in supra-second 
interval estimation experiments (i.e., using intervals longer than ~1.5 s). However, 
compared to motor reproductions, there might be a small cost in accuracy, potentially 
because of a required spatial transformation. �is diªerence might be overcome by 
calibrating participants with a suitable interval range. Motor reproductions oªer an 
intuitive estimation method, but the response times scale linearly with the presented 
intervals. In addition, it is di®cult to disentangle the precision of the actual temporal 
estimate from motor inaccuracies (Droit-Volet, 2010; Hallez, Damsma, Rhodes, Van 
Rijn, & Droit-Volet, 2019). In Experiment 1, we showed that verbal estimates are 
more accurate and precise than line estimates and motor reproductions. However, the 
precision of verbal estimates depends on whether the interval is a whole integer, in-
dicating a bias towards familiar whole second units. Although future research should 
further investigate the reliability of estimation methods in diªerent timing experi-
ments, the current study can point timing researchers to a more optimal estimation 
method given their speci�c paradigm.
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Abstract

Timing is key to accurate performance, for example when learning a new complex 
sequence by mimicry. However, most timing research utilizes arti�cial tasks and sim-
ple stimuli with clearly marked onset and oªset cues. Here we address the question 
whether existing interval timing �ndings generalize to real-world timing tasks. In this 
study, animated video clips of a person performing diªerent everyday actions were 
presented and participants had to reproduce the main action’s duration. Although 
reproduced durations are more variable then observed in laboratory studies, the data 
adheres to two interval timing laws: Relative timing sensitivity is constant across dura-
tions (scalar property), and the subjective duration of a previous action in�uenced the 
current action’s perceived duration (temporal context e�ect). Taken together, this de-
monstrates that laboratory �ndings generalize, and paves the way for studying interval 
timing as a component of complex, everyday cognitive performance.
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Introduction

Timing and the perception of time are fundamental aspects of our daily life. 
Anything we perceive and experience is expressed over time, and adaptive cognitive 
performance requires accurate timing, ranging from determining the time between 
glances in the rear-view mirror while driving, to a well-timed pause in a speech to 
increase rhetorical eªectiveness. �e timing of short intervals, referred to as interval 
timing, has been extensively studied. However, these studies typically entail proces-
sing an interval marked by simple and static stimuli with highly salient and clearly 
de�ned on- and oªsets. �is leaves no ambiguity about the exact start- and endpoint, 
whereas events in the real world often lack sharp and salient on- and oªsets, as, for 
example, it is not clearly de�ned at what sound level a silence commences. In addi-
tion, unlike the focused setting of experimental studies, interval timing in the real 
world is usually embedded in a context consisting of many diªerent durations associ-
ated with diªerent subtasks perceived from the �rst- or third-person perspective. As 
a consequence, results from laboratory studies might have low external validity as it is 
unclear to what extent the general “laws” derived from extensive laboratory �ndings 
generalize to more complex environments (Darlow, Dylman, Gheorghiu, & Mat-
thews, 2013; Matthews & Meck, 2014; Van Rijn, 2014). Here, we report on a study 
that addresses the question of whether the two prominent law-like properties, scalar 
property and context eªects, generalize to the timing of more realistic timing tasks.

�e scalar property (e.g., Allman, Teki, Gri®ths, & Meck, 2014; Wearden & 
Lejeune, 2008; for an extensive review, see Grondin, 2014) is a form of Weber’s law, 
stating that the standard deviation of repeated estimations of a duration is propor-
tional to the average estimated duration. Consequently, timing sensitivity follows 
Weber’s law in that relative sensitivity is preserved for varying interval durations.

�e second phenomenon is the eªect of context on interval timing. Context ef-
fects can be found on a global level (Vierordt’s law) and a more local level (trial-by-tri-
al eªects). Vierordt’s law describes the central tendency eªect: when confronted with 
varying interval durations, participants tend to overestimate short durations and un-
derestimate long durations (Lejeune & Wearden, 2009). By manipulating temporal 
context, Jazayeri and Shadlen (2010) showed that participants under- or over-repro-
duced the duration of the same interval depending on temporal context, and exp-
lained their �ndings using a Bayesian model which takes into account the underlying 
distribution of samples. Local context eªects are more concerned with the recent his-
tory of encounters with intervals of varying durations (i.e., sequential dependencies). 
Dyjas, Bausenhart and Ulrich (2012) explained sequential eªects and �uctuations in 
behavioural performance with a mathematical model which, on each trial, combines 
previously and currently available information about stimulus durations to form one 
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representation. Both global and local contexts eªects have been extensively studied 
not only in laboratory-based timing tasks (see Van Rijn, 2016, for a review), but also 
in non-timing tasks (e.g., distance, length or angle estimations as reviewed in Petz-
schner, Glasauer, & Stephan, 2015), showing that these eªects are highly robust and 
apply to many psychophysical tasks. 

As stated above, these psychophysical laws have been established in arti�cial 
experimental settings. As a �rst step towards the use of ecologically valid stimuli 
a new line of research has emerged in which more dynamic stimuli are used (e.g., 
moving or rotating geometrical shapes; Matthews, 2011; Sasaki, Yamamoto, & Mi-
ura, 2013). Interestingly, this work demonstrated that using dynamic stimuli aªects 
the subjective perception of time, as moving stimuli seem to last longer than static 
ones, and apparent duration increases with increasing stimulus speed, a phenomenon 
known as subjective dilation (Eagleman, 2008). �ese results thus indicate that �n-
dings observed in the traditional literature might be speci�c to simple, static stimuli, 
and not generalize to more realistic stimuli. �is suggestion is supported by results 
of a “real-world” experimental paradigm in which the eªect of speed of driving on 
time perception was estimated (Van Rijn, 2014). Video snippets from a recording of 
a driving simulator session served as stimuli (driver’s perspective), and were played at 
either original, faster or slower speed. �e data exhibited the same subjective dilation 
eªects previously found (Eagleman, 2008): perceived duration increased with increa-
sing driving speed. Interestingly, this study did not just demonstrate that previous 
�ndings on subjective dilation generalize to real-world-like settings, but also de-
monstrated that laboratory �ndings in which typically perspective is not manipulated 
generalizes to timing from a �rst-person perspective.

In fact, perspective seems to be a highly understudied factor – although perspec-
tive is an important aspect of being in the real world. Everything we perceive, and 
thus also time, is perceived from �rst-person perspective. With simple stimuli the ef-
fect of perspective cannot be tested because there is no change in perspective possib-
le. �erefore, the eªect of perspective on time perception is as of yet unknown. Ho-
wever, it has been shown that perceived or imagined distance aªects time perception, 
in that events that happen further away from the observer seem to last longer (e.g., 
Gorea & Hau, 2013; Zäch & Brugger, 2008). One could imagine that �rst-person 
events happen spatially closer to the observer than third-person events – in line with 
the �ndings discussed above, perspective could alter time perception (in-) directly. 

Yet another diªerence between timing static or moving shapes in laboratory 
studies and timing in real-life settings is that ecological timing is often part of hu-
man-object- or human-human-interactions. Studies focusing on diªerences in time 
perception between animate and inanimate �gures have shown that animacy aªects 
time perception (Carrozzo & Lacquaniti, 2013; Carrozzo, Moscatelli, & Lacquaniti, 
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2010; Orgs, Bestmann, Schuur, & Haggard, 2011). �is work led to the proposition 
that diªerent mechanisms underlie the timing of biological motion (animate stimu-
li) and visual motion (inanimate stimuli), providing additional arguments against 
generalizing results from traditional laboratory studies to real-life timing contexts 
(Lacquaniti et al., 2014). Further, these studies sketch interval timing as a multiface-
ted process, in which perspective and the nature of the action that needs to be timed 
could have signi�cant impact on perceived duration. For example, Garsoªky, Huª 
and Schwan (2017) showed that, depending on semantic temporal gaps in videos 
showing series of everyday actions performed by human actors, the duration of a spe-
ci�c action was under- or overestimated. Videos in the long temporal gap condition 
consisted of clips of temporally distant actions and the target action was systemati-
cally underestimated, while in the short temporal gap condition videos consisted of 
clips of actions that are temporally closer together in the stream of events and caused 
the target duration to be overestimated in duration.

In the current study, we aimed to investigate interval perception in naturali-
stic contexts, while retaining optimal experimental control. Speci�cally, we asked 
whether common eªects found in traditional laboratory studies, the scalar property 
and context eªects, can be generalized to timing in real-world settings. Furthermore, 
we aimed to explore possible eªects of perspective on time perception. To this end, 
participants were asked to reproduce the duration of an action demonstrated in a 
video. Each video showed an animated person performing six diªerent everyday ac-
tions �lmed from �rst- or third-person perspective (for an example, see Figure 4.1). 
After watching the video participants were asked to reproduce the duration of the 
action (e.g., drinking) by pressing a key. Importantly, participants were not explicitly 
instructed when to start or end timing. 

Materials & Methods

Participants
Twenty-three students enrolled in the Psychology programme of the University 

of Groningen (mean age: 19.3 years, range: 18–22 years, 17 female) participated in 
the experiment and received partial course credit. Sample size was based on past 
research (e.g., 12 participants in Carrozzo & Lacquaniti, 2013; 38 participants in 
Van Rijn, 2014). All participants had normal or corrected-to-normal vision. Infor-
med consent as approved by the Psychology Ethical Committee of the University of 
Groningen (15008-NE) was obtained before testing.
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Stimuli
Videos of an animated human reference model (see below for details) perfor-

ming six diªerent actions recorded from third- and �rst-person perspectives and 
performed over shorter or longer durations served as stimuli. �e actions were drink 
(�gure drinks from a cup), mix (�gure uses a whisk to mix something in a bowl), pour 
(�gure pours a liquid into a cup), put on (�gure picks up a bowl and puts it on another 
object), take down (�gure picks up a bowl placed on another object and puts it down 
on the table), and pick & place (�gure picks up a whisk and puts it down at a diªerent 
location on the table). All action-related objects were located on a table before and 
put back on the table after the actions were performed. Importantly, video length 
was not correlated with the speed of the action (e.g., drinking fast), but video length 
determined how long an action, performed at normal speed, was executed.

Animated videos were based on video recordings of a human actress performing 
each of the six actions over diªerent time spans (Figure 4.1, top row). Movements 
were recorded by a marker-based motion capture system (VICON, http://www.vicon.
com, sampling rate of 100 Hz, marker position accuracy < 1 mm). Human movement 
recordings were encoded using the Master Motor Map (MMM) toolkit (Terlemez 
et al., 2014), which is underlying a generic framework for uni�ed representation and 
transfer of whole-body human motions to diªerent embodiments (e.g., humanoid 
robots or animated characters). Finally, the scene and the animated human reference 
model were generated with MMM-based animated characters and 3D object models 

Figure 4.1: Exemplary depiction of the action drink in the short video condition. Animated 
videos were obtained from videos of an actress doing the same everyday actions with real objects 
and wearing a motion capture suit (top). �e two bottom panels show the animated human re-
ference model as seen from third (middle) and �rst-person perspective (bottom) based on the 
human template video.

human template:

animated human reference model: third-person view:

animated human reference model: first-person view:

t = 0.0 s 0.8 s 1.6 s 2.4 s 3.2 s 4.0 s 4.8 s
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(e.g., a red cup) as described in Wächter and Asfour (2015) and illustrated in Figure 
4.1. �e entire motion data set, including MMM representations and object mo-
dels, is publicly available as a part of the KIT whole-body human motion database 
(available at: https://motion-database.humanoids.kit.edu/; Mandery, Terlemez, Do, 
Vahrenkamp, & Asfour, 2015).

We chose to use an animated human reference model instead of human actors 
to control for confounding factors like variations in background noise or emotions 
conveyed by facial expressions (e.g., Fayolle & Droit-Volet, 2014). With 6 actions, 2 
perspectives, and 2 length conditions, a total of 24 animated videos were created to 
be used as stimuli.

Procedure
Participants were seated, at normal operating distance, in front of a Iiyama Vi-

sion Master Pro 513, 22 inch screen with a resolution of 1024 × 768 px and a refresh 
rate setting of 100 Hz. Participants were provided with instructions informing them 
that they would be asked to reproduce the duration of an action observed in the video 
presented on that trial. Each experimental trial started with the presentation of a 
short text describing the action that would be presented (e.g., mixing). After 3 s, one 
of the 24 videos was presented centrally with a resolution of 960 × 540 pixels. After 
the end of the video the screen went blank for 1 s, followed by a grey circle presented 
in the centre of the screen. �is circle indicated that participants could reproduce the 
duration of the action by pressing down the spacebar. As a visual aid, the grey circled 
turned white while the spacebar was pressed down (i.e. during the interval reproduc-
tion). One additional trial sampled randomly from the 24 available videos served as a 
practice trial at the beginning of the experiment. Data from this trial were not analy-
sed. Importantly, no explicit instructions (or visual or auditory aids) were provided to 
indicate when an interval was supposed to start or end; the start- and endpoints of a 
speci�c action had to be determined by the participants themselves. However, it was 
explicitly stated in the instructions that the start- and endpoint of the action would 
not necessarily coincide with the start and end of the video. Videos were presented in 
random order. Each video was presented four times, resulting in a total of 96 trials. 
�e experiment was programmed in OpenSesame version 3.0.3 (Mathôt, Schreij, & 
�eeuwes, 2012). �e experimental script is available online at: http://osf.io/y9zex.

Objective Durations
To compare the reproduced durations to objective durations, we computed ob-

jective durations using the Semantic Event Chain (SEC) extraction algorithm that 
is used in AI and robotics to decompose actions or action sequences into atomic 
(sub-)actions (Aksoy, Aein, Tamosiunaite, & Worgotter, 2015; Wächter & Asfour, 
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2015). During SEC extraction, videos are examined and segmented according to 
spatiotemporal hand-object relations and actions can be categorized (e.g., approach, 
grasp, withdraw) based on semantic object-object and object-hand contact relations. 
Based on this segmentation process, we de�ned the duration of the main action as 
lasting from the �rst contact with the involved object until letting go of that object, 
resulting in the following durations (ordered from shortest to longest): 0.83 s (take 
down short version), 0.96 s (put on short), 1.07 s (pick & place short), 1.82 s (pick 
& place long), 1.88 s (put on long), 2.32 s (drink short), 3.02 s (take down long),  
3.24 s (mix short), 3.68 s (pour short), 6.63 s (mix long), 8.06 s (pour long), 8.92 s 
(drink long). We validated this algorithm in an additional experiment (see Supple-
mental Material available at: https://osf.io/y9zex).

Data Analysis
�e data analyses focused on three main questions: 1) Do the local and glo-

bal context in�uence the perceived duration; 2) is there an eªect of perspective on 
perceived duration; 3) is the scalar property observed in these data, operationalized 
by two diªerent measures discussed below. For these analyses, we created Linear 
Mixed Models (LMMs) using the lme4 package (version 1.1–10; Bates, Mächler, 
Bolker, & Walker, 2014) in R version 3.2.2 (R Development Core Team, 2008). 
To test whether including a �xed factor improved the LMM, we performed model 
comparisons using likelihood ratio tests. Participant and action were always ente-
red as random intercepts. After model comparison, we sequentially added random 
slopes for participant and the �xed factors, and action and the �xed factors (exclu-
ding objective duration), to the model to test whether this aªected the results. In all 
LMM analyses, we found that the random slopes did not change the eªects of the 
�xed factors qualitatively. �erefore, we will report the results of the simpler random 
intercept models here. For both signi�cant and non-signi�cant �xed factors in the 
LMMs, we used Bayesian analyses to quantify the evidence in favour of the alterna-
tive hypothesis. To this end, we compared the model including the �xed factor with 
the model without the factor using the lmBF function from the BayesFactor package 
in R (Morey, Rouder, & Jamil , 2014). �e evidence for H1 over H0 will be denoted 
as BF10. All analysis scripts and data are available at: http://osf.io/y9zex. 

First, we tested the data for context eªects. To test whether there was a global 
pull towards the (subjective) mean, an LMM was estimated with bias (the diªeren-
ce between the reproduction and the objective duration) as dependent variable and 
objective lag as �xed factor. Whereas perfect reproduction would yield a bias that 
is consistently 0 over durations, a pull towards the mean would result in a negative 
eªect of duration on bias. To investigate local context eªects, we tested the eªect of 
the previous (n-1, n-2, ...) subjective duration (i.e. the previous produced duration) and 
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the previous objective duration (i.e. the objective duration of the action, as provided 
by the action segmentation algorithm) on the current trial (i.e. the current produced 
duration). Reproduced action duration was entered as dependent variable. Objective 
duration of the current trial, perspective, and previous subjective or objective trial 
duration were entered as predictors. Following Taatgen and Van Rijn (2011), we ite-
ratively compared more complex models (e.g., a model including n-3, n-2, n-1) with 
simpler models (e.g., a model including n-2 and n-1). �e same model comparison 
approach was used to test for eªects of perspective. 

To test the data for the scalar property, following Wearden and Lejeune (2008), 
the coe®cient of determination (r2) was determined by correlating the standard de-
viation of the reproduced action duration (S), averaged over all participants, with 
the mean reproduced duration (M) of each action in the long and short condition 
separately (i.e. for the 12 unique action-duration combinations, data from the diªe-
rent perspectives was pooled together). Additionally, the coe®cient of variation (CV 
= S ÷ M) was calculated for each video and participant separately. An LMM was 
constructed to assess the in�uence of duration on CV, testing whether CVs diªered 
across action durations. 

Results

Figure 4.2 and Figure 4.3a depict the mean reproduced action durations for each 
action in the short and long version (i.e., for each objective duration). Visual inspec-
tion of the results in Figure 4.2 suggests that shorter durations were overestimated, 
whereas longer durations were underestimated. �is can be seen in Figure 4.2 as 
the reproduced durations (green/ orange dots) for the shorter durations (at the top 
of the �gure) were reproduced as longer than the objective durations (grey dots), 
whereas the inverse is observed for the long action duration (at the bottom of the �-
gure). Indeed, the LMM showed that the reproduction bias decreased with duration  
(β = –0.51, t = –31.06, p < .001, BF10 > 100), indicating a signi�cant pull towards the 
(subjective) mean. 

If this pull towards the mean is driven by a continuously updating memory re-
presentation that re�ects recent experiences, the durations perceived before the cur-
rent trial must in�uence the current trial’s estimate. Model comparisons showed that 
including subjective N-1 improved the model predicting reproduced action duration 
signi�cantly (χ2(1) = 66.19, p < .001, BF10 > 100). �us, the subjective duration esti-
mation in the previous trial in�uenced the duration estimation of the current trial  
(β= 0.13, t = 8.23, p < .001), with previous estimates being positively correlated with 
the current estimate. Adding N-2 to the model did not improve the goodness of �t 
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(χ2(1) = 2.08, p = .149, BF10 = 0.11). For theoretical reasons, and following Taatgen 
and Van Rijn (2011), we did not test for an in�uence of N-3 without including N-2. 
�ese results support the hypothesis that reproduced action durations deviate syste-
matically from the objective durations, with a pull towards the mean. 

Alternatively, however, the eªect of the previous trial on the current reproduc-
tion could potentially be explained by attentional �uctuations or performance drift 
over the course of the experiment. It could, for example, re�ect a change in the wil-
lingness of the participant to hold down the response key. To disentangle the in�u-
ence of the subjective N-1 and these overall performance �uctuations, we calculated 
the relative bias (i.e. the diªerence between the reproduced and objective duration 
divided by the objective duration) for each trial. If the N-1 eªect depends on perfor-
mance �uctuations, we would expect that the bias in the current trial depends on the 
bias in the previous trial (e.g., if the estimation in the previous trial was too short, it 
will also be too short in the current trial). If, however, the N-1 eªect depends on the 
actual subjective duration in the previous trial, we would expect that the current bias 
re�ects the magnitude of this subjective duration (e.g., a negative bias if the previous 
subjective duration was shorter than the current duration). We created a mixed mo-

Figure 4.2: Estimated action durations. Coloured dots indicate mean reproduced durations for 
each action (short indicated with [s], long with [l]), averaged over all participants. Violin plots il-
lustrate the density distributions of participants' reproduced action durations. Grey dots depict the 
objective duration as de�ned by the action segmentation algorithm. Generally, shorter durations 
were overestimated and longer durations underestimated, demonstrating typical context eªects.
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del with bias as the dependent variable, and objective duration, previous subjective 
duration and previous bias as �xed factors. Model comparison showed that both 
previous subjective duration (χ2(1) = 44.39, p < .001, BF10 > 100) and previous bias  
(χ2(1) = 9.28, p = .002, BF10 = 5.59) improved the model signi�cantly. Both previ-
ous subjective duration and previous bias contributed positively to the current bias  
(β = 0.06 and β = 0.05, respectively). �us, whereas performance drift seems to play 
a role, it does not account for the eªect of the previous reproduction on the current 
reproduction.

We also tested for the eªect of the objective N-1. In contrast to the subjective 
N-1 duration, we found that adding the objective N-1 duration did not improve the 
model (χ2(1) = 2.77, p = .096, BF10 = 0.11). �us, it is not the objectively observed 
duration of the previous trial that in�uences the current trial’s estimate, but how this 
previous duration is observed.

As might be expected based on the similar locations of the orange and green dots 
in Figure 4.2, including perspective as a predictor of reproduced duration did not 
improve the model’s �t (χ2(1) = 1.90, p > .250, BF10 < 0.01). Supported by a decisive 
Bayes Factor, it can be concluded that manipulating whether participants saw an 

Figure 4.3: Estimated action durations (A) and variance associated with estimated durations 
(B) for the short and long version of the 6 di�erent actions. Panel A depicts mean reproduced 
durations (error bars indicate the 95% CI, corrected for between-subject variability), averaged over 
all participants and �rst-/third-person perspective trials, plotted against the objective duration. 
Reproduced durations diªer from the objective durations (diagonal dashed line): shorter durations 
were overestimated, whereas longer durations were underestimated, demonstrating context eªects. 
Panel B depicts the standard deviation over subjective duration for all 12 actions. Conforming to 
the scalar property, regression of mean standard deviation (error bars indicate the 95% CI, correc-
ted for between-subject variability) against mean reproduced duration (circles) revealed a linear 
relationship (solid line) with r2 = .92. Calculated coe®cients of variation (triangles) did not diªer 
signi�cantly from each other.
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action in �rst- or third-person perspective did not in�uence perceived durations in 
the current experimental setup. Consequently, data was pooled over perspective for 
subsequent analyses. 

To assess whether the scalar property held in the current data, we addressed the 
correlation between the standard deviations and the mean reproduced durations and 
tested whether subjective duration predicted coe®cients of variation. �e results of 
both analyses suggest that the scalar property holds, as the standard deviations (S) 
and mean reproduced durations (M) were highly correlated with r2 = .92, p < .001, 
(Figure 4.3b), and the CV values of the diªerent action durations did not diªer from 
each other, as revealed by an LMM performed on the CV values of all participants  
(β = 0.00, t = –0.95, p > .250, BF10 = 0.23). 

Discussion

Do the general laws of interval timing, derived from scores of experiments using 
static and highly arti�cial stimuli, generalize to more real-world like settings? Al-
though some studies using dynamic stimuli suggest that interval timing can be aªec-
ted when more realistic stimuli are used, this study demonstrates that two basic time 
perception laws hold, even when naturalistic stimuli are used. �ese results pave the 
way for integrating interval timing theories in computational or quantitative theo-
ries of complex cognitive behaviour studied in real-world settings. For example, when 
operating complex machinery, many intervals need to be tracked simultaneously as 
diªerent aspects of complex machines may need attention at diªerent intervals, or 
when speaking in front of a group of individuals, speci�c intervals might be associated 
with diªerent aspects of interaction. �is research demonstrates that in these cases, 
the global context eªect will cause overestimation of the shortest duration and unde-
restimation of the longest, local context eªects predict sequential dependencies on a 
trial-by-trial basis, and the scalar property suggests that the error in shorter duration 
will be smaller than the error in longer durations. Taking these eªects into account can 
explain additional variance when studying complex tasks, providing researchers with a 
more direct picture of the non-temporal aspects of the task under study. 

Before turning to the eªect of context and the scalar property, one aspect of the 
empirical data needs to be discussed as it deviates from the results obtained with 
more standard stimuli. As can be seen in Figure 4.3, Panel B, the average coe®cient 
of variation is around .25, and the regression line �tted through the average standard 
deviations and subjective durations has a slope of .23. �ese values are notably larger 
than reported in a review of coe®cients of variations by Gibbon, Malapani, Dale and 
Gallistel (1997). In this review, durations between 2 and 8 seconds have an average 
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coe®cient of variation below .2, often closer to .1. �is diªerence can also be obser-
ved by comparing the probability densities of interval reproductions of the current 
study (Figure 4.2) with a laboratory-based reproduction task using auditory stimuli 
with clear on- and oªsets (Figure 2 in Kononowicz, Sander, & Van Rijn, 2015), as 
the arti�cial stimuli resulted in narrower distributions. A major diªerence is that in 
the current experiment on- and oªsets of the duration were, on purpose, not clearly 
de�ned as distinct events, so one possible explanation of the higher variance could be 
that participants encountered di®culties in determining or remembering the exact 
on- and oªset of an action. However, in the additional experiment (see Supplemental 
Material available at: https://osf.io/y9zex) we found that participants in general have 
a very precise and consistent idea of when an action started and ended, and how long 
it lasted. To shed more light on this matter, a future experiment could experimentally 
manipulate whether distinctiveness of on- and oªsets has an eªect on how well the 
interval marked by those events can be reproduced.

Context Effects
A consistent �nding in studies on interval perception that use multiple, slightly 

diªerent interval durations is the context eªect. �e duration of the previous trial 
(i.e. local context) and even the complete history of previously encountered interval 
durations within an experiment or experimental block (i.e. global context) aªect the 
perception of the current interval (for a review, see Van Rijn, 2016). Data from the 
current study exhibited similar eªects of temporal context. Figure 4.3A shows the 
typical pattern of global context eªects: shorter durations are systematically overesti-
mated while longer durations are underestimated. �e analysis of local context eªects 
revealed that not the objective duration of the previously presented stimulus, but the 
subjective previous duration in�uences our current interval perception. Since the pre-
vious subjective duration was in fact the previous interval reproduction, it may be a 
better measure of how participants perceived and stored a given interval than the ob-
jectively measured duration of the previous interval. Furthermore, any given subjective 
N-1 trial comprises the subjective N-2 trial (the N-1 of the N-1 trial), which itself 
comprises the subjective N-3 trial, and so on. �us, subjective N-1 re�ects the comple-
te history of encountered intervals – the temporal context (see also Dyjas, Bausenhart, 
& Ulrich, 2012). �ese results demonstrate that in naturalistic tasks, empirical estima-
tes of previously perceived durations, instead of objective duration, is a more powerful 
predictor of subsequent behaviour.

Scalar Property
Data from the current study is in conformity with the scalar property of time 

perception. We found that variation in interval reproduction linearly increased with 



Chapter 4100

interval duration, and that the coe®cient of variation did not diªer across interval 
durations (see Figure 4.3). �us, participants’ timing sensitivity remained constant as 
the action durations varied from trial to trial. In principle, violations of, or large vari-
ations in, the coe®cient of variation can hint at participants using counting strategies 
while performing interval timing tasks (Allman et al., 2014; Wearden & Lejeune, 
2008). �is was not the case in the current study. �ese results indicate that even 
though the onsets and oªsets might be more di®cult to perceive, timing sensitivity is 
stable and will play a similar role in ecologically valid settings as it does in laboratory 
studies. 

Perspective
�e present data showed no sign of an eªect of �rst- versus third-person perspec-

tive. A possible explanation is that perceiving an action (or more generally: a scene) 
from �rst-person perspective is not su®cient to induce a feeling of authorship (Ebert 
& Wegner, 2010) or embodiment. �at is, in our experiment, participants only passi-
vely viewed actions being performed – they did not perform actions themselves. 

Although the Bayes Factor provided decisive evidence against an eªect of per-
spective in our setup, we prefer to refrain from making strong claims about general 
eªects of perspective (see also the introduction) until methods that elicit stronger 
eªects of perspective (i.e. paradigms utilizing virtual reality) have been tested. 

Conclusion
Timing is extremely important in many tasks and settings, and this study de-

monstrates that deviations to veridical timing as observed in the laboratory also aªect 
timing in the real world. We established that �ndings from arti�cial laboratory studies 
can be generalized to more real-world like settings and highlighted that, as in many 
domains, any percept is in�uenced by and embedded in context. Taken together, this 
study paves the way for studying interval timing as a component of complex, everyday 
cognitive performance. 
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Time & Other Dimensions

Our everyday environment is a dynamically unfolding world. �ere is no event 
that is not extended in time, as all events have, by de�nition, a duration. Under most 
circumstances other dimensions or properties of an event change over time, too. In 
the Introduction I used a cooking recipe as an example. When cooking, we expose 
ingredients to heat so that they change their texture, color, taste and smell: “In a 
separate pan, heat the oil and 1 small knob of butter over a low heat, add the onions, 
garlic and celery, and fry gently for about 15 minutes, or until soft but not coloured” 
(Jamie Oliver, A basic risotto recipe, step 21). Assuming that you found the perfect 
low heat, if the texture of the onions, garlic and celery has not changed yet, less than 
15 minutes must have passed. If the vegetables are changing color to gold-brown, 
more than 15 minutes must have passed. And if it smells burned and the content of 
the pan turned into black crumbles, far more than 15 minutes must have passed (or 
you did not get the low heat right). �inking about my own cooking habits, I indeed 
hardly ever use a timer but rely on other information that I can gather over time. And 
so, in everyday life, there are always cues (i.e., changes) in the environment helping 
us to tell time. We rarely encounter intervals as presented in traditional timing expe-
riments, in which intervals have a clear on- and oªset (e.g., the temporal comparison 
task described in Chapter 2 or the estimation task described in Chapter 3).

In recent years, the gap between real world and laboratory experiments has been 
narrowed by studying temporal judgements on intervals de�ned by more realistic and 
complex stimuli or events (i.e., stimuli or events that change in more than the time 
dimension), while still pro�ting from the controlled conditions in lab experiments 
(cf., Matthews & Meck, 2014; Van Rijn, 2018). One such example is the Raindrops 
task described and discussed in Chapter 1 and 2. In this task stimuli consisted of 
clouds of raindrops dynamically appearing and disappearing on the screen. �e rain-
drop clouds varied not only in duration (i.e., appearance of the �rst drop until disap-
pearance of the last drop), but also in numerosity (i.e., the total number of drops). 
From this and similar tasks we know that task-irrelevant magnitudes interfere with 
the magnitude of the task-relevant dimension (e.g., eªect of space on number: De-
haene, Dehaene-Lambertz, & Cohen, 1998; eªect of space on time: Cai & Connell, 
2016; Casasanto & Boroditsky, 2008; Xuan, Zhang, He, & Chen, 2007; eªect of 
numerical magnitudes on time: Cai & Wang, 2014; Oliveri et al., 2008). �ese mag-
nitude interference studies have demonstrated that the dimension time is often more 
vulnerable to these interference eªects than other dimensions, or, in other words,  
 
1You can �nd the complete recipe at https://www.jamieoliver.com/recipes/rice-recipes/a-ba-
sic-risotto-recipe/.
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duration judgements are in�uenced more by another varying magnitude than vice 
versa (Chapter 1 and 2, but see Lambrechts, Walsh, & Van Wassenhove, 2013; Mar-
tin, Wiener, & Van Wassenhove, 2017). �is is true whether the non-time dimension 
is presented dynamically (i.e., accumulative over time as in the Dynamic Raindrops 
task, Chapter 1 and 2) or statically (i.e., magnitude information is accessible from on-
set to oªset of the stimulus as in the Static Raindrops task, Chapter 2), meaning that 
dimensions other than time have an in�uence on our perception of time even if they 
are task-irrelevant and do not correlate (well) with duration. �is also means that it is 
unclear what exactly participants in these studies are actually processing – time, the 
non-time magnitude, or a mixture of both (see Leibovich et al. (2016) who make a 
similar case for the �eld of numerical cognition) – and which cognitive process causes 
magnitude interference eªects – for example, interference eªects could arise due to 
perceptual confusion, memory interference or response strategy (cf., Matthews & 
Meck, 2016). 

�e above example shows that the interpretation of the phenomena observed in 
realistic or ecologically valid interval timing experiments is not trivial at all. When 
manipulating one magnitude of a stimulus other magnitudes will be inevitably ma-
nipulated as well. In an extensive review including an open commentary section, 
Leibovich et al. (2016) discuss how manipulating numerosity in visual displays al-
ters other stimulus properties, namely: density, cumulative area, or overall-area. For 
example, in the Static Raindrops task the overall-area and size of each individual 
raindrop were kept constant (Chapter 2). If the comparison stimulus consisted of 
more raindrops than the standard stimulus, density and cumulative area are unavoi-
dably increased, too. Introducing time as another dimension further complicates the 
picture: when presenting another magnitude accumulatively (i.e., over time), a third 
dimension, namely rate of change, emerges. For example, if, within the same interval 
more raindrops appear (higher numerosity), the average rate of drop appearance will 
be higher compared to if fewer raindrops appear (lower numerosity). Because this 
rate information is inherently connected to both the time and the numerosity dimen-
sion, the task-irrelevant dimension and/or rate information is, to a certain degree, 
always predictive of the task-relevant dimension (see Chapter 1 for a discussion). 
Already in this slightly more complex experimental design it seems that our dynamic 
environment contains many clues about temporal magnitudes that can be derived 
from dimensions other than time.

A dimension that is tightly linked to the dimension of time is space. While in the 
risotto recipe example above changes in color and texture were translated into time, 
in everyday language we commonly borrow terms that are used to describe space 
to talk about time, and vice versa: “I have been thinking about the contents of this  
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chapter for a long time”, or “It’s a �ve minute walk from my o®ce to the city center”. 
Within the �eld of temporal cognition, this linguistic interchangeability of temporal 
and spatial terms gave rise to the idea that time is represented spatially (cf., Bender 
& Beller, 2014). In most of the studies incorporating temporal production or repro-
duction tasks participants give motor responses (i.e., they are asked to press a button 
for a speci�c duration). However, given the above notion of spatial representations of 
time, an alternative way of estimating the duration of intervals is by using timelines 
or visual analogue scales (e.g., Damsma, Van der Mijn, & Van Rijn, 2018; Roseboom 
et al., 2019). In the two experiments described in Chapter 3 we compared diªerent 
interval estimation methods (motor reproduction, verbal and timeline estimation). 
We found that each translation of time into another representation (motor, verbal or 
spatial) had its own advantages and disadvantages: motor reproductions were more 
precise (Experiment 1) and more accurate (Experiment 2) than timeline estimates; 
timeline estimates had the lowest reaction times; and, although verbal estimates were 
most accurate and precise, we found a bias towards integer units. Overall, these re-
sults suggest that we can �exibly translate time into the task required format.

In the study described in Chapter 4 we used more realistic or ecologically valid 
stimuli and found that reproductions still adhered to the scalar property and to global 
and local temporal context eªects (i.e., global context eªects similar to Vierordt’s law, 
or local context eªects such as N-1, N-2, etc.). What makes this chapter stand out 
compared to the previous chapters is that i) the intervals had no clear on- and oªsets2; 
ii) more complex visual events happened during the event (a stick �gure performing 
cooking-related actions); and iii) some properties were not precisely controlled for 
(e.g., the exact speed of a speci�c action in the short compared to the long condition). 

In summary, this thesis explored the perception of time in relation to other di-
mensions. In the Raindrops task, we found that participants use diªerent sources 
of information to make decisions; there are participants who rely more on temporal 
information, and there are those who rely on a mixture of temporal and other in-
formation (here: numerosity). In other words, there are diªerent types of “timers” 
or strategies to extract duration information (Chapter 1 and 2). We showed that 
time can be translated into diªerent representations with only little costs in accuracy 
and precision (Chapter 3). However participants time, and in however complex si-
tuations, the observed timing performance adheres to general time perception laws 
(Chapter 4). Consistent with other studies, we observed great �exibility in interval 
timing behavior regarding task and stimulus design. 

2In an additional experiment (see Supplemental Material at osf.io/y9zex) we found that, when 
indicating when exactly an action started and ended, participants strongly agree with each other 
(i.e., we found little variability in start- and endpoint estimates).
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�is �exibility raises the question of what kind of cognitive process it is that we  
are studying. So far, theories and models of interval timing can be grouped into two 
camps, the �rst holding the assumption that there is a dedicated cognitive process 
for interval timing (dedicated clock), while the second assumes that time and dura-
tion is an emergent property of other cognitive processes (time as intrinsic property). 
Conveniently, the main theories in the �eld of time perception have been formalized 
in various models (see the Overview in the General Introduction). �ese models can 
typically explain and replicate speci�c behavioral eªects (e.g., the scalar property or 
temporal context eªects), but the applicability to other phenomena and task designs 
is often limited (cf., Addyman, French, & �omas, 2016; Hass & Durstewitz, 2014). 
A general theory or model of interval timing (i.e., one that can explain and predict 
many behavioral or neural phenomena observed in diªerent tasks) should be able to 
explain the �ndings reported in this thesis, too. �e eªect of non-temporal stimulus 
properties has rarely been discussed from a modelling perspective (with the exception 
of models based on general magnitude processing such as, for example, the ATOM 
framework). How can the numerosity-duration interference eªects be explained by 
models of interval perception? In the following section, I will review a selection of 
models introduced in the General Introduction: the pacemaker-accumulator model 
based on Scalar Expectancy �eory (SET), the Striatal Beat Frequency model (SBF), 
State Dependent Network models (SDN), and the Content Change Model (CCN). 

Temporal Magnitude Interference Effects
Explained by Models of Interval Timing

Cognitive computational models enable us to make predictions of behavioral 
patterns based on the assumptions formalized within the model. Generally accepted 
virtues of a “good” model are its ability to explain and replicate existing �ndings, to 
predict new �ndings, and to be (biologically) plausible (cf., Meeter, Jehee, & Murre, 
2007). Evaluating and selecting models according to these criteria is not a trivial pro-
cess because many other factors need to be considered, too. For example, it is, on the 
one hand, more convincing if a model with fewer free parameters can replicate a par-
ticular behavioral phenomenon because there are fewer ways to ”tweak” the model in 
order to produce the desired behavior. On the other hand, a model with more free pa-
rameters may be able to replicate more than one behavioral phenomenon, and would 
thus be more versatile. Further, models diªer in how far they abstract away from the 
brain: Lower level models may simulate single cell behavior and can be compared to  
observed single cell behavior, while higher level models simulate a cognitive process  
and can be compared to observed behavioral data. In the following section, I will di-
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scuss how each of the four selected models of interval timing could explain the eªect 
of numerosity on interval perception in the Raindrops task, without following strict 
selection criteria as discussed above. �is means that there will be no “winner”, but a 
nuanced evaluation of each model.

Scalar Expectancy Theory
�e SET pacemaker-accumulator model consists, apart from a pacemaker and 

an accumulator, of a memory component and an attentional switch (Church, 2003). 
�ere are at least two stages in this kind of internal clock model during which the 
perception of an interval could be aªected by other stimulus magnitudes: i) the 
pacemaker could run faster or slower (i.e., emit more or less pulses) dependent on 
non-temporal magnitudes (i.e., more raindrops - faster clock); or ii) the number of 
accumulated pulses could be altered due to memory interference eªects (i.e., memory 
trace of more raindrops aªects the memory of a duration). In Damsma, Schlichting, 
Eike and Van Rijn (2018) we show that already early perception stages (i.e., the 
encoding of an interval during its presentation) are aªected by the environment. 
Although we examined temporal context (i.e., the eªect of sequential dependencies) 
and not the eªect of other stimulus magnitudes in this study, our results still sug-
gest that it is possible to alter a percept of an interval during the perception phase. 
In terms of SET, this would correspond to a slowing down or speeding up of the 
pacemaker. Pacemaker speed has been discussed to be modulated by neurotransmit-
ters (Meck, 1983). For the Raindrops task this could mean that numerosity aªects 
neurotransmitter levels that in turn aªect pacemaker speed. However, as of yet, the 
link between magnitudes like numerosity and neurotransmitters has not been made. 

Opposingly, other work on temporal interference eªects support the idea of me-
mory interference: In a series of experiments Cai and Connell (2016) and Cai, Wang, 
Shen and Speekenbrink (2018) have shown that non-temporal magnitudes cause the 
commonly found temporal interference eªects only if the temporal and non-temporal 
magnitude have to be stored in memory simultaneously, but not during encoding or 
production of an interval. �ese �ndings suggest that it is not the pacemaker speed 
that is aªected by non-temporal magnitudes, but that the memory component is 
compromised. Cai and colleagues (2016, 2018) suggest that the memory component 
could be an ATOM-like memory for all kinds of magnitudes, and that this is the 
locus of interference eªects. However, how exactly the memory of a duration would 
be altered in a generalized magnitude memory remains an open question. 

Striatal Beat Frequency Model
�e SBF model can be regarded as a neurobiological plausible internal clock 

model. �e same processing stages as discussed for the SET based model could po-
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tentially be aªected by non-temporal magnitudes. In the case of the SBF model, this 
would translate to i) speeding up or slowing down of the cortical oscillators (re�ec-
ting the pacemaker-accumulator stage); or ii) the synaptic strength of connections 
between cortical oscillators and striatal coincide detectors (re�ecting the memory 
component, cf. Van Rijn et al., 2014). Regarding the former assumption, the speed 
of cortical oscillators is thought to be modulated by tonic levels of dopamine (Op-
risan & Buhusi, 2011; Soares, Atallah, & Paton, 2016), while again, it is unclear 
how numerosity magnitudes would aªect dopamine levels in order to explain the 
interference eªects in the Raindrops task (i.e., larger numerosity would cause increa-
sed dopamine release). Regarding the latter assumption, one factor that contributes 
to the strength of synaptic connections is the in�uence of inhibitory and excitatory 
cells connecting to the same cell (e.g., by modulating the probability of transmitter 
release, Citri & Malenka, 2008), in this case the striatal coincide detectors. If these 
inhibitory/excitatory cells are themselves sensitive to numerosity information, this 
could be one way of how non-temporal dimensions aªect the perception of duration. 
�at is, more raindrops would cause more excitation, and thus the strength of cortical 
connection would be increased, resulting in an overestimation of duration. However, 
evidence for this idea is lacking as of now.

State Dependent Network Models
In SDN models, for the physically same interval to be perceived as shorter on 

some trials and as longer on other trials, the network would have to be in a diªerent 
state at interval oªset. �is could occur either because i) the speed at which network 
states are reached is faster/slower; or ii) the trajectories are diªerent already from 
interval onset on, and thus also end up in diªerent states. Similarly to time, it has 
been shown that also numerosity information can be extracted from activity in neural 
networks (Zorzi & Testolin, 2017). If numerosity and time processing share (parts 
of) the neural network or state trajectories, dimensions could in�uence each other 
from early perceptual stages onwards.

Content Change Model
�e hierarchical neural network model that forms the basis of CCM was initially 

built for visual object classi�cation and was modi�ed by Roseboom et al. (2019) to 
accumulate salient changes of network activation caused by visual input as a pro-
xy for elapsed time. CCM can account for the interference eªects of the dynamic 
Raindrops task in a very straight-forward way: Compared to a raindrop stimulus 
consisting of relatively few drops, in a raindrop cloud presented for the same duration 
but consisting of relatively more drops, more events (here: raindrops appearing on 
the screen) happen, eliciting, in turn, more salient events in the neural network, and 
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thus cause more accumulation of time units. Because this model is purely content- or 
bottom-up driven, factors that can have an eªect on the perception of an interval are 
inherently processed by the neural network – no additional modules or assumptions 
need to be integrated into environmental change based models.

Interim Conclusion 
In summary, each of the here discussed models of interval timing could, with 

more or less modulation of components or parameters, explain the magnitude in-
terference eªects observed in the Raindrops task. In fact, each of the here discussed 
models of interval timing could, with more or less modulation of components or pa-
rameters, explain a wide range, if not all, observed timing phenomena. �is is becau-
se these models suªer from a degrees of freedom problem (this has been discussed for 
SET in Van Rijn, Gu, & Meck, 2014; Church, 2003; but is applicable to any model), 
meaning that models have too many parameters that can be adapted and modi�ed 
enabling models to predict most or all data. Models that are underconstrained or un-
derspeci�ed leave a lot of room for speculations about how exactly biases in interval 
timing arise (this section is one example). 

In the tradition of David Marr’s levels of analysis of information-processing ma-
chines (Marr, 1982), computational models can describe processes on three diªe-
rent levels: 1) the computational theory (what is the goal of the computation); 2) the 
representation and algorithm (how can the computational theory be implemented); 
and 3) the hardware implementation (how can the representation and algorithm be 
physically realized). �e here discussed models or theories of interval perception fall 
onto the second level (representation and algorithm: SET), the third level (hardware 
implementation: SBF), or somewhere in between (SDN, CCM). Strikingly, dedi-
cated clock models (SET, SBF) and models that treat time as an intrinsic property 
(SDN, CCM) diªer fundamentally in how they are implemented as algorithm or 
physical implementation. If there was one dedicated cognitive process of interval 
timing, one would assume that, by constraining each other, our models of interval 
timing would converge into more coherent models, together forming a hierarchical 
architecture of models integrating all levels (as proposed in, e.g., Meeter et al., 2007; 
Van Rijn, Borst, Taatgen, & Van Maanen, 2016). One reason for this diversity may 
be that there simply are many diªerent clocks or representations of duration. In this 
case, existing models re�ect diªerent kinds of interval perception, and we learn about 
diªerent types of clocks or representations of time3. 

Another reason may be that the underlying assumptions of what it is that is being  
 
3�is was predicted by David Marr: “… even for a given �xed representation, there are o�en 
several possible algorithms for carrying out the same process.” (1982, p. 23)
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computed (computational theory, Marr’s �rst level of analysis) are fundamentally  
diªerent between dedicated and intrinsic models of interval perception4. For any 
algorithmic or physically implemented version of a dedicated model (i.e., SET and 
SBF), the underlying computational goal is to transform physical time into subjective 
time. �is assumption presupposes that time is an entity that can be perceived in and  
of itself. In contrast, for any intrinsic model of interval perception, the underlying 
assumption is that something has temporal properties (“something” could be neural 
networks, or changes in the environment over time), but not that there is an entity 
time that is perceived and processed. �e SDN framework shows, without specifying 
what the neural network is exactly processing, how a time-dependent or temporal 
representation can emerge from the intrinsic dynamic properties of a neural network. 
CCM shows, more speci�cally, how time emerges and can be derived from a model 
that has a very diªerent underlying purpose, in this case visual object recognition. 
Models that treat time as an intrinsic property can explain the magnitude interfe-
rence eªects more readily than dedicated clock models. If it is not the entity time 
that we perceive, dedicated clock models have a functional, high level purpose only, 
and they do not re�ect processes in or substrates of the brain (cf., Wearden, 2001). 
Whether time is an entity of the world has been discussed for centuries in the �eld of 
philosophy (probably not; cf., McTaggart, 1908) and physics (probably not; cf., Ro-
velli, 2018). In the following section I will discuss and explore how our abilities to do 
interval timing arise as emergent property of other cognitive processes without the 
need of the entity time and without the abstract formalization of a dedicated clock. 

What Do We Study When We Study Time
Perception?

Timing and time perception is crucial for performance, behavior, and cognition. �is 
sentence (or a similar version of it) can be found in the �rst paragraph of many timing 
papers (e.g., Chapter 4). It re�ects the view that interval timing is a dedicated co-
gnitive process, and that the passage of time (i.e., duration) is one distinct input  
 

4Also here, David Marr made a point: “Although algorithms and mechanisms are empirically 
more accessible, it is the top level, the level of computational theory, which is critically important 
from an information-processing point of view. �e reason for this is that the nature of the com-
putations that underlie perception depends more upon the computational problems that have to 
be solved than upon the particular hardware in which their solutions are implemented. To phra-
se the matter another way, an algorithm is likely to be understood more readily by understanding 
the nature of the problem being solved than by examining the mechanisms (and the hardware) 
in which it is embodied.” (1982, p. 27)
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into other cognitive processes. However, there is a diªerent approach, re�ecting an  
intrinsic-time view: All of our behavior, perception and cognition is temporal in its very 
nature – with very diªerent consequences for the �eld of temporal cognition. De-
velopments in physics may inspire to rethink the conceptual nature of time in the 
�eld of psychology. In quantum physics the universe can be described with formulas 
that do not need time as an underlying variable5 (Rovelli, 2017, 2018): Duration can 
be measured extremely accurately6, but it does not necessarily follow that time exists. 
�e same might hold for psychological time (i.e., time or duration as we perceive 
it): We can tell how much time has passed (not extremely accurately or precisely, as 
already noted), but there may not be a clock in the brain. �e key point is that time 
may not be a given entity of the world that we can perceive as such, but rather a “de-
rived and highly formal product of the mind” (Michon, 1990, p. 38), an “intellectual 
achievement” (Gibson, 1975, p. 299), or an “inherent property or ‘byproduct’ of other 
computations performed by various brain areas” (Hass & Durstewitz, 2016, p. 243). 

One of the most simple and straight forward timing tasks is an interval compa-
rison task as described in Chapter 2. In this speci�c experiment, the only diªerence 
between the two consecutively presented blue circles was for how long each of them 
stayed on the screen. �ere is no other clue in the environment (e.g., change in rate, 
size, hue of the color blue, etc.) that could help the participant to compare the dura-
tions of the two stimuli. Given that the only manipulated variable in these experi-
ments is duration, and given that participants’ performance shows that they can do 
these tasks, it is evident that we have the ability to track time and estimate durations. 
On an abstract level, it is plausible to formalize this behavior in dedicated clock mo-
dels (e.g., as done in SET models). Following the narrative of some neurobiologically 
plausible models closely, clocks have, quite literally, been theorized to have a neural 
substrate, too: temporal evidence accumulators (SET), striatal neurons reading out 
oscillatory activity patterns (SBF), or speci�c neurons that are able to track time 
(time/sequence cells).

�e human cognitive system itself is, however, already governed by temporal 
characteristics. On the implementation level, time is an intrinsic property of neural 
circuits – every event in the nervous system is extended in time. How long these 
events last varies greatly: From the duration of an action potential up to seconds,  
 
5Instead, formulas comprise variables that change in relation to each other: “�e absence of the 
quantity ‘time’ in the fundamental equations does not imply a world that is frozen and immobi-
le. On the contrary, it implies a world in which change is ubiquitous, without being ordered by 
Father Time; without innumerable events being necessarily distributed in good order, or along 
the single Newtonian time, or according to Einstein’s elegant geometry.” (Rovelli, 2018, p. 86)
6One of the most accurate clocks, the Fermi-degenerate three-dimensional optical lattice clock 
(Campbell et al., 2017), measures with a precision of 5×10-19 s in an 1h measurement.
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minutes, days (Buonomano, 2007). On a more cognitive or functional level, many  
behavioral and cognitive processes are time-critical, even though this may be implicit  
and subconscious. One important consequence from taking on an intrinsic-time view 
is that we do not capture time perception in timing experiments, but other cognitive 
processes and behavior to which timing is crucial. 

Anticipating events to guide cognition and action is such a time-critical process. 
In their review on temporal attention Nobre and Van Ede (2018) discuss how we 
make use of temporal regularities in the environment (rhythms, sequences, hazard 
rates, or temporal associations) to proactively prepare for anticipated events and thus 
optimize behavior (see also Petter, Gershman, & Meck, 2018, who discuss this idea 
in the light of reinforcement learning models). One well-studied example of tempo-
ral �ne-tuning of behavior is the foreperiod paradigm. In the foreperiod paradigm 
participants implicitly learn when a target (S2) is most likely to occur after perceiving 
a warning stimulus (S1). In other words, participants form a temporal association 
between S1 and S2. Typically, a performance bene�t (i.e., lower reaction times when 
responding to the target) is observed if the interval between S1 and S2 corresponds 
to the associated duration, compared to when the interval is sampled from a diªerent 
distribution (cf., Los, 2010). Another example of a time-critical cognitive processes 
is decision making, as optimality in decision making is a trade-oª between response 
speed and choice accuracy (re�ected in changes in response caution; cf., Boehm, Van 
Maanen, Forstmann, & van Rijn, 2014). When faced with a two-alternative choice 
task, participants can make accurate choices by taking their time to accumulate suf-
�cient evidence in favor of one of the options, or they can make fast but error-prone 
choices based on less evidence. When additionally confronted with a deadline, par-
ticipants can adapt their (decision making) behavior to meet temporal constraints 
(Miletić & Van Maanen, 2019; Van Maanen et al., 2019). From the observer’s per-
spective these two examples show how crucial timing is for successful behavior, and 
how useful a precise internal clock would be. From the mind’s perspective, however, 
the cognitive processes involved in response preparation and decision making are 
already inherently temporal – there is no need for a clock to keep track of time. 

What do we study when we study time perception then? What did I study in 
the last four years? �ere may already be a hint in the name of the �eld: temporal 
cognition. As outlined above, all cognition has something temporal to it – from basic 
perception to motor-actions and to more complex processes like decision making. 
We study all kinds of cognitive processes in timing experiments, and we focus on the 
temporal aspects of these cognitive processes. Temporal cognition becomes redun-
dant, given that there is temporality of cognition, the intrinsic encoding of duration  
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in the mind7. It follows that knowledge about or representations of speci�c intervals 
are intrinsically encoded right where they happen (e.g., in the visual system as de-
monstrated in CCM) or where they are needed for a speci�c task (see also Hass & 
Durstewitz, 2016). For example, in neural circuits or brain areas involved in decision 
making processes when comparing two intervals or making a time-constrained de-
cision; or in neural circuits or brain areas involved in motor planning and execution 
when reproducing intervals. It further follows that neural signatures related to the 
perception of intervals may actually re�ect other cognitive processes that are exten-
ded in time. For example, the CNV component, which was once thought to re�ect 
the temporal accumulator located in the SMA (Macar & Vidal, 2009; Macar et al., 
1999), can also be interpreted as re�ecting other, time-critical cognitive processes 
(see also Chapter 1), like “preparatory processes related to brain system optimiza-
tion” or temporal expectancy (Kononowicz & Penney, 2016; Mento, 2013; see also 
Van den Berg, Krebs, Lorist, & Woldorª, 2014), response caution (Boehm et al., 
2014), response preparation or decision making (Kononowicz & Van Rijn, 2011; Van 
Rijn, Kononowicz, Meck, Ng, & Penney, 2011). We do not know as of yet whether 
CNV/SMA, beta power (Kononowicz & Van Rijn, 2014b; Kononowicz & Van Was-
senhove, 2016), basal ganglia (Coull, Cheng, & Meck, 2011; Wiener et al., 2010), 
topographic maps of duration in parietal, frontal and/or supplementary motor areas 
(Harvey, Dumoulin, Fracasso, & Paul, 2018; Hayashi, van der Zwaag, Bueti, & Ka-
nai, 2018; Protopapa et al., 2019), time cells (Eichenbaum, 2014; Mau et al., 2018) 
or population clocks (Mello, Soares, & Paton, 2015; Sohn, Narain, Meirhaeghe, & 
Jazayeri, 2018; Tsao et al., 2018) actually tell time or rather report time – observable 
by the experimenter alone (see also Chapter 10 in Buzsáki, 2019). Dean Buonomano 
(2017) summarizes the problem with a well-�tting analogy: “... it is too early to say if 
these areas […] are the quartz crystal or the digital display of a wristwatch.” (p. 96). 

Consequences for the Study of Interval Timing

�e observation that we have a number of quintessentially diªerent models and 
neural traces of interval timing is a sign of the absence of one dedicated centralized 
internal clock. Yet, this preconceived idea of an internal clock still aªects the work of 
experimental psychologists, (cognitive) neuroscientists, and other researchers trying  
 
7Of course, researchers in the �eld of temporal cognition could agree that interval timing is 
in fact an umbrella term for temporally extended cognitive processes. Even within the �eld of 
temporal cognition there seems to be a lack of an coherent conceptual system (�önes & Stocker, 
2019). A danger of using umbrella terms or leaving the exact underlying processes vague and 
unde�ned is that this will also a�ect the kind of research we do (see next section).
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to �gure out how time works in the mind. For the experimental psychologist this 
means that the narrative or framework in�uences the way we design experiments, 
interpret results, and communicate within and outside the research community. For 
the (cognitive) neuroscientist this means that by looking for neural substrates of cog-
nitive processes that were established as functional descriptions of behavior, we may 
miss out on how the brain is actually doing things like, for example, keeping track 
of time (cf., Buzsáki, 2019; Matell, 2014). In my opinion, embracing the ideas I put 
forward in this chapter can lead to interesting insights and applications in the future. 

Future Directions
Adding to the issue raised above is that the way time perception has been stu-

died for a long time is not directly transferable to everyday life. We only started to 
explore the eªects of more complex stimuli in interval timing tasks (e.g., this thesis). 
One way to progress is to expand eªorts to study more realistic and ecologically valid 
settings (a claim also made in Matthews & Meck, 2014 and Van Rijn, 2018). Exch-
anging static and clearly marked stimuli with more complex, dynamic and noisier 
stimuli is one way to meet this demand. Another future direction to take is ‘intradis-
ciplinary’ research, that is, to build on the work that has already been done in other 
�elds, and extend this work by adding temporality. For example, computational cog-
nitive models that are designed to do very diªerent tasks than interval timing often 
already intrinsically incorporate timing (e.g., CCM: Roseboom et al., 2019; implicit 
learning: Salet, Kruijne, Los, Van Rijn, & Meeter, in preparation; reinforcement 
learning: Petter et al., 2018; interval timing from event timing: Rhodes, 2018). Im-
portantly, our expertise in traditional interval timing experiments does not at all have 
to be discarded. �ere may be opportunities for application in very diªerent areas. 

Chances for Application
Within decades of research in the �eld of temporal cognition, we have accumu-

lated a vast amount of knowledge about the time variable in all kinds of cognitive 
processes. If we manage to open the �eld of temporal cognition and treat temporality 
as a fundamental aspect of cognitive processes, there will be new ways of applying 
traditional interval perception tasks in other domains. One idea follows the reaso-
ning that changes in the temporal structure caused by experimental manipulations, 
individual diªerences or through morphological changes in the brain (e.g., because 
of healthy aging or clinical de�ciencies) should be re�ected in timing performance. 
�is means that performance in timing tasks could act as a proxy for the state of our 
internal system or the temporal structure of cognitive or brain processes. For examp-
le, Miletić and Van Maanen (2019) showed that performance in a perceptual decision 
making task under time pressure is mediated by interval timing ability. Being a good 
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timer in their study was related to being more cautious and more eªective in extrac-
ting relevant task information in the decision making task. Another example is the 
use of interval timing tasks as a �rst and quick diagnostic tool to test for cognitive 
impairments. Maaß, Riemer, Wolbers, and Van Rijn (2019) showed that patients 
diagnosed with mild cognitive impairment and healthy controls with signs of me-
mory impairment exhibit distinct behavioral patterns in interval reproduction tasks 
compared to high functioning healthy controls.

Conclusion
Our environment and all of our cognition is inherently temporal. �e work in 

this thesis illustrates that we can use this temporality in many versatile ways to make 
duration judgements. Evidence is accumulating that there is no dedicated clock in 
the mind, and no dedicated neural substrate to tell time in the brain. For the �eld 
of temporal cognition this means that we need to rethink our narrative and engage 
in interdisciplinary and intradisciplinary collaborations to study temporality of the 
mind. 
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Thesis Summary "Time & Other Dimensions"

Time is complicated. Within and among diªerent �elds there have been debates 
and revolutions about the concept, nature and existence of time. For example, in 
physics the concept of absolute time as introduced by Sir Isaac Newton was revolu-
tionized by the concept of Albert Einstein’s relativity of time, and is nowadays, with 
developments in quantum physics, becoming expendable when describing the world 
in formulas. Yet another facet of time is studied by experimental psychologists and 
cognitive neuroscientists – the subjective experience of time. One hurdle in studying 
the subjective experience of time is that we don’t have a sense for duration and time 
as we have for light (the visual system) and sound (the auditory system). However, 
everything we do, perceive, or cognize about is always extended in time - the way 
human minds work is inherently temporal. Events we encounter in everyday life have 
temporal relations, they are extended in time, and, usually, they have “content”. �e 
content of events almost always entails change: something moves from A to B, grows 
to be double the original size, or changes colors. Even if there is no change in the 
external environment (i.e., things simply persist in time), there are still internal ch-
anges unfolding over time: We perceive persistence, thoughts come and go, in short, 
our brains are active. Although there is so much temporality around and within us, 
which, theoretically, already equips us with everything we need to infer duration, the 
idea of internal clocks in the brain still heavily in�uences the design of experiments 
and interpretation of results. 

In lab experiments we can isolate the time dimension by designing stimuli in 
such a way that they only diªer in duration: Participants see two circles, equal in 
size, color, and position, appearing consecutively on the screen; and are asked to 
indicate whether the second stimulus was shorter or longer than the �rst one (this is 
one of the experiments reported in Chapter 2). In these kinds of experiments we �nd 
that, unlike the highly precise clocks that we can build to measure time passing, our 
subjective perception of time is prone to biases and illusions. For example, we unde-
restimate the interval on a speci�c trial because the interval on the previous trial was 
much shorter (N-1 eªects, Chapter 3). When adding more dimensions to the stimuli 
we �nd that time judgements are in�uenced by variations in these other dimensions, 
too: When exchanging the circles with stimuli that consist of small dots dynamically 
appearing and disappearing on the screen, the total number of dots biases duration 
judgements (this is the Raindrops experiment reported in Chapter 1 and 2). For ex-
ample, if the second stimulus was slightly longer than the �rst stimulus but consisted 
of fewer dots, participants are likely to incorrectly respond that the second stimulus 
was shorter because of the interfering numerosity information. �is thesis explores 
time in relation to other dimensions.
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In the studies reported in Chapter 1 and 2 we investigated the eªect of nume-
rosity on time estimates using the above mentioned Raindrops experiment. With 
the aid of a computational model we quanti�ed, for each participant, how much 
task-relevant time and task-irrelevant numerosity information they took into account 
when making a judgement. As described above, we found that, to varying degrees 
but stable over time, participants incorporate task-irrelevant information into dura-
tion estimates. Furthermore, the modelling approach we proposed could be a way to 
disentangle the eªects of diªerent dimensions in tasks using complex stimuli.

�e work in Chapter 3 tested the costs and bene�ts of expressing temporal jud-
gements using diªerent representations – spatial representations (timeline estimates), 
symbolic representations (verbal estimates, i.e., numbers in SI units such as “that 
lasted three seconds”), or motor representations (interval reproductions). While each 
estimation method had its individual advantages and disadvantages, our results sug-
gest that we can �exibly translate time into whatever task-required format. 

In Chapter 4 we designed a study in which stimuli, apart from duration, varied 
in multiple dimensions or properties. We asked participants to reproduce the dura-
tion an animated �gure took to perform a speci�c action. For example, the �gure 
drank from a cup or chopped a cucumber. It turned out that whichever information 
contained in complex stimuli we use to make interval estimates, observed timing 
performance adheres to general time perception laws.

Overall, in line with the interval perception literature, we observed great �exi-
bility in timing behavior regarding task and stimulus design. It seems unlikely that 
there is one underlying mechanism or neural substrate (i.e., an “internal clock”) or-
chestrating all of this observed behaviour. In the �nal chapter of the thesis, I discuss 
how there is actually no need for such an internal clock, because time is integral in all 
other dimensions, in the way we cognize about and interact with our environment. 
In fact, I see the need to update the narrative within the �eld of temporal cognition 
towards one that treats time as an inherent property of all cognition and behavior 
rather than a dedicated process. 
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Samenvatting Proefschrift 
“Time & Other Dimensions”

Tijd is een ingewikkeld concept. Binnen en tussen verschillende wetenschappe-
lijke velden is de aard en het bestaan van tijd onderhevig geweest aan discussies en 
revoluties. Binnen de natuurkunde heeft Albert Einstein’s concept van de relativiteit 
van tijd bijvoorbeeld Sir Isaac Newton’s idee van absolute tijd van op zijn kop gezet, 
en in de formules van de huidige kwantumfysica is tijd zelfs overbodig. Een ander 
aspect van tijd wordt bestudeerd door experimenteel psychologen en cognitieve neu-
rowetenschappers: de subjectieve ervaring van tijd. Een moeilijkheid in het bestude-
ren van de subjectieve ervaring van tijd is dat we geen zintuig voor tijdsduur en tijd 
hebben, zoals we dit hebben voor licht (het visuele systeem) en geluid (het auditieve 
systeem). Maar alles wat we doen en waarnemen strekt zich uit in de tijd: de werking 
van de menselijke geest is inherent temporeel. Gebeurtenissen in ons dagelijks leven 
hebben temporele relaties, ze spelen zich af in de tijd, en ze hebben meestal “inhoud”. 
De inhoud van een gebeurtenis bestaat bijna altijd uit verandering: iets beweegt van 
A naar B, wordt twee keer zo groot of verandert van kleur. Zelfs als er geen veran-
dering is in de externe omgeving (dingen blijven eenvoudigweg bestaan in de tijd), 
zijn er altijd interne veranderingen over tijd: we nemen het stilstaan van de omge-
ving waar, gedachten komen en gaan, oftewel, ons brein is actief. Hoewel er zoveel 
temporaliteit om ons heen en in onszelf is waaruit we tijdsduur kunnen a�eiden, is 
het idee van een interne klok in het brein nog steeds invloedrijk in het ontwerp van 
experimenten en het interpreteren van resultaten.

In laboratoriumexperimenten kunnen we de tijdsdimensie isoleren door stimuli 
op zo’n manier te ontwerpen dat ze alleen verschillen in tijdsduur. Proefpersonen 
zien bijvoorbeeld twee cirkels met dezelfde grootte, kleur en positie na elkaar op 
het scherm en hebben de instructie gekregen om aan te geven of de tweede stimulus 
korter of langer was dan de eerste (dit is een van de experimenten gerapporteerd in 
Hoofdstuk 2). In dit soort experimenten vinden we dat, ondanks de zeer precieze 
klokken die we kunnen bouwen om tijd te meten, onze subjectieve perceptie van tijd 
vatbaar is voor structurele afwijkingen en illusies. Bijvoorbeeld, we onderschatten het 
tijdsinterval in een bepaalde trial als de vorige trial veel korter duurde (N-1 eªecten, 
Hoofdstuk 3). Wanneer we meer dimensies toevoegen aan de stimuli, vinden we dat 
tijdsinschattingen ook worden beïnvloed door variaties in deze andere dimensies: als 
we de cirkels vervangen door kleine stippen die dynamisch op het scherm verschijnen 
en verdwijnen, wordt de ingeschatte tijdsduur mede gedreven door het aantal stip-
pen (dit is het Raindrops-experiment in Hoofdstuk 1 en 2). Als de tweede stimulus 
bijvoorbeeld een klein beetje langer duurde dan de eerste stimulus maar uit minder 
stippen bestaat, gaven proefpersonen meestal incorrect aan dat de tweede stimulus 
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korter was, door het interfererende eªect van de numerositeitsinformatie. Dit proef-
schrift verkent tijd in relatie tot andere dimensies.

In de experimenten in Hoodstuk 1 en 2 onderzochten we het eªect van nume-
rositeit op tijdsinschattingen door middel van de bovengenoemde Raindrops-taak. 
Met behulp van een computationeel model kwanti�ceerden we hoeveel taak-relevan-
te tijdsinformatie en hoeveel taak-irrelevante numerositeitsinformatie elke proefper-
soon gebruikte bij het maken van een beslissing. Zoals eerder beschreven, vonden we 
dat proefpersonen in verschillende mate, maar stabiel over tijd, de taak-irrelevante 
informatie meenamen in hun tijdsinschatting. Daarbij kan de voorgestelde model-
leerbenadering een manier vormen om de eªecten van verschillende dimensies uit 
elkaar te halen in taken met complexe stimuli.

Het werk in Hoofdstuk 3 testte de voor- en nadelen van het uitdrukken van tijd-
sinschattingen in verschillende representaties: spatiële representaties (inschattingen 
op een tijdslijn), symbolische representaties (verbale inschatting waarin een nummer 
in SI-eenheden wordt gegeven, zoals “dat duurde drie seconde”) of motorrepresen-
taties (interval reproducties). Hoewel elke inschattingsmethode zijn eigen voor- en 
nadelen had, suggereren onze resultaten dat we tijd �exibel kunnen vertalen naar elk 
formaat dat nodig is in de taak.

In Hoofdstuk 4 ontwierpen we een experiment waarin stimuli, naast tijdsduur, 
varieerden in verschillende dimensies en eigenschappen. We vroegen proefpersonen 
de tijdsduur waarin een geanimeerd �guur een bepaalde actie uitvoerde te repro-
duceren. De �guur dronk bijvoorbeeld uit een kop of sneed een komkommer. Uit 
de resultaten bleek dat, onafhankelijk van welke informatie we gebruiken om tijds-
inschattingen van de complexe stimuli te maken, de tijdsinschattingen zich houden 
aan de wetten die gelden binnen de tijdsperceptie.

Al met al observeerden we, in lijn met de literatuur over intervalperceptie, een 
grote �exibiliteit in timing-gedrag met betrekking tot de taak en het stimulus-de-
sign. Het lijkt onwaarschijnlijk dat er één onderliggend mechanisme of hersenge-
bied is (een ‘interne klok’) dat al het geobserveerde gedrag orkestreert. In het laatste 
hoofdstuk van dit proefschrift bespreek ik waarom zo’n interne klok niet nodig is, 
omdat tijd een integraal onderdeel is van alle andere dimensies die we waarnemen 
in onze interactie met de omgeving. Ik stel daarom voor dat het veld van temporele 
cognitie beweegt naar een narratief waarin tijd niet het resultaat is van een toegewi-
jd proces, maar wordt behandeld als een inherente eigenschap van alle cognitie en 
gedrag.
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Zusammenfassung der Dissertation
“Time & Other Dimensions”

Zeit ist kompliziert. Innerhalb und zwischen verschiedenen wissenschaftlichen 
Disziplinen gab es viele Debatten und Revolutionen über das Konzept „Zeit“, deren 
Natur und Existenz. Beispielsweise wurde in der Physik Sir Isaac Newtons Kon-
zept der absoluten Zeit von Albert Einsteins Relativitätstheorie abgelöst; und in der 
Quantenphysik ist die Variable Zeit sogar vollkommen entbehrlich. Ein anderer As-
pekt von Zeit wird von Experimentellen Psychologen und Kognitiven Neurowissen-
schaftlern untersucht – das subjektive Erleben von Zeit. Eine Schwierigkeit dabei ist, 
dass wir kein Sinnesorgan für Zeitdauern und Zeit haben, so wie wir ein Sinnesorg-
an für Lichtwellen (das visuelle System) und Schall (das auditorische System) haben. 
Dennoch erstreckt sich alles was wir tun und wahrnehmen über die Zeit – die Art 
und Weise wie unser Verstand funktioniert ist von Natur aus temporal. Ereignisse 
in unserem täglichen Leben stehen in zeitlichen Beziehungen zueinander, sie haben 
Dauern, und meistens haben sie einen “Inhalt“. Der Inhalt eines Ereignisses besteht 
nahezu immer aus Veränderung: etwas bewegt sich von A nach B, wächst auf die 
doppelte Größe heran, oder wechselt seine Farbe. Selbst wenn keine Veränderung in 
der äußeren Umwelt zu beobachten sind (d.h., die Dinge bestehen lediglich in der 
Zeit), so gibt es immer noch interne Veränderungen die sich zeitlich entfalten: Wir 
nehmen Beständigkeit wahr, Gedanken kommen und gehen, unser Gehirn ist allzeit 
aktiv. Doch obwohl es unzählige Entfaltungen von Dauer um und in uns gibt, die es 
uns theoretisch erlauben, zeitliche Intervalle abzuleiten, so beein�usst die Idee von 
inneren Uhren im Gehirn noch immer die Planung experimenteller Studien und die 
Interpretation von deren Ergebnissen.

In Laborversuchen können wir die Dimension Zeit isolieren, indem verschiede-
ne Reize so dargeboten werden, dass sie sich allein in ihrer Dauer unterscheiden: Die 
Versuchsteilnehmer sehen nacheinander zwei Kreise von gleicher Größe, gleicher 
Farbe und gleicher Position auf einem Bildschirm und sollen anschließend angeben, 
ob der zweite Kreis länger sichtbar war als der erste (über dieses Experiment wird 
in Kapitel 2 der vorliegenden Dissertation berichtet). In derartigen Versuchen zeigt 
sich, dass – im Gegensatz zur Messung der physikalischen Zeit mittels Uhren – un-
sere subjektive Wahrnehmung von Zeit anfällig für Verzerrungen ist.

Zum Beispiel wird die Dauer eines Reizes systematisch unterschätzt, wenn der 
zuvor präsentierte Reiz kürzer war (N-1 Eªekte, Kapitel 3). Die Einschätzung ei-
ner Dauer hängt auch von Veränderungen in anderen Dimensionen, in denen sich 
die Reize unterscheiden, ab: Wird der Kreis in dem oben beschriebenen Experi-
ment durch einzelne, dynamisch erscheinende und wieder verschwindende Punkte 
ersetzt, so beein�usst die Anzahl dieser Punkte (Numerosität) unsere Einschätzung 
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der Dauer (dieses Experiment wird als Regentropfen-Experiment in Kapitel 1 und 
2 besprochen). Wenn der zweite Reiz tatsächlich etwas länger gedauert hat, aber 
aus weniger Punkten bestand als der erste, tendieren die Versuchsteilnehmer fälsch-
licherweise dazu, den zweiten Reiz als den kürzeren anzugeben, weil sie von der 
interferierenden Numerositätsinformation getäuscht werden. Diese Interaktionen 
zwischen der zeitlichen und anderen Dimensionen werden in der vorliegenden Dis-
sertation untersucht.

In Kapitel 1 und 2 untersuchen wir den Ein�uss von Numerosität auf die Ein-
schätzung von Zeitintervallen in dem oben erwähnten Regentropfen-Experiment. 
Mithilfe eines computerbasierten Modells können wir für jeden Versuchsteilnehmer 
das Verhältnis von aufgabenrelevanter Dauer- und aufgabenirrelevanter Numerosi-
tätsinformation schätzen, das für die Entscheidung berücksichtigt wurde. Dadurch 
erlaubt unser computerbasiertes Modell eine gezielte Analyse der einzelnen Eªekte 
mehrdimensionaler, komplexer Reize auf unsere Zeitwahrnehmung.

In Kapitel 3 haben wir die Kosten und Nutzen verschiedener Methoden der 
Repräsentation von Zeitintervallen verglichen: räumliche Repräsentationen (Ein-
schätzungen auf einer räumlichen Zeitachse), symbolische Repräsentation (verbale 
Schätzungen in Sekunden), und motorische Repräsentationen (Reproduktion des 
Zeitintervalls durch das Drücken einer Taste). Jede dieser Methoden hat Vor- und 
Nachteile, und wir können Zeit �exibel in verschiedene Repräsentationen überset-
zen.

In Kapitel 4 werden Reize behandelt, die sich neben ihrer Dauer in vielen ande-
ren Dimensionen und Eigenschaften unterscheiden. Die Versuchsteilnehmer repro-
duzierten die Dauer einer beobachteten Alltagshandlung (z. B., jemand trinkt aus 
einer Tasse). So komplex diese Reize im Vergleich zu den vorherigen Experimenten 
sind, so konnten wir trotzdem die bekannten psychophysischen Gesetzte beobach-
ten.

Zusammenfassend können wir, in Übereinstimmung mit der Zeitwahrneh-
mungsliteratur, große Flexibilität bezüglich unterschiedlicher Aufgaben und Reize 
in der Fähigkeit zur Zeiteinschätzung beobachten. Wir schlussfolgern deshalb, dass 
es unwahrscheinlich ist, dass es den einen Mechanismus oder das eine neuronale 
Substrat (die innere Uhr im Gehirn) gibt, das all das beschriebene Verhalten erklärt. 
Im letzten Kapitel argumentiere ich, dass eine innere Uhr auch gar nicht nötig ist, da 
Zeit fest in anderen Dimensionen, unserer Wahrnehmung und unseren Interaktio-
nen mit der Umwelt verankert ist. Vielmehr halte ich es für notwendig, eine aktuali-
sierte Betrachtungsweise in der Zeitwahrnehmungsforschung einzunehmen: Zeit ist 
keine „an sich“ wahrnehmbare Dimension, sondern eine inhärente Eigenschaft aller 
kognitiven Vorgänge.
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