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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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