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7
G E N E R A L D I S C U S S I O N

We time, all the time — as I hope this dissertation makes clear. Time is
integral to the predictive coding framework (Bubic et al., 2010; Clark,
2013; Friston, 2005, 2010; Friston & Stephan, 2007) that postulates that
the brain constantly generates predictions to guide behavior. All work
in this dissertation focuses on the temporal aspects of such behavior,
building from an impressive, ongoing collection of empirical evidence
that shows that cognition and behavior adapt to time.

The central question in this dissertation is how we (and other organ-
isms) adapt to nature’s temporal structure. That is, how do we track the
intervals embedded in our world (e.g., the interval between turning on
the shower and the water getting warm), and how is this information
subsequently used to prepare for the timing of future events? I propose
that associative learning between the brain’s intrinsic timekeeper capab-
ilities and exploring the world through interactions with events offers a
general mechanism underlying adaptive timing behavior. By interacting
with events in our world, we learn to associate their occurrence with
certain points in time. In this way, we form time estimates of when
events happen and time our behavior accordingly.

To test this proposal, I used two approaches. First, using a compu-
tational approach, the above proposal was formalized into our f MTP
theory and successfully applied in the domain of temporal preparation
(Chapter 2, Salet, Kruijne, van Rijn, Los et al., 2022). Second, the exper-
imental approach (Chapters 3 to 4, Salet et al., 2021; Salet, Schlichting
et al., 2022) focused on the gap between experiments, on which theories
including f MTP are built and tested, and the complexity of behavior in
the world. These two approaches came together in Chapters 5 and 6.
Chapter 5 (Salet, Kruijne, van Rijn, Zimmermann et al., 2022) demon-
strates the promise of f MTP’s principles to generalize to adaptive timing
behavior in more naturalistic settings. Chapter 6 (Salet, de Jong et al.,
2022) entails a computational-philosophical analysis that uncovers two
implicit assumptions in theorizing about interval timing when building
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and testing theories on experiments that are a simplified reflection of
naturalistic environments.

In this discussion, I argue that formal theories should guide natur-
alistic experiments to study the associative learning rules underlying
adaptive timing behavior. Regarding the dissertation’s computational
approach, I reflect on theory building in general and, more specific-
ally, in the domain of temporal preparation. The section concerning the
dissertation’s experimental approach focuses on the ‘lab versus nature’
theme and continues the theoretical discussion of Chapter 6.

theory building in temporal

preparation

theory building

Following the statistical reform in psychology, aiming to fix the repro-
ducibility crisis, there has been a recent call for a theoretical reform
(Szollosi & Donkin, 2021; Szollosi et al., 2020; van Rooij & Baggio, 2020,
2021)1. This called for reform argues that psychological sciences put
their main focus on discovering effects. However, effects are the things
to be explained, not the explanation, and the mere accumulation of them
without theoretical guidance is unlikely to contribute to the growth of
knowledge (van Rooij & Baggio, 2021). To use van Rooij and Baggio
(2021)’s analogy: writing novels (i.e., building theories) is unlikely to suc-
ceed by accumulating sentences (i.e., effects) from randomly generated
letter strings. The goal of empirical testing should not be to discover
effects, but instead serve as a way to criticize predictions derived from
theories, thereby accumulating knowledge (a strategy famously put
forward by Popper, 1959). This practice, however, is only useful if the
theories under test are restricted and specific in their predictions. Szollosi
and Donkin (2021) have even argued that overly flexible (‘bad’) theories

1 I am aware that similar arguments regarding theory building in psychological sciences
have been made before (e.g., Newell, 1973). In this discussion, however, I focus on a
relatively recent collection of literature that I frame as a ‘theoretical’ response to the
‘recent’ (~2010) reproducibility crisis.
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that can adjust their predictions to fit any outcome, not ‘bad’ statistical
inference per se, underlie the reproducibility crisis.

This (called for) theoretical reform thus holds theory building as the
fundament of the scientific process (Szollosi & Donkin, 2021; Szollosi
et al., 2020; van Rooij & Baggio, 2020, 2021). An important distinction
to consider in theory building is between verbal and formal theories
(Meeter et al., 2007; van Rooij & Baggio, 2021; van Rooij & Blokpoel, 2020).
Verbal theories constitute descriptive explanations of the phenomena
under study. Formal theories, on the other hand, complement verbal
theories by formalizing their ideas using computational principles. The
formal component of theory building is argued to stimulate theorists to
restrict their theories in two ways (Meeter et al., 2007; van Rooij, 2022;
van Rooij & Baggio, 2021; van Rooij & Blokpoel, 2020). First, it forces
theorizing to be exact: All (hidden) assumptions and their interactions
need to be precisely (mathematically) defined. Second, it puts theorists in
a direct position to falsify the theory. Based on the formalized definitions
of the theory, one can test through simulations whether the verbal ideas
generate the theorized behavior, something that remains in the eye of a
verbal theorist2.

I echo these arguments, emphasizing the significance of theory build-
ing in psychological sciences. In the following, I reflect on the role theory
building had and has in temporal preparation, the domain of f MTP. To
preview the discussion, I will evaluate that temporal preparation has
been enriched with formal theories early on, bringing the advantages de-
scribed above. However, the popular hazard function has been recently
criticized (section: Hazard´s Fallacy). Fortunately, recent theories have
started to move beyond the hazard (section: ‘Beyond the Hazard’). Nev-
ertheless, these theories stick to probabilities as an explanatory construct
of behavior. f MTP moves beyond probabilities and perceives temporal
preparation as resulting from an associative learning process (section:
‘Beyond Probabilities’). I will end this discussion with a future prospect
that considers a broader research strategy to continue our understanding
of temporal preparation (section: ‘Beyond my Dissertation’). In particu-

2 This is of course not to say that verbal theories have no value. They are a critical part of
the theoretical process cycling through verbal theories, formal theories, and empirical
tests (van Rooij & Baggio, 2020, 2021; van Rooij & Blokpoel, 2020).



go! – ch . 7 176

lar, I will argue that different theories can coexist at different levels of
analysis, but the interaction between them is a critical future challenge.

hazard’s fallacy

The formal hazard has a central role in the temporal preparation literat-
ure. The hazard entails the idea that the readiness to respond is governed
by the conditional probability of an event to happen given that it has not
yet happened (Niemi, 1979; Niemi & Näätänen, 1981; Woodrow, 1914).
This idea has been formalized using the hazard function (Luce, 1986).
Arguably, two aspects have primarily helped in the popularity of this
theory: One, the formalization is simple, only requiring a single formula.
Two, it is intuitive: if an event has not happened yet (e.g., your bus has
not yet arrived), the probability increases with time for it to happen
soon. Ever since Woodrow (1914), the hazard has inspired temporal
preparation research, both empirically and theoretically (e.g., Amit et al.,
2019; Herbst et al., 2018; Janssen & Shadlen, 2005; Niemi & Näätänen,
1981; Nobre et al., 2007; Trillenberg et al., 2000; Vallesi & Shallice, 2007;
Vangkilde et al., 2012; Vangkilde et al., 2013; Visalli et al., 2021; Visalli
et al., 2019).

As discussed above, formal theories like the hazard function bring
the advantage that they are transparent in their specifications and that
one can test, through simulations, whether its principles generate theor-
ized behavior. Remarkably, although extensive research used the hazard
function to guide experimental designs (e.g., how to distribute the FPs
within an experiment) and as a construct to relate behavioral and neural
measures (saccades: Amit et al., 2019; BOLD activity: Coull et al., 2016;
EEG: Herbst et al., 2018; Trillenberg et al., 2000; neural firing: Janssen
and Shadlen, 2005; perceptual processes: Vangkilde et al., 2012; Vangkilde
et al., 2013), whether it actually generates the theorized responses or be-
havior has received little to no attention (for an exception see: Janssen &
Shadlen, 2005). For a long time, the hazard function was considered sat-
isfying given that its predicted pattern qualitatively aligns with the data.
However, it remained untested whether the hazard function provides
accurate quantitative predictions for a range of manipulations (e.g.,
different FP distributions) and how it performs in comparison to al-
ternative formal theories of temporal preparation. Only recently, two
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labs - independently - have put the hazard function to rigorous, formal
tests (Grabenhorst et al., 2021; Grabenhorst et al., 2019; Salet, Kruijne,
van Rijn, Los et al., 2022). The conclusion is clear: the hazard function
does not always explain the data that it ought to explain and alternative
theories outperform the hazard function in a substantial number of
cases. Thus, although the hazard function is shown to often correlate
to behavioral and neural measures, it does not suffice as a theory of
temporal preparation.

beyond the hazard

There are new formal theories of temporal preparation that move beyond
the hazard function. Due to their recency, I did not discuss them in
Chapter 2. Here, I take the opportunity to discuss their conceptual ideas
relevant to the current discussion.

Grabenhorst et al. (2021), Grabenhorst et al. (2019), criticizing the
hazard function in parallel with us (Salet, Kruijne, van Rijn, Los et al.,
2022), proposed the inverse probability density function (PDF) as an
alternative computation underlying temporal preparation. The inverse
PDF theory proved to better capture empirical distribution effects than
the hazard function (Grabenhorst et al., 2021; Grabenhorst et al., 2019).
Distribution effects, however, are only a part of a whole family of effects.
As discussed in depth in Salet, Kruijne, van Rijn, Los et al. (2022), there
is a large body of evidence showing that temporal preparation is driven
by memory across a range of time scales. In its current state, the inverse
PDF theory does not describe how probabilities are represented and
derived from memory, and therefore as yet falls short as a complete
theory of temporal preparation.

Another probability theory, however, recognizes the central role of
memory in temporal preparation: the popular Bayesian ideal observer
framework (Meindertsma et al., 2018; Visalli et al., 2021; Visalli et al.,
2019). Applied to temporal preparation, this Bayesian framework as-
sumes that expectation of the to be observed FP (i.e., posterior) stems
from prior experiences of FPs (i.e., prior). The prior thus represents the
memory contribution to the current temporal expectation. On each new
trial, an updated posterior is computed through sequential Bayesian
updating, which serves as the updated prior on the next trial. These
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theories were related to the data by using the measure of ‘surprise’
(characterized by its Shannon information) reflecting how unexpected
a particular FP is given the model’s prior. In support of these Bayesian
theories, evidence was found that ‘surprise’ related to behavioral costs
(high RT) on a trial-by-trial basis (Meindertsma et al., 2018; Visalli et al.,
2021; Visalli et al., 2019).

These theories, however, remain to be evaluated on the set of memory
effects that serve as a stringent test of any theory of temporal preparation.
Given their memory component, it would be interesting to see whether
‘surprise’ maps onto the robust family of RT phenomena. Of particular
interest is whether ‘surprise’ resulting from sequential Bayesian memory
updating gives rise to the relatively strong contribution of immediate
previous trials (Drazin, 1961; Los & van den Heuvel, 2001; Steinborn &
Langner, 2012; Woodrow, 1914; Zahn et al., 1963) and, at the same time,
lingering transfer effects across experimental blocks (Crowe & Kent, 2019;
Kruijne et al., 2021; Los et al., 2017; Mattiesing et al., 2017). Aside from
its untested explanatory power of memory effects, the theory faces an
issue with its calculation of ‘surprise’ as it integrates the hazard function.
As discussed above, the hazard function is outperformed by alternative
computations underlying temporal preparation. In that regard, it might
be better to integrate the inverse PDF computation of Grabenhorst et al.
(2021), Grabenhorst et al. (2019), but such an implementation remains to
be implemented and evaluated.

beyond probabilities

Although these probability models go beyond the hazard function, the
idea of correlating preparation with probabilities continues in their the-
orizing. That is, the idea that temporal preparation entails a cognitive
process maximizing preparation at time points that yield a high prob-
ability, be it a conditional probability derived from the hazard function
(Janssen & Shadlen, 2005; Luce, 1986; Niemi & Näätänen, 1981), an
inverse PDF (Grabenhorst et al., 2021; Grabenhorst et al., 2019), or a
Bayesian prior (Meindertsma et al., 2018; Visalli et al., 2021; Visalli et al.,
2019). A general criticism that might be leveraged against such probabil-
ity theories is that they remain ambiguous about how cognitive processes
track the probability that ought to translate to temporal preparation.
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With f MTP we aimed to provide insights from which cognitive processes
temporal preparation may arise. The key message (see Salet, Kruijne,
van Rijn, Los et al. (2022) for a detailed description of f MTP) is that,
instead of explicitly or implicitly calculating probabilities, preparation
results from associative learning between the brain’s intrinsic timekeeper
capabilities and action.

It is important to recognize that probability theories and f MTP are
specified at different levels of analysis. Since Marr (1982), a widely held
view is that different levels of understanding are required (or at least
to be recognized) to understand complex systems such as the brain.
The above discussed probability theories can be considered to be spe-
cified at the computational level (Marr, 1982), addressing what the brain
does and why it does this. In the case of Bayesian theories, the brain
performs Bayesian inference (what) to prepare for future events (why).
These theories are performance-oriented (Harkness & Keshava, 2017)
and aim to describe and predict behavior but remain agnostic at the
algorithmic level (Marr, 1982), addressing how cognitive processes ac-
complish what they do. f MTP can be considered as a process-oriented
model specified at the algorithmic level. In relation to Bayesian theor-
ies, f MTP describes how the brain acquires a ‘prior’ and utilizes it to
prepare for upcoming events. Furthermore, f MTP’s internal processes
are inspired by neurophysiological research from the implementation
level (i.e., physical realization; Marr, 1982). Instead of treating the FP
as an abstract quantity stored in a ‘prior’ distribution, in f MTP, the FP
follows from an online time estimate represented in sequential neural
activity and is ‘stored’ by Hebbian learning between these neurons and
downstream readout neurons.

The argument, however, is not that Bayesian probability theories are
invalid because they do not address the underlying cognitive processes
from which behavior arises. Respected at their level of analysis, they can
be informative for our understanding of temporal preparation. Neither
Meindertsma et al. (2018) nor Visalli et al. (2021), Visalli et al. (2019)
claimed Bayesian inference to reflect the cognitive process itself, but
used it as a framework to interpret their behavioral and neural measures.
In the same way, the Bayesian probability approach could inform and ad-
vance f MTP, and vice versa. In the next section, I discuss a broad research
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strategy through which such interaction between research programs at
different levels of analysis might take place.

beyond my dissertation

An important aspect of the research strategy is that theories are not
necessarily exclusive, but can coexist at different levels of analysis (see
Meeter et al., 2007, for similar arguments regarding model hierarchies).
However, the interaction between them is crucial (Peebles & Cooper,
2015). I consider f MTP to be in a good position to integrate knowledge
from the computational (e.g., Bayesian models) and implementation
levels (e.g., brain imaging data), providing a way to bridge behavior
and the brain (see Harkness & Keshava, 2017; Love, 2015, for similar
arguments concerning the algorithmic level). From this perspective, I
discuss the challenge for f MTP to set up its integration with research
programs from the computational and implementation levels.

Figure 1 sketches four cycles along which f MTP, and thereby un-
derstanding of temporal preparation, can evolve. The two horizontal
‘empirical’ cycles consider the two ways of assessing f MTP’s verisimil-
itude (e.g., Meeter et al., 2007): either by showing that its assumptions
reproduce existing data (Figure 7.1, left empirical cycle) or by making
predictions that can be subjected to empirical testing (Figure 7.1, right
empirical cycle). The two vertical ‘analysis’ cycles consider interaction
between f MTP (specified at the algorithmic level) and the computational
(Figure 7.1, top analysis cycle) and implementation (Figure 7.1, bottom
analysis cycle) levels. Two-sided interaction between levels either re-
volve around findings or theory. Regarding findings, interaction might
help interpret data or guide experimental designs and data analyses
between levels. Regarding theory, interaction can constrain or challenge
components of theories at different levels. The main argument is that
for f MTP to move beyond my dissertation, its interaction with the two
other levels is required to provide a way to integrate findings across
research programs. The challenge in that regard, illustrated in Figure
7.1 with the yellow gradient in the background, is that f MTP becomes
unrestricted concerning its predictions of findings from the computa-
tional and implementation levels. For example, as f MTP is agnostic
and so unrestricted about its neural realization (Figure 7.1, low yellow
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Figure 7.1: Moving fMTP Beyond my Dissertation. Four cycles through which
understanding of temporal preparation can improve. The two analysis cycles
consider interaction of f MTP with the computational (top) and implementation
(bottom) levels. The two empirical cycles consider the two ways of assessing
theories’ verisimilitude: either by showing that their assumptions reproduce
existing data (left) or by making predictions that can be put to empirical
test (right). The background (yellow) gradient illustrates the issue that f MTP
becomes unrestricted for findings from the computational and implementation
levels.

opacity at implementation level), it is hard to inform the implementation
level (e.g., guide data analyses) or to be informed by this level (e.g.,
being constrained on its components). Before discussing this challenge
further, however, I first evaluate f MTP’s verisimilitude at its own level
of analysis.

fmtp and the algorithmic level

f MTP’s verisimilitude can be empirically assessed by either showing
to reproduce already existing data (Figure 7.1, left empirical cycle) or
testing predictions in new empirical tests (Figure 7.1, right empirical
cycle). As the former may involve the risk of fitting the data with an
overly flexible model, the latter is generally considered a stronger test. In
Salet, Kruijne, van Rijn, Los et al. (2022), we show f MTP to reproduce a
wide range of empirical phenomena. Importantly, although the flexibility
of process-oriented models (like f MTP) is difficult to quantify, this was
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achieved without an overly flexible parametrization: A single learning
rule using the same parameters across simulations sufficed to reproduce
empirical data across a vast range of time scales. Additionally, one of
f MTP’s predictions that was not empirically tested before (Figure 7.1,
right empirical cycle) turned out to be true in a new test.

Although we showed f MTP to be well corroborated regarding the
FP literature (Salet, Kruijne, van Rijn, Los et al., 2022), it is important
that the two empirical cycles keep on being assessed. Through these
cycles, testing f MTP’s predictions (see Salet, Kruijne, van Rijn, Los et al.,
2022, for some untested predictions), f MTP keeps on being polished:
either components corroborate further or falsify and require revision.
Critical for this process to be useful is that f MTP’s predictions are
restricted and specific. As Szollosi and Donkin (2021) argue, if a theory
is unrestricted such that it can adjust its predictions to fit any outcome,
empirical tests become ineffective. Regarding findings from the standard
RT task in the FP literature, f MTP meets this requirement. However,
to continue progress in our understanding of temporal preparation,
the future challenge is to integrate findings from research programs
at the computational and implementation levels. As I have reviewed
in the introduction of this dissertation (Chapter 1, ‘On Your Marks’),
research on temporal preparation (and more broadly timing behavior)
encompasses a wide range of psychophysical and neurophysiological
methodologies. In its current application, f MTP is unrestricted regarding
findings from other levels of analysis, therefore making it difficult to
synthesize different research programs. I argue that to integrate different
research programs the interaction between f MTP and the two other levels
is critical (Figure 7.1, vertical analysis cycles). Below, I exemplify two
situations, at the computational and implementation levels, in which
interaction with f MTP is currently difficult but might offer valuable
directions to expand f MTP’s scope.

fmtp and the computational level

In the section ‘Beyond Probabilities’, I suggested that f MTP constraints or
even challenges probability theories (specified at the computational level)
by demonstrating that it can reproduce phenomena without the need to
calculate probabilities, and by pointing to inconsistencies between phe-
nomena and probability-based predictions. However, more relevant for



183 general discussion

the argumentation here is that the interaction should be mutual and can
help to broaden f MTP’s scope to their research programs. For example,
relating f MTP’s mechanisms to probability theories might eventually
broaden its scope to the predictive coding framework (Bubic et al., 2010;
Clark, 2013; Friston, 2005, 2010; Friston & Stephan, 2007). Influenced by
the predictive coding framework, probability theories express their pre-
dictions using a ‘surprise’ quantity that reflects the mismatch between
prediction (expected FP) and outcome (actual FP)3. This perspective
on temporal preparation can prompt f MTP to specify how its internal
processes relate to ‘surprise’ and, once specified, whether they repro-
duce data from these paradigms (e.g., adaptations of the standard FP
task used in: Meindertsma et al., 2018; Visalli et al., 2021; Visalli et al.,
2019). Ultimately, after successfully reproducing data with restricted
assumptions (Figure 7.1, left empirical cycle), one can derive untested
predictions that require new empirical tests (Figure 7.1, right empirical
cycle).

fmtp and the implementation level

Such interaction can also take place between f MTP and the implementa-
tion level. f MTP is built on inspiration from this lower level, integrating
knowledge from the domains of timing (e.g., the brain’s intrinsic time-
keepers), memory (e.g., Hebbian learning), and motor planning (e.g.,
inhibition and activation processes). In reverse, f MTP can guide neuro-
physiological research like TMS or EEG studies to further test whether
and how its mechanistic proposals are implemented by the brain (see
Salet, Kruijne, van Rijn, Los et al., 2022, for a discussion). As discussed
before, the challenge is to let f MTP interact with research focusing on the
neural substrates involved in temporal preparation. In its current state,
f MTP leaves open where in the brain its mechanisms are implemented.
Substantial attempts have been made to identify the neural substrates
involved in temporal preparation (e.g., Coull & Nobre, 2008; Coull &
Nobre, 1998; Cui et al., 2009; Stuss et al., 2005; Vallesi & Shallice, 2007;
Vallesi, McIntosh & Stuss, 2009; Visalli et al., 2021; Visalli et al., 2019).
However, although some substrates have been consistently identified
(especially motor regions like SMA), it is difficult to get a coherent

3 In addition to Bayesian theories, the inverse PDF theory has also been related to
Shannon’s surprise (Grabenhorst et al., 2021).
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picture of which neural structures or networks are involved in temporal
preparation (Nobre and Coull, 2010, Chapter 27; Shalev et al., 2019);
though see Coull (2009) for a proposal. The interaction between these
analyses and f MTP could bring a leap forward in getting a better picture
of the involved neural substrates. In one direction, the implementation
level might inform where f MTP’s dissociable components are imple-
mented in the brain or reveal possible inconsistencies in the predicted
components (e.g., Vallesi & Shallice, 2007; Vallesi, Mussoni et al., 2007;
Vallesi, Shallice & Walsh, 2007). In the other direction, f MTP can direct
the focus of the search for temporal preparation’s neural substrates by
guiding experimental designs and analyses.

concluding remarks

Altogether, I sketched a broad research strategy (Figure 7.1) through
which temporal preparation might continue to book progress. Evidently,
this strategy is not a precise roadmap. Depending on a researcher’s
interest, there are very different paths and directions to take. However,
Figure 7.1 summarizes how different research programs at different
levels of analysis might synthesize. For the empirical cycles, I stress that
empirical testing is more effective when guided by a restricted theory.
From this perspective, I stimulate the challenge to restrict f MTP such
that it can interact with different research programs (via the analysis
cycles in Figure 7.1) to integrate knowledge from different levels of
analysis.

Following previous argumentation (Harkness & Keshava, 2017; Love,
2015), I have considered the possibility of the algorithmic level (i.e.,
f MTP’s level) to function as a hub through which interaction between
all three levels can take place. Admittedly, the central role of ‘our own’
f MTP might be regarded as subjective. However, I emphasize that all
levels of analysis in Figure 7.1, including the computational and imple-
mentation levels, must be taken as the ‘complete’ theory of temporal
preparation, certainly not f MTP alone. The goal of interaction should not
be to find a ‘winner theory’ that takes all. Instead, ongoing interactions
between theories should aim to inform and advance one another. An
identified shortcoming at one level is not immediately catastrophic, yet
must prompt that theory to improve. The significance of the shortcoming,
however, depends on the maturity of the level at which it was identified.
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Relatively new ideas might first need to engage in the empirical cycles
to assess their verisimilitude before informing the level above or below.

lab versus nature

The ‘lab versus nature’ contrast is a returning theme in my dissertation.
However, this theme in psychological sciences has been criticized to
be heavily underspecified (Holleman et al., 2020). More often than not,
terms such as ‘ecological validity’ or ‘real-world’ are used without spe-
cifying their meaning or goal. This ambiguity often resulted in somewhat
undirected ‘ecological valid’ research programs, in which it is not clear
what it means whether laboratory results may or may not generalize in
true ‘ecological valid’ settings (Holleman et al., 2020). Instead of advoc-
ating that results from the lab should generalize to more (ill-defined)
‘ecologically valid’ settings, studies should be specific about what that
particular setting entails: What are the relevant variables and conditions,
and why are they of interest?

In Chapter 6 (Salet, de Jong et al., 2022), we extensively addressed
what we mean with the lab versus nature contrast regarding interval
timing. This contrast did not revolve around whether the lab reflects
everyday environments (e.g., a computer task in the lab certainly dif-
fers from a walk in the forest) but instead focused on differences in
demands posed by the two environments. One critical difference (see
Chapter 6 for a more extensive discussion) is that in experiments, the
intervals to be timed are always known beforehand to be relevant for
behavior. That is, each interval is explicitly cued in isolated, discrete
trials. In contrast, in naturalistic conditions, the relevance of an interval
for behavior only becomes apparent through learning from interacting
with complex temporal structures, while we are hardly ever aware of the
temporality of our behavior. The aim of Chapters 3 to 5 is to investigate
the learning processes that capitalize on the information embedded
in complex temporal structures, something that cannot be assessed in
experiments that explicitly cue each interval in isolated trials.

We developed the Whac-A-Mole (WAM) paradigm (Chapter 3, Salet
et al., 2021) to specifically target this difference in demands between
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lab and nature. WAM is thus not ‘ecologically valid’ because it looks
like the outside world. Obviously, WAM is far from a setting resembling
a forest walk: it is still an experiment in the lab where participants
just press buttons. Nevertheless, WAM brings certain demands posed
by an uncertain, ever-changing world to the lab. Another nuance is
that WAM’s focus on ‘ecological validity’ does not dismiss the validity
of more traditional experiments. Much of our knowledge of interval
timing stands on the shoulders of these experiments. However, to start
assessing the full capacity of cognition and behavior, I argue that it
is critical to evaluate to what extent their demands match nature’s
demands. It is through this cycle, evaluating the mismatch in demands,
clearly specifying the relevant variables of the demands (Holleman et al.,
2020), and designing experiments targeting the identified contrasts (such
as WAM), that we can systematically achieve a better understanding of
adaptive timing behavior in its entirety.

However, pursuing this goal comes with challenges. Letting go of
conventional experiments makes it more difficult to control for all ex-
perimental factors that might affect performance. Any experimentalist
knows that participants tend to use any information available (explicitly
or implicitly) to get a reasonable outcome. That is why, in the first place,
experimentalists simplify experiments to ensure that only the variable of
interest affects performance. Experiments that include multiple variables,
like WAM, risk that other factors than the critical manipulation drive
performance. This is what happened to us (Chapter 5, Salet, Schlichting
et al., 2022). Intriguingly, we found temporal behavior to be much more
adaptive than we previously thought: Instead of learning a single regular
interval (our initial variable of interest), we found participants to track,
in parallel, different intervals to anticipate when to act where (Chapters
3 to 5). In hindsight, the reason that we overlooked this possibility partly
arose as we focused our research on the presence or absence of a certain
effect. However, as discussed in the section on theory building, an effect
is the thing to be explained and not the explanation (Szollosi & Donkin,
2021; Szollosi et al., 2020; van Rooij & Baggio, 2020, 2021). Although we
guided our focus on this effect by the rich ‘statistical learning’ literature,
we had no clear idea about the underlying mechanisms from which the
possible effect may arise. This focus on discovering an effect without a



187 general discussion

precise theoretical construct misguided our data analyses in Chapter 3

(Salet et al., 2021).
In sum, Chapters 3 to 6 argue that conventional experiments might

trade off valuable information for their rigorous control of experimental
factors. Experimental paradigms inspired by the demands posed by
nature, like WAM, have the promise to offer a better understanding
of adaptive timing behavior in its entirety. However, this is only likely
to succeed if the goal and meaning of ‘ecological validity’ are clearly
specified (Holleman et al., 2020) and if restricted theories guide the
experimental design and analyses (Szollosi & Donkin, 2021; van Rooij &
Baggio, 2020, 2021).

conclusion

An impressive, ongoing collection of empirical evidence is revealing
the integral role of time in all behavior and cognition. This dissertation
conceives associative learning between the brain’s intrinsic timekeepers
and events as a key principle underlying this collection. Furthermore,
it shows the need of evaluating the mismatches in demands between
lab and nature to achieve understanding of adaptive timing behavior in
its entirety. In a broader sense, this work discusses that theory and not
‘discovering effects’ should be at the heart of the scientific process.
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