Cognitive Psychology 151 (2024) 101662

Contents lists available at ScienceDirect

Cognitive Psychology

- -
ELSEVIER journal homepage: www.elsevier.com/locate/cogpsych i

The fusion point of temporal binding: Promises and perils of
multisensory accounts

Annika L. Klaffehn® ", Oliver Herbort?, Roland Pfister >¢

@ University of Wiirzburg, Germany
Y Trier University, Germany
¢ Institute for Cognitive and Affective Neuroscience (ICAN), University of Trier, Germany

ARTICLE INFO ABSTRACT
Keywords: Performing an action to initiate a consequence in the environment triggers the perceptual illusion
Temporal binding of temporal binding. This phenomenon entails that actions and following effects are perceived to

Multisensory integration

> occur closer in time than they do outside the action-effect relationship. Here we ask whether
Bayesian model

temporal binding can be explained in terms of multisensory integration, by assuming either
multisensory fusion or partial integration of the two events. We gathered two datasets featuring a
wide range of action-effect delays as a key factor influencing integration. We then tested the fit of
a computational model for multisensory integration, the statistically optimal cue integration
(SOCI) model. Indeed, qualitative aspects of the data on a group-level followed the principles of a
multisensory account. By contrast, quantitative evidence from a comprehensive model evaluation
indicated that temporal binding cannot be reduced to multisensory integration. Rather, multi-
sensory integration should be seen as one of several component processes underlying temporal
binding on an individual level.

1. Introduction

You press the button on a coffee machine and immediately see the little green light blink in readiness, hear the water heating up,
smell the freshly ground beans and perhaps, already feel your mood lift. If you love coffee, that is. In any case, your cognitive system
probably integrated all these related pieces of sensory information originating from very close temporal and spatial proximity into one
coherent multimodal event (e.g., Debats et al., 2017). In retrospect it will likely be impossible to tell if you heard the water boiling first,
or first smelled the coffee. Such integration of redundant and related sensory information is usually referred to as multisensory inte-
gration (e.g., Sanders et al., 2019). Although this mechanism entails the irretrievable loss of some detailed information, it crafts sparse
and meaningful representations. This allows the human cognitive system to cope with the overwhelming wealth of everyday infor-
mation and leads to a more stable and integrated perception.

Temporal and spatial integration of sensory information can be so strong that the single pieces of information are not processed
individually but rather as a compound entity. Examples include visual-auditory integration as demonstrated by the well-known
McGurk effect in which visual information changes heard syllables (McGurk & MacDonald, 1976) or the sound-induced flash illu-
sion in which auditory information changes visual perception (Shams et al., 2000). One element of the coffee-making example stands
out, however: the action of pressing the button on the coffee machine. From a logical point of view, this action must have occurred
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before any of the resulting effects. Nevertheless, actions and their effects are perceived as shifted towards each other in time, albeit
classically not fused, as demonstrated by the temporal binding effect (originally termed intentional binding; Haggard et al., 2002).

Temporal binding refers to the perceptual illusion of subjectively shortened intervals between actions and subsequent effects. Here
we ask whether temporal binding is a unique phenomenon tied to cause-effect sequences as has previously been proposed (Buehner,
2012), or whether it is better understood as representing incomplete multisensory integration (signal coupling; Ernst, 2006). Inte-
grating temporal binding into the broad theoretical framework of multisensory integration would provide a parsimonious explanation
of this intriguing and reliable illusion. Moreover, it would greatly inform the ongoing debate concerning its mechanistic and theo-
retical underpinnings (e.g., Klaffehn et al., 2021; Saad, Hemmer, & Musolino, 2022; Schwarz, & Weller, 2023; Wolpe et al., 2013). The
following section, therefore, summarizes the main assumptions of multisensory integration accounts in the context of temporal
binding.

1.1. Temporal binding as multisensory integration

What determines if multisensory signals become integrated? First, the signals need to fulfill the prerequisites of temporal and
spatial proximity. Specifically the time (or delay) between individual signals is closely coupled to neural activation times (for more
information see for example Stein & Stanford, 2008). Although integration might benefit from co-occurring peak activity, individual
signals may be separated by up to 250 ms (Bedard & Barnett-Cowan, 2016; Noel et al., 2016) — the multisensory window of integration®
(Chen et al., 2017) — and still be fused. Similarly, temporal binding of actions and their effects is constrained by the delay between the
two (e.g., Haggard et al., 2002). Temporal action-effect binding, however, easily spans across delays of 400 ms (Ruess et al., 2017) or
more (Humphreys & Buehner, 2009). Despite the differences in acceptable delay intervals, these findings can be reconciled. Note, that
the multisensory window of integration refers to complete fusion of signals. This occurs when, coming back to the introductory
example, we connect the sound of the coffee machine to the emerging smell of ground coffee resulting in a unified multisensory
experience. Full fusion, however, is not necessarily expected regarding the action of pressing a button on the coffee machine: Logically,
that action should have come first, and triggered the following (separable) event of the machine starting to work. It only follows that in
classical findings on temporal binding actions and their effects are not usually perceived simultaneously. Cases of incomplete binding
or signal coupling, akin to classical findings of temporal binding, have also been reported in the multisensory integration literature
(Debats et al., 2017; Ernst, 2006, Wallace et al., 2004) and adhere to the rules laid out here.

A second principle governing multisensory integration is causal inference. According to it, multisensory illusions hinge on whether
two sensory signals are perceived or expected to stem from a common event (Parise et al., 2012). The belief of a causal sequence is also
at the heart of current theorizing on temporal action-effect binding. Not merely coincidence, but also causal beliefs shape the
magnitude of the binding effect (Desantis et al., 2011, Fereday et al., 2019). Note that this cause may be an intentional action
(following early assumptions; Haggard et al., 2002) and arguably, humans are especially attuned to detect causal connections related
to their own actions and may even fabricate them to create illusions of control (Langer, 1975). However, the range of possible causes
has been found to extend far beyond intention (Kirsch et al., 2019; Schwarz et al., 2019; but see Ruess et al., 2020; Weller et al., 2020).
This highlights the importance of perceived causality rather than intention on the subjective temporal dislocation, and as such puts
emphasis on the same principle as multisensory integration.

Finally, multisensory integration is also governed by the principle of inverse effectiveness. That is, how strongly a cue will be bound
into a multisensory construct depends on features of this cue. Indeed, the perceptual strength of a sensory cue is inversely related to the
perceptual enhancement it will receive if integrated with other cues (Holmes, 2009). Cues that are difficult to perceive when they are
presented alone, as for example, the low rumbling of the coffee machine brewing water, will be integrated strongly into multisensory
concepts. Expanding upon this principle, frameworks rooted in statistical optimality offer a more detailed insight into how different
sensory cues may be integrated (Ernst & Banks, 2002). Such frameworks make use of maximum-likelihood estimates, where the
variability (or uncertainty) of sensory cues is relevant when combining them. Cues that are difficult to perceive or pinpoint on their
own carry less reliable information and multisensory constructs are therefore dominated by those cues, that are most easily perceived
when presented alone.

Manipulating the perceptual strength of action and effects in a temporal binding setting led to results compatible with this sta-
tistically optimal implementation of the principle of inverse effectiveness. For example, making an effect less easily perceptible led to
stronger binding of this effect towards the generating action and vice versa while leaving the absolute binding magnitude relatively
untouched (Klaffehn et al., 2021; Wolpe et al., 2013). That is, an action performed on a force sensor (difficult to pinpoint in time) is
attracted more strongly towards an ensuing effect tone than a standard keypress. Similarly, a tone that is difficult to hear over
background noise is more strongly attracted towards an action than a tone that is easily perceptible. At the same time, recent research
has also already questioned the efficacy of maximum-likelihood estimation to predict temporal binding. Tonn et al. (2021) showed that
action binding (attraction of the action towards its effect) and effect binding (attraction of the effect towards its cause/the action) were
not correlated across participants, suggesting that these two effects are surprisingly independent. A more comprehensive approach is
therefore required to establish whether temporal binding can indeed be explained by the mechanisms of multisensory integration.

1 Multisensory integration accounts have sometimes used the term of temporal binding window to characterize the window for complete fusion (e.
g., McGovern et al., 2022; Ren et al., 2018; Venskus et al., 2021). These studies should not be confused with work on temporal binding of action-
effect pairings despite the obvious terminological similarity.
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1.2. Modeling temporal binding

Observing qualitative data patterns that conform to the predictions of a multisensory account is a promising first step towards
integrating temporal binding into a multisensory framework (Klaffehn et al., 2021; Wolpe et al., 2013). On this basis formal models can
be tested to establish whether temporal binding can indeed be attributed to multisensory integration.

An initial, encouraging attempt to provide a formal model for temporal binding was provided by Legaspi and Toyoizumi (2019)
who effectively simulated group-level temporal binding data using a Bayesian model. In the current study we test predictions of a
Bayesian model on novel temporal binding data. More specifically, we test whether temporal binding can be explained on an indi-
vidual level by Statistically Optimal Cue Integration (SOCI) models (Ernst, 2006).

1.2.1. Statistically optimal cue integration (SOCI)

SOCI models are rooted in the conceptual underpinnings of Bayesian Decision Theory, a theoretical construct that furnishes a
formal mechanism for comprehending how the cognitive system deals with inherent uncertainty (Ernst & Banks, 2002). That is,
combining preexisting knowledge (i.e., the prior) with the sensory information we encounter enables us to make sense of our envi-
ronment (i.e., the posterior). This approach has been successful in explaining human perception and performance across a wide range
of tasks. SOCI models extend it to the context of multisensory integration, as in the example involving coffee-making. Here, the “prior”
encompasses our assumptions and past experiences with similar situations. This prior is combined with sensory inputs related to
making coffee, such as the smell, sound, and sight. This incoming information is naturally imprecise and uncertain. To improve
perceptual precision and reduce redundancy our perceptual experience is shaped by combining the prior and all related sensory in-
formation, resulting in what we perceive as the “posterior”, i.e., the experience of making coffee. Individual sensory cues affect this
posterior based on their uncertainty. That is, less precise perceptual information carries less weight when generating the final
perception from all sensory cues.

But how can an elusive concept such as perceptual uncertainty be quantified in mathematical terms? In the SOCI framework, it is approximated by
isolating a sensory cue and repeatedly asking for perceptual judgements for that cue e.g., regarding location or timing. In case of an auditory cue, we could
for example repeatedly ask, “When did you hear the tone?”. These temporal judgments will naturally vary, most simply on a Gaussian distribution around
the unbiased perception. A large variance of this distribution is indicative of less precise perception and therefore the variance of these judgements is used
to quantify uncertainty about a cue’s perception. This absolute uncertainty however reveals little about the weight, this cue will carry in the posterior.
Instead, in the context of multisensory integration and its rule of inverse effectiveness the weight of a sensory cue in a final, unified perception is
determined by its relative uncertainty compared to all other cues that are integrated as well. More simply, if two redundant cues are fused into one
multisensory percept information from each cue is integrated into the final estimate according to their uncertainty as compared to the other cue(s). More
weight is granted to less uncertain information. Using these weights, SOCI models compute the statistically optimal combination of all given information
(e.g., regarding location or timing) and thereby predict human perception. Additionally, this combined perception should have a perceptual benefit over
the single cues that constitute it. More precisely, uncertainty should be reduced through combination of information from all cues and perceptual
judgements about the posterior should be more consistent than those derived from single cues.

In temporal binding paradigms researchers manipulate the perceived causal relationship between two events, typically a keypress
and a tone. When participants infer a causal link, they often perceive the keypress (the action) and the tone (the effect) as occurring
closer together in time. To allow predictions for these temporal shifts using the SOCI model, it is imperative to view both the action and
the effect as distinct sensory signals, both of which convey information about a common temporal reference point. Within the
framework of a SOCI model, we can then pinpoint this common timepoint in a statistically optimal manner. The original SOCI model,
which we will refer to as the SOCI fusion model assumes a unified perception of the sensory cues at this common time point. As outlined
in the coffee-making example, however, such full fusion is not likely to occur for action-effect sequences and, in fact, is not what is
observed in common temporal binding setups.

SOCI models have been adjusted, though, to cover situations in which perfect fusion of cues is improbable. In this revised SOCI coupling model
individual cues are attracted towards each other, but they are not fused at the shared reference point. Therefore, separate estimation points are
predicted for each cue — in the context of temporal binding, for the action and the effect. The degree of attraction is determined by uncertainty
about the stimuli’s relationship, that is, uncertainty about whether or not fusion is appropriate. In mathematical terms, this is represented in form of
a Bayesian prior. Effectively, a high uncertainty about the stimuli’s relationship, such as under conditions of limited temporal or spatial proximity
or conflicting top down expectations, will be reflected in a high variance of the Bayesian prior (Debats et al., 2017) leading to reduced predicted
attraction. This incomplete fusion mechanism ostensibly serves to reduce the risk of erroneous coupling, but also comes with diminished benefits
associated with multisensory integration.

1.2.2. The present study

We conducted two experiments to test whether the SOCI fusion model and the adaptation for situations without full fusion — the
SOCI coupling model - provide a parsimonious multisensory explanation for the phenomenon of temporal binding. The precise
mathematical building blocks used to construct and test these models are described in Section 2.3 and in Appendix A.

The experiments implemented situations where participants performed actions and triggered action-contingent auditory effects at
varying action-effect delays. We further ensured that the delay conditions satisfied criteria for full perceptual fusion as well as sensory
coupling, as evaluated in a pilot experiment (see Appendix B). Additionally, we implemented a condition with a sufficiently large delay
to expect no temporal attraction between action and effect as well as one ambiguous situation, where interindividual differences in
binding might be observed. For Experiment 1, we implemented action-effect delays of 50 ms (expected fusion), 150 ms (ambiguous
situation), 400 ms (expected partial integration/ coupling) as per the pilot experiment, and 1000 ms (no binding expected, e.g.,
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Haggard et al., 2002). In all conditions, we measured ratings of simultaneity as well as temporal binding via the Libet Clock procedure
(see Fig. 1; e.g., Haggard, 2002), allowing us to compute the temporal binding illusion. We preregistered, amongst others, the
following specific hypotheses:

- With very short action-effect delay (50 ms), participants subjectively report fusion of actions and effects. Mean estimates as well as
individual standard deviations can be predicted by the SOCI fusion model.

- With medium action-effect delay (400 ms), participants do not report fusion, but actions and their effects are still temporally
attracted, this temporal binding does not cover the full delay, however. Compared with the 50 ms delay condition, variances of
actions and effect estimates deviate more strongly from the minimal variance predicted by the SOCI fusion model.

- With long action-effect delay (1000 ms), participants report no fusion, and actions and their effects are not temporally attracted.
Variances of action and effect estimates are on baseline level.

With Experiment 2, we obtained an additional dataset comprising three distinct delay conditions (100 ms, 300 ms, 2000 ms) to
reinforce and solidify our findings. The selection of the shorter two delay conditions aimed to observe the transition from fusion to
coupling more clearly. The inclusion of the 2000 ms condition, by contrast, was prompted by an unpredicted observation of temporal
binding even in the 1000 ms condition of Experiment 1. This longer delay condition was intended to guarantee a complete perceived
dissociation between the executed action and its subsequent effect.

In the following analysis, we aimed to offer a thorough understanding of the data on a group level as well as on an individual level.
In addition to assessing the precision of the SOCI model’s predictions through the pre-registered comparison between observed es-
timates and model predictions, we enhanced our analysis with a likelihood ratio analysis, providing a more comprehensive measure of
model fit. Prompted by the surprisingly mixed nature of these initial findings, we proceeded to test more general predictions related to
multisensory integration, that rely less on the specifics of the model. To this end, we computed correlational markers to identify
similarities between observed and predicted estimates and investigated whether temporal binding data can be predicted at the
interindividual level by offering the same factors as those used in the SOCI models to an agnostic neural network model.

2. Methods

Preregistrations for Experiment 1 and 2, source code to adapt and run the experiment online, the full, anonymized dataset and the
final analysis scripts are available at the Open Science Framework (osf.io/qgfns/).

2.1. Experiment 1

Fig. 1 gives an overview of the experimental design. The experiment featured a temporal binding setup in which participants
provided time estimates for actions and action-contingent tone effects in different operant conditions. These conditions implemented a
range of action-effect delays, intended to induce full action-effect fusion (50 ms), partial fusion (1 50), signal coupling (400 ms) and no
fusion (1000 ms). The procedure additionally included baseline conditions with actions or tones appearing in isolation. These are

> trial start

min. 1000 ms

> keypress (not in effect baseline)
delay: 50/ 150/ 400/ 1000 ms

> tone (not in action baseline)

1000 — 2000 ms

time estimation

— b
clock hand

When was the tone/
keypress?

How many key presses
and tones seemed to be
simultaneous to you?
<> 2
all

P

simultaneity-rating
every 12 trials
3 times per block

Fig. 1. Setup and procedure of Experiment 1. Note. Participants performed keypress actions and were presented with tones while watching a
continuously rotating clock hand on screen. Actions or tones either appeared in isolation (baseline conditions) or the action consistently triggered a
tone effect after a fixed action-effect interval (operant conditions). Participants then indicated the timing of either the keypress or the tone (blocked)
by moving the clock hand to the position it had been at the time of the respective event. Action-effect delays were manipulated between experi-
mental blocks, and participants rated at regular intervals how many of the last trials appeared to feature action and tone simultaneously.
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necessary to compute unbiased action- and effect binding values as well as provide the markers for signal certainty employed in the
SOCI model.

2.1.1. Participants

Desired sample size was set to 50 participants. This sample size offers a power of 1-p = 0.80 for effect sizes of d, = 0.40 in paired t-
tests, so that the experiment came with high power for common binding effects (e.g., d; = 0.50 and 0.57 for action binding in free- and
forced-choice actions and d, = 0.98 and 1.03 for effect binding in Schwarz et al., 2019). The sample size further came with a power of
1-p = 0.80 for detecting moderate correlations of r > 0.34 between subjectively perceived fusion and actual temporal binding in a one-
tailed test (computed with the pwr package in R).

Participants were recruited and compensated via the online recruitment platform Prolific (prolific.co). One dataset was rejected
because it failed to meet the data quality criteria specified for participants in Prolific’s experimental description (it came with
completely random temporal estimates) and automatically replaced by another participant. Two more participants were excluded
from the dataset, as they met exclusion criteria from the preregistration, but they were compensated and not replaced. Both failed to
enter a temporal estimate (M + 2.5 SD) too many times. The final group of 48 participants reported a mean age of 27.5 years (+SD =
8.0; 18-54) and were mainly residents of the UK (12), Poland (7) and Italy (6) (detailed breakdown of nationality and country of
residence in Appendix C). Participants self-identified as 19 female, 29 male and none as diverse and reported being 40 right-handed, 6
left-handed and 2 ambidextrous.

2.1.2. Stimulus material

The experiment was programmed with the JavaScript toolbox JsPsych (de Leeuw, 2015) and the additional psychophysics plugin
(Kuroki, 2021) as an online experiment to be run in participants’ internet browsers at home. It was provided on the free mindprobe
server (mindprobe.eu) as sponsored by the European Society for Cognitive Psychology (ESCoP).

Each trial featured a Libet Clock consisting of a plain circle with a thick black outline and a continuously rotating clock hand
extending from the circle center to the circle outline (see Fig. 1). The clock hand made a clockwise turn every 2500 ms. The clock face
did not include any position markers. The size of the clock was determined by the screen of the participants’ personal setup, and
covered 400 pixels of the screen in diameter. The setup was further restricted to computers with physical keyboards (no cellphones or
tablets). The experiment featured a 50 ms long 450 Hz beep tone which was used as action effect. To ensure participants had their
volume sufficiently high, they had to complete an auditory detection task at three instances before and between experimental blocks
where they responded as quickly as possible to the same tone, but with the volume lowered by the program. This task was only feasible
with the volume turned up sufficiently and only after solving the task they could continue with the experiment. The auditory detection
task had no experimental value but was a means to increase task adherence. The source file for the program as well as the auditory
stimulus material can be accessed at osf.io/qgfns/.

2.1.3. Procedure

At the start of the session, the browser was automatically set to full screen. However, we did not track whether participants kept it
on full screen during the whole experiment. After agreeing to the data protection and informed consent form, participants were asked
to voluntarily enter their demographic data and the auditory detection task (see 2.1.2 Stimulus Material) was completed once to
exclude all participants without working sound. Only participants who were able to detect the tones in this detection task were able to
continue the experiment. Afterwards participants were introduced to the trial procedure briefly in two training trials. They were given
the opportunity to repeat this introductory part if they wished, and otherwise they started with experimental trials.

A Libet Clock was presented from the start of each trial and its hand continuously rotated in clockwise direction. In all conditions
except for the effect baseline condition, participants were to press the ‘X’ key of their keyboard with their left index finger. They could
freely decide on the timepoint of this action as long as they waited at least one second after trial onset. Pressing the key too early
triggered immediate error feedback and the trial was repeated. The keypress did not produce any visible changes in the display in any
condition. In operant conditions however, the effect tone was played after a fixed action-effect delay of 50, 150, 400, or 1000 ms
(varied blockwise). Afterwards the Libet Clock continued to rotate for a random duration of 1000 to 2000 ms. The clock hand then
jumped to a random place on the clock and stopped moving. At this point, participants could move the clock hand by pressing the left
and right arrow keys on their keyboard with their right hand. Participants were either asked to move the hand to where it had been
when the key was pressed or when the tone was played. The event they were asked to estimate was blocked. Each delay condition
comprised two blocks, each containing 36 trials: one for action estimates and one for effect estimates. Three times within these blocks
(after 12 trials), participants were instructed to assess how many of keypresses and tones they had perceived as simultaneous since the
last simultaneity rating or the beginning of the block. They provided ratings on a continuous rating scale ranging from 0 % to 100 %,
with anchors labeled “none” and “all”. Additionally, participants completed two baseline blocks (also consisting of 36 trials each): one
where only keypresses were performed without hearing any tone (action baseline), and another where participants were instructed not
to press any keys while tones were presented automatically (effect baseline). In both baseline conditions, participants were solely
prompted to reproduce the clock hand position corresponding to the present event.

2.2. Experiment 2

Stimulus material and procedure were identical to Experiment 1 apart from the action-effect delays, which were set to 100, 300 and
2000 ms. The 2000 ms condition was implemented to ensure a condition without temporal binding. The 100 and 300 ms action-effect
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delay conditions were added to provide a more fine-grained picture of the transition from fusion to coupling.

2.2.1. Participants

In the second experiment, we did not plan to conduct any correlational analyses and therefore, opted for a sample size of 30
participants. Participants were recruited as in Experiment 1, and this time two datasets were rejected and automatically replaced by
Prolific due to random ratings and non-compliance with instructions. One additional participant was excluded because they reported
to have had trouble with the keyboard at the start of the experiment and indeed generated irregular data in the first blocks. They also
met exclusion criteria from the preregistration and were not replaced. The final sample consisted of 29 participants aged 26.6 (£SD =
6.4; 18-41) years and residing mainly in South Africa (11), according to self-reported data. A detailed breakdown of nationality and
country of residence is provided in Appendix C. Of this sample 14 participants self-identified as female and the rest as male and 23
reported themselves to be right-handed, 4 left-handed and 2 ambidextrous.

Due to the analysis methods we decided on a posteriori we still report exploratory correlations with this data. The final sample size
of 29 participants would only detect large correlations of r > 0.49 with a power of 0.80 in a two-tailed test. The sample size should be
sufficient for detecting temporal binding effects, as in Experiment 1 those ranged between d, = 0.55 (1000 ms) and d, = 1.99 (150 ms).
The sample of Experiment 2 had a power of 1-p = 0.82 to 1-f > 0.99 to detect these effects in two-tailed tests.

2.3. Data preprocessing

The raw data consists of participants’ estimates of actions and effects on the Libet Clock, as well as the logged true event timings.
These estimates were recorded in milliseconds, with the clock hand’s top position serving as the reference point (0-2500 ms). As a first
step in preprocessing the data, we calculated estimation errors as the shortest temporal distance between the actual and estimated
Libet Clock positions during cue presentation (clock- or counterclockwise). After excluding outlier trials falling beyond + 2.5 SDs
around a participant’s condition mean, we aggregated these estimation errors across trials to estimate mean estimation errors (p) and
variances of estimation errors (¢2) for each condition and each participant individually.

To assess temporal binding, we compared estimation errors in the baseline conditions (4 ,cion> Hb1_effect)> Where actions and tones
were presented in isolation, to estimation errors in the operant condition (#p_scions Hop_efrec)> Where actions were followed by tones as
effects. We computed action binding (i.e., the shift of the action towards the effect, 11, ,cion —Hol_action» POSitive values indicate binding)
and effect binding (i.e., shift of the effect towards the action y, frect —Hbi_errecr> N€GALIVE values indicate binding) separately. Finally,
effect binding was subtracted from action binding to calculate overall temporal binding.

To gauge how well SOCI models fit temporal binding data, we computed estimation errors for the operant conditions as they would
be predicted by two variations of the SOCI model: one assuming complete fusion of multisensory signals and the other assuming partial
fusion (also signal coupling). In this context, we consider the action and the effect of the temporal binding setup as individual sensory
signals, both conveying information about a common temporal reference point. A SOCI fusion model applied to this data posits that
both action and effect are fused precisely at this common temporal point. We therefore computed a single statistically optimal estimate
of the combined perceived time point for both action and effect (ug,). On the other hand, the coupling model suggests that the
perceived timing of actions and effects should only be shifted towards this point by a certain degree. In this case, we calculate two
distinct estimation errors (igo_ycions Hso_efrect)- Similarly, we can calculate the perceptual benefit through multisensory integration as
the minimal variance the estimates in the operant condition should achieve if information were combined optimally. This minimal
variance is again one common parameter for the SOCI fusion model (62,,,) whereas there are distinct parameters for the coupling
model (62 min_action 62 min_effect)-

The computation of perceived timing and minimal variance relies on the observed parameters in the baseline conditions of the
temporal binding setup (iy; scions Hbl_effects O'Zbliac[iony(sz]ieffem). As mentioned above, SOCI models estimate the uncertainty that is
associated with the perception of a cue by isolating this sensory signal and calculating the variance across multiple perceptual
judgments. The baseline conditions of our experiment, where keypresses and tones were assessed independently, served as suitable
situations to estimate cue uncertainty (62yi_sction,0%bl_cffect) and additionally provided unbiased temporal judgements of the keypress
(Hp1_action) @nd the tone (4, srec)- Based on these absolute uncertainties (62p)_action, 62bi_effect )» We computed the relative uncertainty of
the action and the effect as predicted by the SOCI fusion model for each participant individually as the weight (w), each of these cues

would carry in the combined percept, we,e = % The weight of a cue (action or effect) increased, if the uncertainty (i.e.,

62b1_cue +02bi_othercue

variance of judgements in the baseline condition) of all other cues was high as compared to the cue itself. As the action and the effect
were the only two signals entered into the fusion model, the sum of their two weights was always 1. We computed the statistically
optimal estimate (ug,) of a fused action-effect perception as the sum of the weighted baseline estimates (4 ,ciions Hb1_effect) Of action and

effect, jigo = (Waction *Ho1_action) + (weffm*yblfcffm). Finally, we computed the minimal variance (62,,,) this combined perception could

achieve in the case of optimal maximum-likelihood estimation as 62 ;, = % (Ernst & Banks, 2002, see also the Cramér-Rao
bound; Cramér, 1946, Zachariah & Stoica, 2015).

The SOCI fusion model predicts one point in time, where action and effect are expected to be perceived simultaneously. The SOCI
coupling model, however, merely posits attraction towards this timepoint and therefore calculates separate statistically optimal es-
timates for the action and the effect (igy ,cion» Hso_effect)- TO account for such an incomplete cue integration (sensory coupling), a
Bayesian coupling prior is included into the computation. This coupling prior represents assumptions made about the relationship of
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action and effect. As we mentioned before, participants are unlikely to expect perceptual fusion in action-effect situations as they
would in other multisensory situations. This should be especially true when actions and effects are separated by longer delays. The
coupling prior essentially represents the strength of the assumption of perceptual fusion. For example, if perceptual fusion in a situ-
ation is rather unexpected, uncertainty of the prior (62r) is high and participants are unlikely to combine the action and the effect
into a unified percept. However, the coupling prior cannot be directly measured or estimated from the baseline conditions. Still, we
know how it should affect operant temporal binding conditions. For instance, if we observe only small temporal binding in a condition,
possibly due to a large temporal delay between the action and the effect, this can only be represented in the SOCI coupling model as a
variation in the coupling prior. Thus, we use the mean measured coupling strength in each situation across participants (i.e., pro-
portion of the actual action-effect delay covered by temporal binding Amean_pp, Se€ Debats et al., 2017), to approximate the uncertainty

(1~ Amean_pp) 5
Amean_pp

adjust the cue weights (W,ction, Wetfecr) Dy the uncertainty of the coupling prior as wy, = 2"2317—‘“2 A large variance of the

0%bl_cue 0% bl _othercue +0 prior

of the coupling prior as azpm = (6 b1_action + 02bl_cfrect) (s€€ Appendix A). The coupling prior can then effectively be used to

coupling prior consequently leads to reduced weights of the cues, resulting in less predicted binding. Based on these adjusted weights,
statistically optimal estimation errors (5o _scions Hso_cffec) @0d minimal variances (62 min_actions ¢2min_effect) €an be predicted for actions
and effects individually and for each condition separately. See Appendix A for these computations as well as a summary of all com-
putations used for calculating predicted estimation errors and minimal variances.

3. Analyses and results

We report exploratory analyses in addition to those preregistered. For simplicity, all tests are reported two-tailed. Effect sizes are
reported as d = Cohen’s d, = |t/1/n|. In case significant similarities were predicted, Bayes Factors are given as BFy1, with a larger Bayes
Factor signifying stronger evidence for equality of two data sets.

3.1. Temporal binding

Analysis. In each condition, we assessed the presence of temporal binding. That is, we examined whether keypresses (actions) and
tones (effects) were perceived as closer in time when the keypress triggered the tone as compared to a baseline condition where
keypress and tone were estimated in isolation. As preregistered, we compared temporal binding in multiple conditions of Experiment
1. Specifically, we tested whether temporal binding in a condition where we expected fusion (50 ms delay) would cover more of the
actual action effect delay than in a standard temporal binding condition with clear perceptual separation (400 ms condition). Addi-
tionally, we tested whether temporal binding would decrease in a condition considered to promote separate, independent perceptual
representations (1000 ms condition).

Additionally, we conducted a comparative analysis of explicit reports of perceived fusion, using predefined thresholds of 75 %
(indicating the experience of fusion) and 25 % (indicating absence of fusion). These thresholds, established prior to data collection,
were selected for pragmatic purposes due to a lack of guiding empirical evidence. These thresholds may serve as useful benchmarks for
future research in this area.

Results. Fig. 2 summarizes the empirical results. In all conditions but the 2000 ms delay condition, participants showed significant temporal
binding, whereas in the 2000 ms delay condition, we observed significant repulsion. The ratio of action-binding to effect-binding consistently
increased with increasing action-effect interval. With an increase from 50 to 400 ms action-effect delay, the overall temporal binding increased
from 95 ms to 150 ms, #(47) = 2.07, p = .044, d = 0.30, but the proportion of the actual action-effect delay covered by binding decreased, t(47) =
5.85,p < .001, d = 0.84 (see Fig. 2, Boxplots see Appendix D, Fig. D1). Despite the large delay of 1000 ms, temporal binding was not reduced in this
condition as compared to the 400 ms condition, {(47) = 0.38, p = .708, d = 0.05.

Action Binding (ms) Effect Binding (ms) Delay (ms) t-test Temporal Binding Fusion

& SE & SE (baseline (Action Binding - Effect Binding) Ratings

corrected) (Explicit)
50 4 |-| 114 {47)=10.74,p<.001,d= 1.55 89%
E 100 14 l" 131 (28)=4.79,p< .001,d=0.89 74%
§ 150 42-| 214  ((47)=13.81,p<.001,d=1.99 71%
"g 300 62 -—| 331  {(28)=4.41,p<.001,d=0.82 43%
O 400 92 _—| 464 {(47)=5.86,p<.001,d =0.85 27%
3 1000 119 _——| 1064 (47)=3.79,p<.001,d = 0.55 13%
° 2000 — G 12 2031 (28)=2.24,p= 033,d=0.42 19%

Fig. 2. Binding and explicit fusion ratings in all conditions. Note. Action and effect binding (operant — baseline) in all conditions of Experiment 1
and 2. Error bars show standard errors of the mean (SE). They are accompanied by the delay between baseline estimates of keypresses and tones, t-
tests for the combined binding effect (action binding — effect binding) and the mean percentage of trials in which action and effect had been
perceived to occur simultaneously (Fusion Ratings).
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Explicit fusion ratings decreased continuously with increasing delay. In Experiment 1, participants reported the most fusion with a
delay of 50 ms (89 %) which was significantly more than in the 150 ms condition (74 %, t(47) = 5.55, p < .001, d = 0.80) which was in
turn more than in the 400 ms condition, (26 %, t(47) = 10.20, p < .001, d = 1.47).

In the 50, 100 and 150 ms condition explicit ratings exceeded or were similar to the preset upper threshold of 75 % (50 ms: #(47) = 6.31,p <
.001,d = 0.91; 100 ms: t(28) = 0.30, p = .764, d = 0.06, BF = 6.66; 150 ms: t(47) = 1.16, p = .252, d = 0.17 BF = 4.61). Note though, that action
and effect binding combined never spanned the complete, baseline corrected delay interval. Actions and effects were thus always judged at
different points in time (action estimate vs. effect estimate 50 ms: {(47) = 2.29, p = .026, d = 0.33; 100 ms: {(28) = 2.22, p = .034, d = 0.41; 150
ms: #(47) = 4.35, p < .001, d = 0.63), providing no objective evidence for perceptual fusion. In the 300 ms condition, despite a delay surpassing
common multisensory integration windows, participants judged more than 25 % of all trials as having been perceived simultaneous, {28) = 3.88,
p < .001, d = 0.72. Explicit fusion ratings in the 400 ms condition were similar to 25 %, t(47) = 0.41, p = .684, d = 0.06, BF = 8.16. Additionally,
in the 1000 ms and 2000 ms delay conditions, participants explicit fusion ratings were similar or smaller than 25 %, 1000 ms: t(47) = 3.83,p <
.001, d = 0.55, 2000 ms: {28) = 1.32, p = .198, d = 0.24, BF = 3.07.

3.2. SOCI model fit

3.2.1. Log Likelihoods (—2LL)

Analysis. To determine in how far the temporal binding values (see Fig. 2) could be explained by SOCI models, we predicted
estimates as well as minimal variances with a fusion and a coupling model based on statistically optimal cue integration for each
participant individually. We then computed the likelihood of each of the observed ratings in the operant condition given the predicted
distribution of estimates. The likelihoods of ratings in individual trials were aggregated into separate —2LL values for actions and
effects for each participant and each delay condition (Lewandowsky and Farrell, 2011, see Appendix E for the computations). To assess
the explanatory power of the SOCI coupling and fusion models, we created simpler fusion and coupling models as comparison models
(simple models) with fixed, equal weights for actions and effects. The simple fusion model thus had fixed weights of 0.5, whereas the
simple coupling model had equal fixed weights, that were each half of measured coupling strength. In the simple models we assumed
variance of operant action and effect estimates to remain equal to the baseline variances. On the basis of these models, we also
computed the likelihood of observed values in the operant conditions. None of the models included any free parameters. With t-tests we
compared —2LLs of the simple models with those of the SOCI models for each condition separately.

Results. Fig. 3 shows the log likelihood results for the SOCI fusion and coupling models relative to their simple counterparts with
fixed weights. The SOCI fusion model fit action estimates in the 50 ms condition numerically better than the simple fusion model, t(47)
=1.97, p = .054, d = 0.28, BF = 1.41, whereas the SOCI coupling model performed significantly better than its simple counterpart, ¢
(47) =2.16,p = .036, d = 0.31. The only other condition with a significant benefit of any SOCI model over the simple model were the
action estimates in the 2000 ms delay condition of Experiment 2, t(28) = 3.46, p = .002, d = 0.44 (coupling model). Remarkably, for
most effect estimation data, the simple model performed at least as well as the SOCI model.
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Fig. 3. Results of the Log Likelihood (LL) analysis. Note. We generated the theoretical distribution of estimates using SOCI fusion and SOCI coupling
models. Subsequently, we aggregated —2LL values for participants’ actual estimates and compared them with —2LL values for simple comparison
models that assumed equal weight for action and effect as components of temporal binding. The figure illustrates the difference between these —2LL
values (simple — SOCI model) for each condition, accompanied by 95% confidence intervals. Positive values indicate a higher likelihood for the
SOCI model, while negative values favor the simple model. The data is categorized by delay condition, predicted signal (action/effect), and model
assumptions utilized for predictions (fusion/coupling).
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3.2.2. Exactness of predicted estimates

Analysis. Following the preregistered analyses, we tested whether observed operant action and effect estimates were numerically
similar to or different from what would be predicted by SOCI fusion and coupling models with a Bayesian t-test. Bayes factors (BFy;) >
3 were interpreted as evidence for similarity. The numerical accuracy of estimates for the SOCI fusion model was only assessed for the
short delays (50 ms, 100 ms, 150 ms), as a precise fit is unlikely with longer delays.

Results. Fig. 4 compiles mean action and effect estimates as well as associated probability density functions for all conditions. Observed action
estimates corresponded to predictions by the SOCI coupling model only in the long conditions of 1000 ms, t(47) = 1.32,p = .193,d = 0.19, BF =
3.82, and 2000 ms, #(28) = 1.24, p = .224, d = 0.23, BF = 3.34 (negative coupling prior). Observed and predicted effect estimates were similar for
the SOCI fusion model for effect binding in the 100 ms condition, #(28) = 0.98, p = .334, d = 0.18, BF = 4.39. Predictions based on the SOCI
coupling model were similar to observed effect estimates in the 100 ms condition, #(28) = 0.11, p = .916, d = 0.02, BF = 6.93, the 150 ms
condition, t(47) = 0.50, p = .621, d = 0.07, BF = 7.85, and the 300 ms condition, {28) = 0.60, p = .555, d = 0.11, BF = 5.86 (see Fig. 4).
Additionally, more perceived fusion of actions and effects in the 150 ms condition was related to a smaller difference between observed effect
estimates and those predicted with the SOCI fusion model, {46) = -.55, p < .001. This was not the case for action parameters.

3.2.3. Exactness of predicted variances

Analysis. Multisensory integration assumes an improvement in perceptual precision through sensory integration. The SOCI models
predict a minimal possible variance of the integrated percept(s). With Bayesian t-tests we tested whether observed variances were
numerically similar to this prediction. Numerical accuracy of SOCI fusion models was again only assessed for short delays (50 ms, 100
ms, 150 ms).

Results. Observed variances of action estimates were numerically bigger than what was predicted by the SOCI fusion or coupling
model across conditions (see Fig. 4). Predictions by the SOCI fusion model were never similar to observed variances. However,
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Fig. 4. Operant vs. predicted action and effect estimates and within subject SDs. Note. On the left hand side, temporal estimates and within-subject
SDs as they were observed in the operant condition are contrasted with predictions from the SOCI coupling model. The respective difference
(operant — predicted) is shown on bar graphs along with the 95 % CI of the paired differences. These are sometimes annotated with symbols
demarking the results of a Bayesian t-test for this contrast with (*) for significant differences (p <=.05), and (=) for significant similarities between
operant and predicted values (BF >= 3). To the right, these values are represented on the trials timeline, with vertical lines marking the time,
estimates were given for actions (red) and effects (blue) in baseline trials (dashed line), operant trials (heavy line) and where estimates were
predicted to be given in operant trials based on the SOCI coupling model (light line). The accompanying bell curves show within-subject variances as
observed in baseline and operant trials or as predicted by the SOCI coupling model. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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Fig. 5. Results in favor of the SOCI coupling model. Note. Summary of the results in all the analysis methods we applied. When a test favored the
SOCI coupling model for a condition, the corresponding analysis-condition intersection is shaded in black. “?” = significant relationship, but ex-
pected direction is not clear.

observed variances of operant actions were similar to what was predicted by the SOCI coupling model in the 50 ms condition, t(47) =
1.02, p = .315,d = 0.15, BF = 5.37, the 100 ms condition, t(28) = 0.75, p = .462, d = 0.14, BF = 5.33, the 300 ms condition, t(28) =
0.80,p = .432,d = 0.15, BF = 5.13 as well as in the two long conditions of 1000 ms, t(47) = 1.22, p = .230, d = 0.18, BF = 4.33, and
2000 ms, t(28) = 0.02, p =.982, d < 0.01, BF = 6.97. Variances of operant effects were only similar to SOCI coupling predictions in the
300 ms condition, t(28) = 1.02,p = .314,d = 0.19, BF = 4.22, and in the 2000 ms condition, {(28) = 1.01, p =.322,d = 0.19, BF = 4.28
(see Fig. 4). Even though in the 150 ms condition, effect variances were different to those predicted, increased perceived fusion of
actions and effects was also related to a smaller difference between observed effect variances and those predicted with the SOCI fusion
model, r(46) = -.53, p < .001. Again, this was not true for action parameters.

3.3. Multisensory integration fit

Limited predictive power of the SOCI model does not necessarily indicate that multisensory integration principles in general fail to
capture temporal binding. To gain a more comprehensive understanding of our data, we conducted supplementary tests that allowed
for greater flexibility beyond the specific predictions of the SOCI model. Exact results are reported in appendices and are only sum-
marized here. An overview of which tests in which conditions yielded favorable results for the applicability of the SOCI coupling model
onto temporal binding can be seen in Fig. 5.

First, we examined the correlations between predicted estimates and their associated variances with their observed counterparts.
This provided insights into whether the data exhibited a multisensory integration pattern, even in cases where exact predictions were
not accurate. Estimates showed no clear picture in this analysis, whereas variances clearly correlated in the smaller delay conditions
(50 ms, 100 ms, 150 ms, see Appendix F).

Additionally, we tested a more general assumption of multisensory integration, namely the negative association of action binding
with effect binding. This association was present in the 50 ms, 100 ms and 300 ms condition (see Appendix F). Finally, to test whether
multisensory integration factors could effectively predict estimates in a temporal binding setting when not constrained by a specific
model, we employed an impartial neural network, and trained it using temporal binding data from four previously published datasets
(Kirsch et al., 2019; Klaffehn et al., 2021; Ruess et al., 2017; Schwarz et al., 2019). We tasked this neural network with utilizing action-
and effect binding values, along with their respective variability and the temporal delay between action and effect, to forecast esti-
mates and variances within the present data. The model exhibited overall subpar performance in these predictions, particularly in the
case of action estimates (see Appendix G).

4. Discussion

Multisensory integration has been discussed as a promising candidate mechanism to explain the perceptual illusion of temporal
binding for over a decade (e.g., Wolpe et al., 2013). Motivated by empirical studies producing qualitative patterns that follow
multisensory principles (e.g., Klaffehn et al., 2021) and modelling efforts on a group level (Legaspi & Toyoizumi, 2019), we used the
computational approach of the multisensory SOCI model to test if temporal binding can indeed be viewed as a pure instance of
multisensory integration.

Participants completed a temporal binding task, where they performed keypresses and thereby produced a tone. The tone was
delayed by 50, 150, 400 or 1000 ms across different blocks of Experiment 1 and it was delayed by 100, 300 or 2000 ms across the
blocks of Experiment 2. Participants were asked to estimate the timing of action or effect on a Libet Clock (also varied blockwise). They
were further periodically asked to estimate how many actions and tones seemed to have been simultaneous over a series of trials. We
used this dataset to test whether a computational model of multisensory integration, the SOCI model, was able to account for temporal
binding on an interindividual level. To draw comprehensive conclusions, we tested the model for different action-effect delays, where
actions and effects would be perceived as fused (50 ms, 100 ms), where they would be perceived to be shifted toward each other but
appear clearly separate (300 ms, 400 ms), where no binding should be expected (1000 ms, 2000 ms) as well as one ambiguous sit-
uation, where we specifically expected interindividual differences regarding the extent to which fusion was experienced (150 ms).
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4.1. Temporal binding and model fit at group level

Participants showed clear and stable temporal binding of actions and effects in both experiments. Binding was observed even when
actions and effects were separated by a 1000 ms delay. Indeed, it was only absent with a 2000 ms delay, in which case actions and
effects were repulsed. In the shortest delay conditions, participants reported high percentages of perceived action-effect fusion
although no objective fusion was present in the estimates.”

Importantly, a clear trend emerged in that action binding decreased and effect binding increased as the action-effect delay
lengthened (see Fig. 2). With longer delays, the time until the action rating could be given also increased. Simple memory decay
therefore reasonably led to diminished certainty about action estimates in the longer delay conditions. At the same time, the effects
were always followed by the rating phase with the same delay of 1000-2000 ms, resulting in constant certainty about the effect timing.
In line with multisensory integration theories, the decline in action certainty should lead to a shift in the weight ratio between action
and effect binding, tilting it away from the action and toward the effect. In longer delay conditions the perceived timing of the effect
should thus carry significantly more weight, predicting the observed increase in action binding and decrease of effect binding. This
finding would present substantial evidence for the impact of multisensory integration principles on a group level. Nevertheless, it is
important to acknowledge that this interpretation of the data pattern is constrained by additional observations. For one, a straight-
forward consequence of this explanation for the shift in the action-to-effect binding ratio would entail an extreme change in the
certainty of action estimates through the increased delay. Although action variances in the operant condition did increase with
increasing delay, their change did not reach the extent predicted by the ratio shift. Secondly, we tested post-hoc whether different
rating delays would have a substantial impact on rating certainty (i.e., variance of the estimates). This was not the case.® In fact, this
anecdotal evidence raises a more fundamental question regarding whether baseline variances effectively capture trial-to-trial
perceptual uncertainty.

The finding of stable temporal binding with an increasing portion of it being conveyed over the action binding element persisted
even with an action-effect delay of 1000 ms. Findings of temporal binding with such a large delay had previously been confined to the
interval estimation method (Humphreys & Buehner, 2009) as opposed to paradigms using the Libet Clock as employed in the present
experiments (Haggard et al., 2002). In our case, the reduced layout of the Libet Clock combined with the broad range of action-effect
delays might have contributed to the finding (but see Ivanof et al., 2021 for a limited impact of such design features on temporal
binding).

In Experiment 2, we employed an even longer delay between actions and effects to ensure a condition without temporal binding.
Indeed, in the 2000 ms delay condition, we found a significant repulsion of actions and effects. The action-effect delay may thus have
been sufficiently large to decouple action and effect and lead to a perception that fosters separation, as has occasionally been spec-
ulated in the literature (e.g., Haggard et al., 2002). Notably, however, the aforementioned trend of the action to effect binding ratio
across delay conditions persisted even within the temporal repulsion of the 2000 ms condition. This finding may therefore alternatively
highlight the influence of spatial binding in Libet Clock paradigms. In fact, only in the 2000 ms condition, the clock hand has almost
completed a full rotation by the time the effect appears. The closest spatial connection is therefore the inverse of the distance traversed
during the delay. Although evidence from other paradigms, most notably interval estimates (Humphreys & Buehner, 2009), shows
clear temporal binding without the possible influence of spatial binding, it’s impact on in Libet Clock paradigms may be of great
interest if confirmed.

4.2. Model fit at the individual level

We set out to investigate fit of the SOCI model, especially the coupling version, to our current data. Analyses of Log Likelihoods as a
measure of how well different models captured the empirical data suggested the fit of the SOCI model to be suboptimal. Crucially,
comparing SOCI fusion and coupling models to simple models that assumed equal weights yielded no advantage for the more complex
model in almost all conditions (see Fig. 3). At the same time, the SOCI models were able to predict several specific estimates and their
associated variances. This was demonstrated through paired t-tests that compared observed estimates and variances with their pre-
dicted counterparts. However, it is important to note that the instances where observations and predictions significantly aligned did
not exhibit a discernible pattern. Instead, these instances were scattered across various delay conditions and encompassed both action
and effect binding.

We see three possible interpretations of these volatile results. Firstly, we could of course assume that multisensory integration does
not play a role in temporal binding paradigms. This seems unlikely for several reasons, including existing findings that actions and
effects may be bound in a multisensory fashion (e.g., Debats et al., 2017). Additionally, a contribution of multisensory integration to
temporal binding has been established in previous work (Klaffehn et al., 2021, Legaspi & Toyoizumi, 2019, Wolpe et al., 2013) and
indeed, when examined at the group level, the relationship of action and effect binding in the current dataset also indicates the in-
fluence of multisensory integration principles. So alternatively, our current findings may suggest that temporal binding is in part

2 As actions and effects were not estimated simultaneously but in separate blocks, this may not indicate actual separation of the two cues but
alternative explanations are possible, such as systematic judgment errors.

3 Certainty was almost identical, irrespective of whether the baseline condition was given with a 1000-1400 ms delay (ugyp1 = 1204 ms; pgxp2 =
1196 ms) or with a 1600-2000 ms delay (ugxp1 = 1799 ms; pgyp2 = 1813 ms); EXpl: Gshort = 74.2 MS VS. Glong = 71.3 ms; EXp2: Gghore = 92.1 ms vs.
Glong = 93.4 ms.
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influenced by or akin to multisensory integration, and that this part can indeed be captured by the SOCI model. Yet, there are more
underlying parameters that obscure this relationship. These may especially include person-specific parameters as illustrated by the
good performance of a Bayesian model at the group level (Legaspi & Toyoizumi, 2019). Finally, the differences between the SOCI
model and the empirical data, especially the poor performance as compared to a simple model in terms of Log Likelihoods might
highlight the inaptness of the model rather than multisensory integration per se.

To further investigate the fit of multisensory integration rather than the specific SOCI model, we conducted increasingly flexible
analyses on the data. Still mostly keeping in line with the SOCI model, we correlated standardized estimates (i.e., observed weights)
and variances with their predicted counterparts. Notably, standardized estimates rarely correlated significantly with predictions
generated by the SOCI coupling model. This additional insight also qualifies the preceding conclusions regarding estimation precision.
In cases where estimates and predictions exhibited no correlation, the absolute precision of the prediction may hold less significance.
Conversely, observed variances consistently displayed correlations with predicted variances, particularly within the shorter delay
conditions (50-150 ms).

Based on a more general assumption of multisensory integration, we additionally tested whether action binding and effect binding
would be negatively correlated. Indeed, in three shorter delay conditions (50, 100 and 300), action and effect binding were related in
the predicted way, giving further indication that multisensory integration principles are relevant in this setting. Yet, the resulting
pattern of all tests reported above as shown in Fig. 5 attests to striking limitations regarding specific as well as more general model fit to
our data. Finally, breaking completely away from the confines of the SOCI model and only taking the relevant predictors to an agnostic
neural network, this also revealed a suboptimal capacity to predict the observed action and effect parameters. This highlights that it
may not simply be the combination of data in the SOCI model which fails to provide good predictions, but that these predictors
employed for multisensory integration are insufficient to reliably compute operant parameters, in particular action estimates. Addi-
tionally, this finding may indicate that on an intraindividual level the mean baseline variance is insufficient to predict perceived
certainty of a cue.

4.3. Limitations

While the SOCI models served as a promising initial framework, it is essential to acknowledge their inherent limitations in
capturing the complexity of multisensory integration and future research should explore alternative models. Furthermore, there may
be potential for an improved intraindividual model fit by increasing the number of trials, warranting further investigation. Moreover,
we cannot exclude that the imperfectly matched action baseline conditions for extended action-effect delays impacted model fit in
these conditions — an important design factor that should be considered in further applications of this paradigm.

5. Conclusions and outlook

Temporal binding assessed on the group level complies to qualitative predictions of multisensory integration models as evidenced
by data patterns across different delay conditions. However, comparing empirical data of individuals to mathematical predictions from
multisensory integration models (Statistically Optimal Cue Integration) highlights remarkable inconsistencies. In fact, a neural
network trained to predict binding measures based on these variables did not yield substantial success. It is reasonable to assume that
the quantification of perceptual certainty via baseline variances, a core aspect of SOCI models, fails to completely capture personal
perceptual certainty in this situation.

The notion that temporal binding data is marked by large interindividual differences has been proposed before (Lush et al., 2019,
Saad, Hemmer, & Musolino, 2022). Indeed, the success in showing multisensory integration principles in temporal binding data on a
group level (Klaffehn et al., 2021; Legaspi & Toyoizumi, 2019; Wolpe et al., 2013) in contrast to inconclusive data on an individual
level, as in the current manuscript and by Tonn et al., 2021 greatly support this assumption. It will doubtless be worthwhile to consider
more personal, state-dependent factors as well as situational influences when attempting to model temporal binding on an individual
level.

The overall limited explanatory strength of multisensory integration accounts for temporal binding data underscores the need to
explore additional contributing factors as well as alternative theoretical frameworks. One candidate model, proposed by Saad et al.
(2022), offers a fundamentally distinct mechanistic approach to temporal binding. The authors show that temporal binding measured
by interval estimations (reproducing or judging the time between an action and an effect) can be simulated with a Bayesian rational
memory model. Although this model capitalizes on memorizing different time intervals and therefore the transferability to Libet Clock
paradigms is not straightforward, memory effects offer an intriguing new approach to temporal binding findings. In a related vein,
Schwarz & Weller (2023) highlighted the impact of attention on time perception also possibly influencing temporal binding results
profoundly.

As the underlying mechanistic explanation for the consistent and readily replicable phenomenon of temporal binding remains
elusive, the path forward may indeed involve the synthesis of more complex models as a combination of multiple existing theoretical
frameworks.
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Appendix A. Data processing

Baseline Action:

Participants press a key without triggering a tone effect. They then estimate the time of their keypress on the Libet clock by bringing
the clock hand into the position they believe it had been at, when they pressed the key. For each estimate, we computed the perceptual
shift relative to the actual onset of the keypress, using the shortest distance in ms when going either clockwise or counter-clockwise.
Negative numbers indicate estimates before the actual onset, positive numbers indicate estimates after the actual onset. For each
participant, we compute mean and variance of the distribution across trials and use these as the parameters #; ,.ion @0d 62b1_action-

Baseline Effect:

Participants estimate the time of a tone stimulus without pressing a button. For each estimate, we computed the perceptual shift
relative to the actual onset of the tone. Negative numbers indicate estimates before the actual onset, positive numbers indicate esti-
mates after the actual onset. For each participant, we compute mean and variance of the distribution across trials and use these as the
parameters iy, qsreer ANA G2bl_effect-

Operant Action:

Participants press a key in order to trigger a tone. This tone may be delayed by various delay intervals. They then estimate the onset
of the keypress (irrespective of the tone), and we computed the perceptual shift relative to the actual keypress. For each participant and
each delay condition, we compute mean and variance of the distribution across trials and use these as the parameters y,, ,cion and
0-2 op-_action+

Operant Effect:

Participants press a key in order to trigger a tone. This tone may be delayed by various delay intervals. They then estimate the onset
of the tone (irrespective of the keypress), and we computed the perceptual shift relative to the actual tone. For each participant and
each delay condition, we compute mean and variance of the distribution across trials and use these as the parameters y,, . and
Uzop,effecp

Action binding (K acion —Hbi_action):

Perceived shift of the action towards the effect. Positive values indicate a shift forward in time and therefore towards the effect.

Effect binding (4o _cfrect —Hol_effec):

Perceived shift of the effect towards the action. Negative values indicate a shift backward in time and therefore towards the action.

Temporal binding (Action binding — Effect binding):

Integration of action binding and effect binding into one measure. Higher values indicate a larger shift of actions and effects to-
wards each other.

Model computations

SOCI fusion model

In applying the SOCI fusion model to temporal binding data, we assume that actions and effects are sensory cues that each provide
information about a common point in time. This temporal point can be estimated by integrating information from both cues and
weighting them based on the uncertainty with which each sensory cue is perceived. This uncertainty can be approximated from the
data with the parameters 62y|_sction aNd 62p1_cftect- In @ simple scenario involving just two cues, weights are based on a comparison of the
uncertainty associated with the other cue and its influence on the final perception in relation to the first cue. When the uncertainty of
the other cue is high, it leads to a higher weight assigned to the first cue.

Weights (w)

2
_ O bl _effect 1
Waction = 2} ) ( )
Ol _action T O bl_cffect
2
O bl_action
Weffect = T (2)
O pl_action T O bl_effect
Waction + Weffeet = 1 3)

From these weights, as well as unbiased action and effect estimates (4p;_qcrions Hpi_efrece) the SOCI fusion model can compute the sta-
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tistically optimal estimate (ug,). This calculation involves aligning the baseline estimates of the action (4 ,.n) and the effect
<.“bl_effect) to a common timeframe, which is dependent on the action-effect delay in the specific operant condition for which the

statistically optimal estimate is being determined. For example, if the action and the effect are separated by 300 ms in the operant
condition, 300 ms should be added to the mean estimation error of the effect baseline (uy_gec.)

Hso = (Waction X Hpy_sction) + (WEffECl*(/’lbl,effect + delay)) @

Statistically optimal estimates therefore vary depending on the specific action-effect delay being predicted.

Ultimately, a statistically optimal estimate should be marked by higher precision compared to the individual sensory cues from
which it is derived. Optimal estimates should approach the Cramér-Rao bound. In our case, the minimal variance of the combined
perception (6%;z) can be computed as

2 o-zb]_aclion X o—zbl_effecl

Cmin =5 5 (5)

sz],aclion + o? bl_effect

SOCI coupling model

The SOCI coupling model introduces uncertainty about the fusion of actions and effects. This uncertainty should be mainly based on
the delay condition with larger delays leading to more uncertainty about the relationship of actions and effects. Participants’ behavior
provides an approximation of this uncertainty. Given that the SOCI coupling model posits reduced temporal attraction as a conse-
quence of heightened uncertainty about the relationship of actions and effects, this uncertainty can be inversely estimated from the
temporal binding (Action binding — Effect binding) observed. To obtain an impartial estimate of temporal attraction in the operant
condition, it is essential to compare the time between operant estimates to the theoretical time between baseline estimates, the baseline
action effect delay, assuming they were provided in the same sequence but without any bias,

Baseline Action Effect Delay = py; orroee +delay — fy) ciion 6)

Delay in this context is the action-effect interval set by the experimental program. From this we can compute the degree to which the
temporal distance between action and effect was perceived as shortened in the operant condition as compared to the baseline con-
dition, i.e., the individual coupling strength (Aingiyiduar), Which was computed participant wise and for each delay condition

Aindiviaua = Temporal Binding/Baseline Action Effect Delay (¥4}

We can now aggregate the mean coupling strength (Amean_pp) OVer participants to extract an approximation of the perception of the
situation. This is computed for all delay conditions separately

imean,pp = Mean(iindividua]) (8)
In this model, the coupling strength (Ameqn_pp) should equate to the combined weights of action and effect. This is because, in this

context, they are intended to collectively represent the total attraction between action and effect.

j«nean,pp = Waction T Weffect (9)

The SOCI coupling model suggests that even though the mutual attraction between cues remains similar to the one suggested in the
SOCI fusion model, compared to it there is an overall increase in uncertainty about the action-effect relationship. Consequently, the
model makes adjustments to the weights using the parameter 62 as follows

O bl_eit

—effect

Waction = ) ) ) (10)
0 pi_action + O bl_effect + O prior

2
O bl_action
Weffect = 5 2 ) (11)
O%pl_action T O~ bl_effect + O prior

The parameter 62, represents the uncertainty about the action effect relation. This parameter is derived from the observed coupling
strength and can be estimated from (9), (10) and (11), given
o-zbl_effec& + o-zbl_aclion

‘mean—_pp 2 2 2
07 p_action O _effect 0% prior

2 2 2 2
(5 bl_action +o bl,cl'l'ccl) - /‘lmcnn,pp(o bl_action + 0 b],c('i‘ccl)

j'mean_pp

13)

2
O prior =
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2 1 - j’mean_pp

2 2
O prior = X (U bl_action T O chfl’ccl) (14)

/‘mean,pp

To calculate the statistically optimal estimates, baseline estimate of the action (i 4.0n) and the effect (ﬂbl_effecJ must again be aligned
in one timeframe, dependent on the action effect delay in the operant condition (see above). Using the weights as calculated above, the
statistically optimal estimates (i ,) following the coupling model for action and effect are

Hso_action = ((1 — Weffeet) X //’b],acuon) + (Weffeet X Hp)_effect) (15)

Hs0_effect = (waClion X ﬂb],aclion) + ((1 - Waclion) X ﬂb],c('i‘ccl) 1e)

Note, that piy; efece and Amean_pp are adjusted for each delay condition.

In cases of incomplete binding, the uncertainty surrounding the action-effect relationship limits the advantage that can be gained
through multisensory integration. In other words, the minimal variance attainable through optimal maximum-likelihood estimation is
modified by the coupling prior.

2 2 2
6%bi_action X (07bl_effect+0" prior)

a7
0-2 bl_action + Uzb]_effect +62prior

szin_aclion =

2 2 2

2 O bl_effect X (6 bl_action+6 prior)
O min_effect — 5) ) ) (18)
07 bi_action T O~ bl_effect +0 prior

These calculations for yg, and 62, are equal to those from the fusion model, when coupling strength (1) approaches 1 or respectively
the uncertainty of the prior (azprior) approaches 0.

Appendix B. Pilot experiment

In a short pilot experiment, N = 7 participants were asked to perform keypresses and thereby elicit a slightly delayed tone. The
delay was specified by the program between 0 and 220 ms in 30 ms increments. We also measured the actual delay, which was subject
to refresh rate etc. on participants end device. It was on average 6 ms longer than the specified delay. We entered the measured delay
into the analysis. After each action-effect episode, participants were asked to rate whether they perceived the keypress and the tone to
have been simultaneous. In the experiment, we piloted two different tone lengths, 50 ms (short) and 200 ms (long). We performed a
logistic regression for each participant and finally computed a mean resultant regression function from the mean parameters of the
participants. The 50 ms tone length led to a slightly smaller simultaneity threshold, which is why we chose to use the short tone in the
main experiment.

1

Relative probability of perceived simultaneity = T 05 o0edan)
230840,

The resultant regression model crosses the 50 % threshold at 150.94 ms measured delay. We therefore chose a 150 ms action-effect
delay condition to maximize interindividual differences regarding perceived simultaneity.

0.75+

0.254

Relative probability of perceived simultaneity
o
()]
Il

v6°0S1

50 100 150 200
Action-effect delay in ms
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Fig. B1. Individual and mean regression functions

Note. Thin, colored lines indicate regression functions of single participants whereas the bold line indicates the regression function derived by
averaging all participants function parameters. The action effect delay is given in measured delay, which was on average 6 ms larger than the delay
specified by the program.

Appendix C. Self-reported nationality of all participants.

Experiment 1 Experiment 2

Country nationality residence ) Country nationality residence

‘ Albania 1 O France 1

Q Estonia 1 1 @ Greece 1 1

@ Finland 1 1 c Hungary 1 1

@ Greece 3 4 O Italy 3 3

Q Hungary 2 3 . Mexico 3 3

O Ireland 1 O Poland 1 1
Israel 1 1 Portugal 3 3

D Italy 6 6 % South Africa 10 11

e Jordan 1 Swaziland 1

Mexico 1 1 Spain 1

O Nigeria 1 * UK 4 4

@ Pakistan 1 % USA 1 1

Q Poland 7 7

@ Portugal 4 4

@ Scotland 1

G Slovenia 2 2

(continued on next page)
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(continued)
Experiment 1 Experiment 2
Country nationality residence Country nationality residence

% South Africa 1 1
Spain 2 2
UK 11 12

S o
e - : 1

Appendix D. Boxplot graph for action and effect binding data
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Fig. D1. Boxplot graph for action and effect binding data
Appendix E. Computation of —2 Log Likelihood values

First, we computed how likely each observed estimation error was according to SOCI models and comparison models in Likelihood
values (LL):

1 1 [x— uso)2
LL=——=Xxexp(—= x [ ———
Omin* V21 p( 2 ( Ormin )

x = Observed estimation error in the data

Hgo = Predicted estimation error from the model.

omin = Predicted standard deviation

Likelihoods for the coupling model were assessed for actions and effects with gy and omin adjusted t0 fgo_gerion OF Hso_efrece a0
Omin_action OF Omin_effect T€SPECtively.

We then tr ansformed them into aggregate —2 Log Likelihood parameters individually for action and effect estimates and separately
for each participant delay condition, and model:

> —2x LN(LL)

See Fig. E1 for an overview over Log Likelihood value dispersion on the participant aggregate level.
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Fig. E1. Histogram data of likelihoods(—2LL) aggregated over trials.

Note. The categories display the upper bin boundary as the —2 Log Likelihood value, and the bar height represents the number of participants whose
aggregate likelihood for this condition fell within this bin. Histograms for action estimates are depicted in red, while those for effect estimates are
depicted in blue.

Appendix F. Correlational measures
F1. Methods

F1.1. Correlation of standardized binding and predicted weights

We computed the standardized action and effect binding in different conditions. That is, how much of the baseline action-effect
interval (baseline action estimate to baseline effect estimate) was covered by action- and effect binding in the operant condition. In
case of perfect model fit, the standardized action binding should correspond to the predicted weight of the effect and vice versa the
standardized effect binding to the predicted weight of the action. Higher weights of a cue are related to stronger binding of all other
cues towards it.

F1.2. Correlation of standardized measured and predicted variances
As a less conservative measure than exact similarity between minimal possible variances and observed variances we implemented
the correlation of measured and predicted variances, each standardized by dividing it by the baseline variance.

F1.3. Intercorrelation of standardized action and effect binding

To test whether action binding and effect binding were interrelated independently from actual binding strength, we correlated the
standardized action and effect binding scores with each other (standardized by the baseline action-effect interval, see above, 2.4.3).
Multisensory integration would predict a negative correlation of the two, as increased dominance of one signal should always lead to
decreased dominance of all others.

F2. Results

F2.2. Correlation of standardized binding and predicted weights

Predicted weights and standardized binding correlated significantly in the 100 ms condition. Both, the effect weight correlated with
the standardized action binding, r(27) = .52, p = .004, and the action weight correlated with the standardized effect binding r(27) =
.44, p = .018. In the 400 ms condition, standardized action binding was related to predicted weights, r(46) = .29, p = .045. Addi-
tionally, in the Experiment 2 2000 ms condition, both estimation errors were correlated with predicted weights, standardized action
binding, r(27) = -.53, p = .003, standardized effect binding, r(27) = .39, p = .038. Due to the finding of action-effect repulsion (rather
than binding) in this condition, the correlations entail diverging interpretations. None of the other correlations reached significance,
all ps > .122 (see Fig. F1).
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Fig. F1. Correlation of standardized binding and predicted weights

Note. Measured action (red) and effect binding (blue) was standardized by the baseline action-effect delay. They are each displayed against the
weight they should correlate with positively.* p < .05.

F2.2. Correlation of standardized measured and predicted variances

Standardized observed variances of action estimates correlated with the predictions of the SOCI coupling model in the 50 ms
condition, r(46) = .59, p < .001, 100 ms condition, r(27) = .48, p = .008, 150 ms condition, r(46) = .35, p = .014, and 300 ms
condition, r(27) = .69, p < .001. The correlation of predicted and observed action variances in the 2000 ms condition was negative, r
(27) =-.47, p = .011. Effect estimate variances were positively correlated with those predicted by the SOCI coupling model in the 50
ms condition, r(46) = .50, p < .001, 100 ms condition, r(27) = .57, p = .001, 150 ms condition, r(46) = .46, p = .001, and 400 ms
condition, r(46) = .38, p = .007 (see Fig. F2).

50 ms 150 ms 400 ms 1000 ms

-
— o1 % 1 15 15
qE, Y r/ oo ol
‘T B e e 4 it
QO =

o =
% So (] 0.5 0.5
IT] o 1 2 3 o 1 2 3 0o 1 2 3 0o 1 2 3

Measured Variance (std)
100 ms 300 ms 2000 ms standardized
(9] . % == variance of action
-E ) 1 15 15 estimates
(] 8 K /"’ *
Eog - i standardized
= g e — sk | = variance of effect
(] & .g estimates
o 3]
> S o 0.5 0.5
1T} 0o 1 2 o 1 2 3 0 1 2 3 | % p<.05(two-tailed)
Measured Variance (std)

Fig. F2. Correlation of observed and predicted standardized variances of action and effect estimates
Note. Variance of operant action estimates by variance of predicted action estimates (red), both standardized by the variance of baseline action
estimates; Variance of operant effect estimates by variance of predicted effect estimates (blue), both standardized by the variance of baseline ef-

fect estimates.
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F2.3. Intercorrelation of standardized action and effect binding

When standardizing action binding and effect binding in relation to the overall binding score, they correlated negatively, as would
be predicted by the rule of inverse effectiveness for the two shortest intervals, 50 ms: r(46) = -.55, p < .001; 100 ms: r(27) =-.75,p <
.001, as well as for the 300 ms intervall r(27) = -.82, p < .001. This relationship did not reach significance in any of the other intervals,

ps > .160 (see Fig. E3).
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Fig. F3. Intercorrelation of standardized action and effect binding
Note. Measured action and effect binding were standardized by the baseline action-effect delay.
*p < .05.

Appendix G. Agnostic neural networks

To analyze the influence of the different factors independent from any specific model, we trained an unbiased black-box Neural
Network (IBM SPSS Statistics 28, Multilevel Perceptron) with data from four published studies on temporal binding that employed the
Libet Clock procedure, featured baselines, action and effect binding and where data was available to us (Kirsch et al., 2019; Klaffehn
et al., 2021; Ruess et al., 2017; Schwarz et al., 2019). We trained the neural network on the data from these studies to predict the
current data presented in this paper. A random half of the current data was used as “testing” sample used to track errors during training
and prevent overtraining. This increases network training efficiency (IBM SPSS Statistics, 2021). The remaining half was used as
“holdout” sample i.e., data the final model was tested against. Relative error for the holdout sample is therefore particularly indicative
of general model performance. On basis of 50 training and testing sessions, we determined the average importance of each of the
entered predictors for each of the operant parameters. As predictors, we entered the factors relevant for Multisensory Integration and
the same factors that also play a role in the SOCI model, namely baseline estimates of actions and effects, variances of both these
estimates and, finally, the true delay between action and effect. During the model generation, these predictors were only entered as
standardized z-values.
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Fig. G1. Results of the black box neural network predicting temporal binding parameters

Note. Graphical representation of the model results. On the left, the predictive power of the predictors for the dependent variables is represented by
the thickness of the lines and the colors in the outer rings around the dependent variable blobs. Model performance shows the relative error in the
training, testing and holdout samples after training was complete.

Not surprisingly, the most important factors influencing the estimates were the respective similar parameters in the baseline
conditions (See Fig. G1). However, while operant estimates were dominated by the corresponding baseline estimate and its variance,
operant variances were predicted by both baseline variances and only to small degrees by estimates. The action-effect delay played a
surprisingly negligible role in the neural network model, by making up only 3-7 % of the predictions. The largest influence was onto
operant action estimate variances, which, albeit anecdotal, matches the earlier made point that delayed action estimates due to longer
delays may taint data. Note here, that the data of the current experiments were not entered into the training sample, that generated the
impact values. Therefore, this can be treated as a separate piece of evidence to this fact. Additionally, due to this division, the small
impact of delay has not been driven by the uncommonly large action-effect intervals in the current experiments. This suggests that
delay is not as powerful a predictor for temporal binding as commonly assumed.

Although no suitable model was at hand to be analyzed for comparison, the explanatory power of the neural network model does
not appear to be exceptionally good. However, since the training sample was limited and it was tested on yet another sample, that
included unlikely delay conditions, the absolute strength of the predictions is of little consequence. Yet, when predictive performance
is compared between all three operant conditions the model performance for action estimates clearly stands out in that these pre-
dictions for the current dataset were worst. It is, therefore, reasonable to assume that action estimates if not also the other operant
parameters, are notably influenced by another factor that was not represented as predictor in the model.
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