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Abstract [ENG]

An important differentiation can be drawn between temporal and other types

of information that humans collect from the environment. Indeed, no recep-

tors are intended to process the passage of time or the temporal variability

of stimuli. At the same time, constructing temporal expectations is crucial

for the preparation of movement. Most studies of anticipation use manual

responses, such as a key press, to probe the strategies involved in process-

ing stimulus-bound uncertainties. However, it is the oculomotor activity that

usually precedes any reaching or withdrawing movement. Furthermore, ocu-

lomotor reactions, highly susceptible to changes in inhibitory control, could

be a useful marker of uncertainty-induced impulsivity.

The current doctoral project tested the sensitivity of human oculomotor

responses to spatial and temporal uncertainty. Results of four consecutive

experiments indicate that to produce optimal and stable oculomotor per-

formance, the available resources must be strategically allocated. The cau-

tious strategy used by the oculomotor system in most experimental contexts

favours increased resource allocation only in predictable environments. At

the same time, spatially or temporally uncertain situations likely cause in-

creased oculomotor inhibition. Studies presented here suggest a difference

between manual and oculomotor responses. Results stress the need to further

explore all types of eye movements as a valuable probe of human reactions

to uncertainty.
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Abstract [FR]

Une distinction fondamentale peut être établie entre l’ information temporelle

et les autres types d’informations que les êtres humains recueillent de leur en-

vironnement. En effet, il n’existe pas de récepteur sensoriel temporel. Néan-

moins, la construction d’attentes temporelles demeure essentielle à la prépa-

ration de l’action motrice. La majorité des études sur l’anticipation temporel

s’appuient sur des réponses manuelles. Toutefois, ce sont les activités oculo-

motrices qui précèdent habituellement les autres mouvements. En outre, les

mouvements des yeux sont, particulièrement sensibles aux variations du con-

trôle inhibiteur, pourraient constituer un indicateur pertinent de l’impulsivité

induite par l’incertitude temporelle.

La présente thèse de doctorat a examiné la sensibilité des réponses ocu-

lomotrices humaines à l’incertitude spatiale et temporelle. Les résultats issus

de quatre expériences consécutives suggèrent que, pour garantir une perfor-

mance oculomotrice optimale et stable, les ressources cognitives disponibles

doivent être allouées de manière stratégique. La stratégie prudente adop-

tée par le système oculomoteur dans la plupart des contextes expérimentaux

privilégie une allocation accrue des ressources uniquement dans des environ-

nements prédictibles. En revanche, les situations caractérisées par une incer-

titude spatiale ou temporelle entraînent vraisemblablement une augmenta-

tion de l’inhibition oculomotrice. Les études présentées mettent en évidence

une dissociation entre les réponses manuelles et les réponses oculomotrices.

Les résultats soulignent ainsi la nécessité d’approfondir l’étude de l’ensemble

des mouvements oculaires en tant qu’outil d’exploration pertinent des réac-

tions humaines face à l’incertitude.
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1
Chapter 1

1.1 The "fine cup of coffee" problem

IT is remarkable how the human brain makes the most complex tasks

seem easy and effortless, at least from the perspective of our conscious

experience. Imagine a caffeine lover who wakes up every day and thinks

only about his favourite coffee, made exactly how he likes. He puts the coffee

pot on the flame and waits. Now, the desired outcome depends partially on

how fast he removes the coffee pot from the flame. This must be done just in

time for the coffee to be fully brewed and before it is burnt. For him, coffee-

making is a ritual that he performs semi-automatically. However, upon closer

examination of the process, the actions that he must take are based on a series

of perceptual, cognitive, and motor decisions. Those decisions are founded

on explicit knowledge, such as the brewing time suggested by the coffee pro-

ducer, the previous experience of coffee-making, and the current state of the

environment, e.g., the temperature. Therefore, to get a fine cup of coffee, one

must acquire various types of knowledge, make a sequence of informed de-

cisions, and execute well-timed movements. Or withdraw from those actions

that would be too hasty.

However, there are some dangers along the way. The time suggested by

the brewing recipe is ultimately just an approximation. Our acquired knowl-

edge could be overridden by the strong need for caffeine. Finally, the variable

temperature in the room could blur the perfect brewing interval. Many un-

certainties are introduced into an already complex process. For us, it is a

| 1



1 | Chapter 1

simple morning ritual, but our brain is busy with optimisation.

How is a fine cup of coffee made in an uncertain world? How do we

encode the implicit variability of the environment and uncertainty embedded

in explicit recommendations? How do we use our previous experiences and

integrate the new ones to create the dynamic movement protocol? It could

be argued that what connects visual encoding, decision-making, and motor

control is temporal processing.

1.2 Explicit and implicit usage of temporal information

1.2.1 Explicit and implicit information processing

Time perception requires the encoding and processing of temporal informa-

tion [391]. However, temporal information differs from other data usually

collected from the environment. Unlike for the visual or auditory input, there

are no separate receptors for temporal information. What we know about

time is rather an abstract or conceptual representation of its passage, with the

arrival and disappearance of stimuli creating the sense of a changing envi-

ronment [391, 397].

Temporal information can be either explicit or implicit [82, 268]. For ex-

ample, temporal information is overtly presented when the label on the pack-

age indicates that the coffee should be brewed for 3 minutes. This type of

information is usually used in explicit timing tasks when subjects, as accu-

rately as possible, estimate the length of a given time interval. Subjects can

do so by comparing it to a shorter or longer one (perceptual discrimination

tasks) or by representing the given interval with a button press (motor timing

tasks) [241]. In explicit timing, the fact that the subject must use a temporal

perception to execute the task is evident [83].

However, temporal information can be presented and used more covertly

or implicitly. With the same goal of making a good cup of coffee, we could

base the brewing time on previous experience. Having made one hundred

2 |



Explicit and implicit usage of temporal information | 1.2

coffees in the past, we could learn to approximate the appropriate reaction

time. When the task is not directly related to time estimation but only re-

quires temporal information to achieve the goal, it is called an implicit timing

task [83].

1.2.2 Statistical learning

It has already been shown that temporal regularities could be implicitly learned

by humans [93]. The process, called statistical or implicit learning, is executed

without a person's intention or explicit awareness [90, 75, 359]. It occurs, for

example, when we learn sequences of perceptual and motor actions [334].

It was suggested that such learning engages the basal ganglia, cerebellum,

and neocortex [32, 122]. It is also highly dependent on the plasticity and en-

gagement of modality-specific neuronal networks in creating statistics [75].

O'Reilly et al. [279] demonstrated that incidental learning of temporal reg-

ularities is strongly bound to performing the movement. This could be due

to the fact that when temporal information is implicitly needed for the exe-

cution of the motor task, its learning process is facilitated by attention [20].

Indeed, the study of Damsma et al. [92] indicates that the implicit temporal

pattern is ignored when it is not part of a task goal. However, recent find-

ings of Salet et al. [317] suggested that, under certain circumstances, a strict

bounding of the temporal regularity to the task is not indispensable for its

acquisition.

Implicit information could be advantageous in perceptual tasks, as it pro-

vides precise knowledge of when the next sensory evidence will be available

[267, 269, 270, 382, 76]. Some even suggest that implicitly acquired knowl-

edge could be used in reinforcement learning. Every prediction and knowl-

edge update could be rewarding for the system in itself [44, 396].

Implicit learning of temporal regularities is usually based on repeatable

exposition to an event. This exposure gives us information about the pos-

sible variability of its occurrence time (stimulus-bound variability [170]). The

occurrence of most events is influenced by environmental factors. We may
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observe that the coffee is ready after 3 minutes most of the time, but some-

times the brewing will be prolonged by the lower temperature in the room or

accelerated by the level of the coffee roast. When the experience is repeated,

the brain can gather information about the underlying temporal regularity.

Some researchers suggest that the brain represents temporal data in the form

of probability distributions of the occurrence of an event. In such a distri-

bution, the mean brewing time is represented by the central tendency, while

the influence of the changing environment (aka noise) is described by the

variance of the distribution. Subjects can estimate the intended brewing time

based on the state of their implicit knowledge (prior distribution) and update

their knowledge with new data once the brewing is over (posterior distribution
[125], for review, see [358] and [224]). Every motor behaviour that humans

repeatedly and successfully execute must be based on the current knowledge

about our individual abilities and the changing environment [399]. The hy-

pothesis that implicit learning informs human behaviour was supported by

some recent electrophysiological studies [155, 210] (for review, see [75]).

1.3 Foreperiod task

1.3.1 Variants of the foreperiod task

A foreperiod task is an implicit temporal task where the main goal is non-

temporal [400, 267]. In this task, a warning signal (further abbreviated as 'WS')

appears first. It can be a dot on the screen or a sound. It precedes the ap-

pearance of a 'go' signal (otherwise called imperative signal, 'IS') to which the

subject has to respond quickly. This response can be, for example, a button

press or a saccade executed with specific instructions. Crucially, the delay

between the WS and 'go' signals is referred to as the foreperiod (further ab-

breviated as 'FP'). The warning signal can also be preceded by a cue (cued

foreperiod task) describing specific parameters of the FP or the 'go' signal

[9, 102, 109, 45]. Finally, in some experiments, the WS itself could serve as a

cue [1]. If the cue somehow indicates the possible duration of the incoming

FP, temporal information in a given task is offered explicitly [9, 45]. This can
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be true even if the time estimation is not a direct goal of the task.

The experiment can be further modified to a constant foreperiod task [109],

where the delay duration between the WS and 'go' signals does not change

throughout the trials. Otherwise, when the duration of the FP varies through-

out the trials in a block the task is called a variable foreperiod task [166, 110, 45].

Based on the structure of the foreperiod task, two time points deserve special

attention. First, the critical moment describes a possible moment of presenta-

tion of the 'go' signal, existing in relation to the entire task. For example, if

the 'go' signal could be observed after 400 ms, 900 ms and 1400 ms from the

WS in previous trials, those time points represent critical moments in future

trials. Secondly, the imperative moment is the moment of presentation of the

'go' signal in a given trial. If in a given trial, the 'go' signal appeared 400 ms

after the WS, this time point is called imperative moment. In the constant FP

task, the critical and imperative moments are exactly the same. In the vari-

able FP task, several critical moments occur, but only one of them will be the

imperative moment in any particular trial [216, 214].

1.3.2 Foreperiod effects

In reaction time tasks, where the motor response is triggered by a 'go' sig-

nal, the duration of the FP partly determines the latency of responses [400].

Several general rules of that relationship have so far been established:

• latency-FP effect: the relationship between the duration of the FP and the

latency of motor responses depends on the type of task: a in constant

FP task, the mean latency increases with the duration of the FP interval

(fixed foreperiod effect, [33, 376, 216]); in the variable FP task, the mean

latency decreases with the duration of the FP (variable foreperiod effect),
both when the duration of the FP is previously cued [9] and not cued to

subjects [166, 216, 366, 217, 368]. This decrease usually takes the form of

an exponential decay and flattens for the longest available FP durations

[214]. Interestingly, when the probe, or catch trials are present in the

variable foreperiod task, the increasing latency-FP effect is observed for
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the cued [9] as well as uncued foreperiod durations [61, 149];

• sequential FP effect: observed only in the variable foreperiod task, where

the latency on the current trial 'n' is dependent not only on FP dura-

tion in that current trial ('FPn') but also on the preceding FP duration

('FPn−1'). The shape of the relationship is asymmetric. For the short

FPn, the latency of movement strongly decreases with increasing FPn−1.

However, the longer the FPn, the weaker the effect [377, 60, 61]. Further-

more, the typical pattern of the sequential effect can be disrupted if the

variability of FP duration in a given block is low [345];

• transfer effect: refers to the modulation of the movement latency over the

course of the blocks of trials or the experimental sessions. The character

of the modulation depends on the distribution of the FP used in the first

block or session. Crucially, the modulation can be long-lasting [217, 218,

242]. However, transfer effects do not depend on the subjects' explicit

knowledge about the character of the currently used FP distribution

[217, 242] (for review, see [318]).

Several theories of temporal preparation aimed to explain the foreperiod

effects for the presented types of the task (constant or variable, cued or un-

cued, with or without catch trials). The subsection Temporal expectation will

describe the most influential hypotheses. However, the fact that humans can

respond to the changing duration of the FP means that they must effectively

encode, represent, and track the passage of time. Therefore, the next subsec-

tion will explore the evolution of theories of the human internal clock and its

neuronal correlates.

1.4 Theories of temporal perception

Early reports indicated that humans have a tendency to overestimate short

durations (below 2 s) and underestimate long durations (above 3 s), with the

point of most precise estimation falling within the range of 2 to 3 seconds (in-
difference point). This rule, called Vierordt's law (for review, see [207]), was es-
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pecially prominent in temporal production and reproduction tasks, where the

response was not corrected by any type of feedback [392]. However, further

studies demonstrated that Vierordt's law is, in fact, only a deviation from a

much more general set of rules. For example, a central tendency effect [160, 174]

suggested that the indifference point is not fixed but dependent on the aver-

age of all experienced durations (for review, see [207]).

1.4.1 Oscillator models

The Scalar Expectancy Theory ('SET') was based on the work of Gibbon and

Church [134, 135, 73] (for review, see [392]). It assumed that the behaviour

that conforms to SET obeys two main assumptions:

• mean accuracy: when subjects produce time intervals based on a specific

target duration, the mean accuracy of that production is equal to this

duration. This assumption is congenial to the central tendency effect

presented before;

• scalar property of variance: a form of Weber's law in psychophysics. When

we estimate time, the variability (standard deviation, 'σ') of those esti-

mates increases linearly with the target duration to be timed ('t'). The

ratio of estimation variability to time is a constant value 'k' (also called

Weber fraction: k = σ
t ; for review, see [241]).

The scalar property of variance can be confirmed in three ways:

• a regression of standard deviation ('σ') against the mean ('µ') of the be-

havioural measure (e.g., movement latency) should be described by a

linear function with a high coefficient of determination ('r2');

• a coefficient of variation ('CV') calculated from the standard deviation

and the mean of the behavioural measure, CV = σ
µ , should remain con-

stant as 't' is varied;

• total variance of responses should be linearly related to the target dura-

tion. This can be tested using slope analysis [171]. It assumes that the
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total variance has two origins: a duration-dependent source ('c') and

a duration-independent source ('k'). As it was shown by Getty et al.

[132], total variance ('σ2Total') is linearly related to the target interval,

σ2Total = kt + c. This work was also a basis for the generalised form of

Weber’s law (σ2Total = k2t2 + c).

SET was constructed with the assumption that there is, embedded in our

perceptual system, some sort of internal clock mechanism that keeps track

of time. This clock could be of a Poisson pacemaker-counter type (see Infor-

mation Processing Implementation of SET [367, 85], for review, see [236]).

During a given target duration, a theoretical pacemaker module generates

regular pulses that are further counted by the accumulator. A switch oper-

ates the starting and ending point of this counting. Furthermore, the pulses

counted for a given duration could be stored in the memory modules (read-

out) and then compared with a newly counted interval in the comparator.

Once the durations are compared, the output can inform the subsequent

decision-making process and the production of an overt response [299].

How does such a straightforward system implement the scalar property?

Although the pacemaker and counter modules are non-scalar, they remain

under the influence of internal errors and scalar sources of variance from

memory or decision-making mechanisms [8, 392]. Some variance could arise

from the activity of the switch, influenced by the amount of attention given

to an onset stimulus [206]. It could also originate from the decay process

that affects the accumulated pulses, depending on the amount of secondary

events in the environment that require additional computational power [55].

Finally, the fluctuating level of arousal could influence the pacemaker and

change the tempo of emitting pulses [367].

According to SET, the pacemaker-counter approach can be applied to a

variety of duration ranges and tasks. Nevertheless, the main assumptions

of scalar expectancy remain violated under specific circumstances. For exam-

ple, interval production without feedback, temporal reproduction, and verbal

estimation tasks could deviate from the mean accuracy and the scalar prop-

8 |



Theories of temporal perception | 1.4

erty of variance, with the CV decreasing as timed intervals increase [40, 145]

(for review, see [392], but see [305] for a possible explanation of the CV-

based violations). Furthermore, response variability can be reduced by the

amount of training or subjects' experience with specific durations to be timed

[146, 240, 237].

1.4.2 Population clock models

The accumulator-counter model of the internal clock assumes a modular struc-

ture of the system, where information about counted pulses is calculated by

one entity. Then, the information is sent from one module to the other for

storage and comparison [299]. Although different claims were made about

the possible neuronal localisation of these entities [54], it was also postulated

that many such internal clocks could exist at the same time [56].

The more recent model of internal time-keeping incorporated the idea

of multiple clocks while abandoning the system's modularity assumption.

Population clocks [57] are based on the idea that time is encoded in changing

populations of neural activity triggered by a stimulus or behaviour. A pop-

ulation clock can be defined as a neural trajectory in a N-dimensional space,

where 'N' represents the number of neurons included in the clock. The ac-

tivity of a single neuron was suggested to obey Weber's law [246, 364]. Tem-

poral information is embedded in the temporal position of each neuron in

an activation sequence or the geometrical characteristics of evoked neural

trajectories (for review, see [314]). As these neurons are not time-specific,

the population can also encode the stimulus itself, combining temporal and

spatial processing. This last feature cannot be attributed to ramping models

(for review, see [285]). The population clock hypothesis assumes that such a

time-keeping mechanism will coexist with the sensory and motor neuronal

activity within similar areas (e.g., cortico-thalamic-basal ganglia circuit hy-

pothesis [263]). There is also a duration-dependent specialisation. Protopapa

et al. [298] proposed the chronotopic map of human SMA with the activation

pattern that was differentiated by the range of tested durations.

| 9



1 | Chapter 1

Population clock models are often supported by the growing evidence for

the existence of so-called time cells that were recently found in various brain

areas: hippocampus in rodents [229, 284], prefrontal cortex in non-human

primates [363] and rodents [59], the posterior parietal cortex in rodents [152]

and non-human primates [86], cerebellum in rodents [154], striatum in ro-

dents [246], and entorhinal cortex in rodents [157]. However, the presence of

time cells in a specific area of the rodent or primate brain does not directly

indicate the existence of such cells in the human neuronal system. It was pre-

viously demonstrated that the hippocampus, a region consisting of time cells

in the rodent model [229, 284], was not proven to be an efficient timing mech-

anism across various duration ranges in non-human primate research [310].

In humans, the time-tuning property of neuronal populations was recently

presented in the inferior parietal lobule [153].

1.4.3 Ramping models and decision-making

Population clocks are supported by research that indicates the coincidence of

two activities: the time-keeping neuronal activity and the activity that man-

ages the action to which this timekeeping is related [80]. However, building

a widely-sketched model of behaviour is difficult. Although perception and

decision-making are two interleaved cognitive processes, their models are of-

ten developed separately. The next set of models assumes that the mechanism

of temporal perception strongly informs decision-making.

Evidence accumulation models ('EAM' [301], for review, see [117]) show

that the decision process can be explained by a set of parameters: evidence

accumulation rate, response caution, and non-decision time [41, 177]. All

these parameters can be manipulated by internal and external factors, affect-

ing the characteristics of behavioural reaction times. For example, a study

of non-human primates showed that neurons in the lateral intraparietal area

encode evidence accumulation and slow down the drift of activity when the

anticipated stimulus is uncertain [184].

In 1981, Carpenter defined the decision process as a result of an action
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procrastination, extended in time to accumulate enough evidence to sup-

port one of the decision options. The length of this procrastination could be

called latency. The Linear Approach to Threshold with Ergodic Rate ('LATER'

[63, 272]) proposed to analyse the reciprocal of response latency, that is, the

Gaussian distribution. This transformation allows a logarithmic relationship

to be drawn between the prior probability of an event and the average la-

tency of a response to that event. In this way, behaviour becomes an indirect

measure of the brain's representation of the expectation of the event [64, 280]

in a conceptually simple way [398].

However, the simplicity of the LATER model, based on a small number

of modifiable parameters, narrowed the range of its applications. Contrary

to drift-diffusion models ('DDM' [301]). DDM, although complex, assumes

more degrees of freedom [243]. It allows modelling a two-choice behaviour

(a Wald model assuming correct or incorrect response) or a one-choice be-

haviour (a shifted Wald model assuming mostly correct responses). Similarly

to the LATER model, the evidence accumulation about the incoming signal

occurs at a drift rate and continues until a threshold, which, when reached,

evokes the response. The latency of a response consists of decision time

and non-decision time. The drift rate and the threshold modulate the for-

mer, while the latter models the influence of non-decision processes (encod-

ing process, pre-attention, motor preparation [177]). Response caution can

be modelled by changing the threshold value [42], while the rate of the drift

itself can describe decision difficulty [258] (for review, see [303]). Finally, it

was also hypothesized that top-down processes could control the onset of

drift [357]. An optimisation could occur to avoid performance errors when

the accumulation started too early or to avoid the loss of valid information

when it started too late. Indeed, such optimisation could be crucial to main-

tain good performance in an environment with a changing temporal context

and a varying amount of perceptual noise [125].

DDM was recently updated to the opponent Poisson-based theory of in-

terval timing. It claims that the drift is built from the sum of excitatory and

inhibitory neuronal spikes, forming a linear ramp-like activity [21, 337]. The
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uncertainty or noise in the system comes from the postsynaptic potential vari-

ability, modelled as a Poisson process. Ramping neurons decrease or increase

their activity to perform time-keeping of a range of different durations. This

is different from the population clock hypothesis because population clocks

consider the linear activity of neurons only as a group, while the activity of

each neuron is non-linear (for review, see [97]).

An inverse Gaussian distribution describes the latency of motor responses

assumed by DDM. By applying the model, Simen et al. were able to confirm

a set of properties of interval timing using data from both decision and tim-

ing tasks in various perceptual modalities (see [337] for details). The results

suggest that DDM could serve as a unified theory of decision-making and

timing, implemented via neuronal spike activity.

1.5 Temporal expectation

When the task is to compare two durations and decide which is the shortest,

the temporal character of this challenge is evident. However, when a mission

is to make great coffee, a good sense of the time passing between the begin-

ning and the end of brewing is just a tool to achieve a goal. The implicit usage

of elapsed time (implicit timing [295]) allows us to find the optimal moment

to act. This act is a result of decision making, with our attention directed to-

wards a future goal (future-oriented attending [25]) and with an informed pre-

diction about the optimal moment for reaction (anticipation of events in time
[173]). These processes are often hidden under the umbrella term: temporal
expectation [79, 373, 270].

The temporal expectation is a set of beliefs and predictions about the

timing of a future event used to optimise perceptual or motor performance

[185, 103]. High levels of preparation are effortful and cannot be held for a

long time [274, 175], so temporal expectation helps to highlight the intervals

of justified vigilance [377]. Due to this process, the response to an expected

event usually has shorter latency and greater accuracy [400, 267, 212].
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1.5.1 What is uncertainty?

Expecting something to happen is inevitably bound with some uncertainty.

This uncertainty could be represented by the question, "Is something going

to happen?". This is called discrete uncertainty or uncertainty about the oc-

currence of events (Po < 1, where Po is the probability of event occurrence

[273, 365]). This term also exists in the literature as unexpected or irreducible
uncertainty [401], as it entails events that go beyond what can be expected

from the surroundings (e.g., the coffee pot suddenly disappearing). This un-

certainty is not reducible by the process of statistical learning. However, if we

are sure that there will be an event to respond to (Po = 1 [383, 332, 280]) but we

just do not know exactly when, then a continuous uncertainty about stimulus

temporal characteristics appears [128, 188]. It could also be called expected or

reducible uncertainty [278], as its source lies in the predictable unreliability of

the surrounding status quo (e.g., the changing temperature in the room influ-

ences the coffee brewing time). Similarly, expected spatial uncertainty would

be related to an event that would surely occur but at an unknown location.

Crucially, this type of uncertainty can be reduced by acquiring knowledge

about the extent to which an event's unreliability occurs.

1.5.2 A priori information versus a posteriori representation

Many possible distributions can describe the occurrence of an event in time.

If an event can appear at one of a few different time points with equal prob-

ability, its occurrence can be described with a uniform distribution [91, 166,

356]. If an event appears with some temporal variability but its probabil-

ity strongly decreases or increases with time, then it is defined by the anti-

exponential [143] and exponential distribution [142], respectively. Finally, if

an event appears at a certain time point most of the time but may be too early

or too late from time to time, it can be described by the Gaussian distribution

[366, 155, 156].

However, the actual probability distribution (a priori probability [368]; the

probability density function or 'PDF' [142]) that describes the occurrence of the

| 13



1 | Chapter 1

event may not be the exact information that our brain processes. The pro-

cess of deriving temporal information from the environment via repeated

exposure, as well as the imperfection of our perceptual apparatus to esti-

mate time, re-shapes the objective probability distribution [285]. Only this

re-shaped probability (a posteriori probability) is then used to tune temporal

expectation and movement [173, 332, 53, 88]. Now, we will take a look at the

possible models of this transformation.

1.5.3 Versions of the hazard rate

Temporal expectancy can be expressed by calculating a hazard rate function
('HR'). The HR describes the change in the probability that an event will oc-

cur, given that it has not yet occurred [173, 269, 220]. For example, if dur-

ing an implicit temporal foreperiod task, a 'go' signal appears according to a

certain probability distribution of the foreperiod, then the classic HR can be

described using a formula:

HRclas(t) =
f (t)

1−C(t)

where 't' describes time points in a trial t = 1...T, 'f' is the probability dis-

tribution of the foreperiod, and 'C' is the cumulative probability distribution

[155]. This idea can be easily depicted using the uniform foreperiod probabil-

ity distribution. For example, FP distribution can be constructed from three

different durations or critical moments: 600 ms, 1000 ms, and 1400 ms. At

the beginning of the trial, the HR of the 'go' signal appearing at the first crit-

ical moment (600 ms) is 0.33. Once the 600 ms point is reached and no 'go'

signal appears, the HR at each incoming critical moment (1000 ms and 1400

ms) increases to 0.5. Finally, when the 'go' signal does not also appear at the

1000 ms point, the HR at the last critical moment reaches a maximum (HR =

1). This form of the hazard rate was also called ageing [368].

However, the HR function becomes more complex when different distri-

butions are used in the task [214]. If the hazard rate is a good explanation for
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the shape of temporal expectancy in a given task, then the latency of response

to the 'go' signal should be correlated with it. Higher values of the classic HR

function would indicate the existence of a higher preparatory state of the per-

ceptual and/or motor system.

Some researchers proposed additional modifications to the HR function

that could improve its fit to the response data:

• mirrored HR ('HRmir'): a linear transformation, mirroring the HR vari-

able around its mean [173, 53];

• reciprocal HR ('HRrec'): a non-linear transformation that implicates a

diminution of low probability events (resulting in relatively longer la-

tencies) and an amplification of high probability events (leading to rela-

tively shorter latencies). It was proposed that the HRrec better describes

the engagement of attention during the time of the foreperiod [143, 142];

• temporally blurred or subjective HR ('tb-HR'): solves the problem of clas-

sical HR not representing the scalar property. The subjective HR was

created by blurring the f(t) with a Gaussian kernel. The standard devia-

tion (σ) of that kernel is proportional to the elapsed time: σ = kt, where

k is the Weber fraction [173, 53, 143, 142];

• probabilistically blurred HR ('pb-HR'): was also created by blurring the

f(t) with a Gaussian kernel, but σ of that kernel scales according to

the PDF of the event's occurrence instead of changing in proportion to

elapsed time [280].

Several studies confirmed that the hazard rate modulates the behavioural

response under temporally uncertain conditions. HR influenced processing

speed [383] and reaction time [267, 368]. Furthermore, some electrophysi-

ological results from non-human primates indicated that the activity of the

substantia nigra pars compacta [283] and the lateral intraparietal area [173] is

modulated by the tb-HR. Human studies suggested that the classic HR could

influence the activity of the supplementary motor area [155, 191, 88]. Neu-
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roimaging also tracked the influence of the tb-HR on the BOLD signal in the

visual and visuomotor regions [53].

However, the hypothesis poses a few challenges. Firstly, HR computa-

tion requires many intermediate steps: PDF calculation, cumulative density

function ('CDF') calculation, the transformation from the CDF to the survival

function, and the division of the PDF by the survival function [220, 143].

Therefore, its complexity and proneness to errors could make it ineffective

in natural environments. At the same time, it must be noted that how the

brain calculates HR is still an open question. Secondly, it was shown that the

introduction of reward uncertainty makes HR unfit to explain obtained be-

havioural results [343]. Third, the HR hypothesis does not take into account

the influence of previous foreperiods on the current response. Therefore, it

fails to explain the sequential FP effect, which is present in implicit timing

tasks [214]. The HR function also cannot differentiate between the constant

foreperiod task and the variable foreperiod task with exponential FP distri-

bution. Although the HR function derived from these two distributions is

the same, the behavioural results differ. The constant foreperiod task results

in an increasing latency-FP slope, while the exponential distribution of FP

produces a flat latency-FP relationship [214].

In fact, upon closer examination, the classic hazard rate is the PDF di-

vided by the survival function [220], making the PDF a major factor in the

development of the measure. Therefore, it is possible that, when looking for

the ways in which the brain encodes temporal expectation, we should turn to

something much more straightforward.

1.5.4 Probability density function and its blurring

The hazard rate can be complex for the brain to implement. Therefore, a new

proposition is to build an a posteriori temporal expectation by deriving it di-

rectly from the a priori temporal distribution. This proposition assumes that

temporal expectation will take the form of the reciprocal PDF [143, 142]:

16 |



Temporal expectation | 1.5

PDFrec =
1

PDF .

For example, if in the variable foreperiod task, subjects are asked to respond

to a 'go' signal after the Gaussian FP distribution, the latency of executed

movement should be U-shaped. Further, it was proposed that the PDFrec can

be considered in one of three versions:

• original: no blurring is applied to the function;

• temporally blurred ('tb-PDFrec'): also called subjective, the variance of

the Gaussian uncertainty kernel increases linearly with the elapsed time;

• probabilistically blurred ('pb-PDFrec'): the kernel's variance depends on

the probability distribution of events across time.

This proposal was supplemented with the simple foreperiod test includ-

ing a fixed number of catch trials (Po = 0.91). Subjects were required to make a

key-press response after the arrival of auditory, visual, or somatosensory 'go'

signals. FP duration was derived from the exponential or anti-exponential

function, and information about the used distribution was given to subjects

implicitly [143]. The Gaussian and uniform distributions were also tested in

the subsequent publication, and the percentage of catch trials varied (Po =

{0.6, 0.8, 1} [142]). To summarise, the latency data were fitted to the follow-

ing set of functions: HRmir, HRrec, PDFmir, and PDFrec. All four functions

could be of the original (non-blurred), temporally blurred (tb-), or probabilis-

tically blurred (pb-) form. The results confirmed that the PDFrec outperforms

the PDFmir and better fits to the multimodal sensory data than any of the

HR versions [143, 142]. This was true for the tasks with a fixed [143] and

varied number of catch trials [142]. Finally, the results indicated that prob-

abilistically blurred functions outperformed the temporally blurred models

[143, 142].

However, it is worth mentioning that neither experiment included any

reward. At the same time, the HR's proficiency in explaining the latency
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results was previously shown to depend on the probability of the reward

assumed by the task [343, 173, 332, 88].

1.5.5 Single- and dual-process models

Another approach to temporal expectation was proposed by Los et al. and

called the trace conditioning model [216]. According to the hypothesis, subjects

build a mental representation of all critical moments that occur during the FP.

This occurs through implicit or explicit learning of the history of FP duration.

Each critical moment has a specific conditioned strength based on the amount

of time the 'go' signal actually occurred at that time. The strength is defined

by the balance between neuronal inhibition and activation. If the 'go' signal

appeared at the critical moment 'n', this critical moment was reinforced in the

memory. If the 'go' signal did not appear, the critical moment 'n' strength

was extinct. The critical moments with the highest strengths would evoke

the shortest response latencies. This would happen as a previously inhibited

motor system would become activated based on the memory trace attached

to that critical moment. The constant inhibition of the motor system during

the FP is crucial for the prevention of premature responses [380, 113, 213].

Importantly, the asymmetry of the sequence effect can be explained by the

fact that the strength differs for critical moments that occur before and after

the imperative moment. Specifically, only if the current FP (FPn) is shorter

than the previous FP (FPn−1) is the strength in trial n reduced by inhibition

related to the n-1 trial.

The major goal of the hypothesis was to explain the asymmetry of the se-

quential effect (also called the short-term effect) by the same mechanism that

explains the latency-FP effect (long-term effect). Hence, this model was la-

belled as a single-process model. Some experimental results confirmed its as-

sumptions [345], but others highlighted that trace conditioning only explains

the latency-FP effect under specific experimental conditions [377, 375].

In response, Vallesi et al. proposed a dual-process model [377], in which the

asymmetrical sequential effect and the latency-FP effect result from differ-
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ent mechanisms [374]. First, the latency-FP effect relies on the non-automatic

monitoring process based on changing the HR of the 'go' signal onset [267].

Second, sequential effects result from a more automatic, arousal-related pro-

cess, highly affected by the trial history. Finally, the asymmetry of the se-

quential effect borrows from both automatic and non-automatic mechanisms

[377].

1.5.6 Multiple Trace Theory of Temporal Preparation

The trace conditioning model was soon updated to the Multiple Trace Theory

of Temporal Preparation ('MTP' [214]). In this hypothesis, each critical mo-

ment was associated with the accumulated strength of neuronal inhibition

and activation (also called the AI-ratio) stored in a single memory trace. The

memory trace included all the attended details related to the WS and the 'go'

signal that occurred within a trial. In this way, the WS could be regarded as

a retrieval cue that evoked all the memory traces accumulated in previous

trials. The newer the memory trace, the more weighted or valuable it is to the

process. If the trace is not activated, that is, if the given critical moment was

not recently related to the arrival of the 'go' signal, its weight could decay

over time [353].

MTP assumes that the long-term effects rely on frequencies of distinc-

tive memory traces caused by the prior FP distribution and the short-term

effects on the different weights of the memory traces caused by exposition

history. Authors proposed to solve the 'single- versus dual-process' problem

in favour of the former by assuming that a given experimental variable could

selectively influence the strength and weight of the memory traces without

assuming that both these properties result from different mechanisms.

The formalisation of MTP ('fMTP' [318]) assumes that the MTP mecha-

nism is realised by time cells. Time cells that encode time points in agree-

ment with the scalar property [164, 229] could communicate with the motor

brain regions. This communication, implemented by Hebbian associations,

could be a basis for creating the memory traces assumed by the MTP. The
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fMTP was further tested on datasets of various existing temporal experiments

[368, 216, 266, 217, 344]. It was also compared with the hazard models [318].

According to the authors, only the dataset collected using the Gaussian FP

distribution, re-fitted from the study of Trillenberg et al. [368], presented

a better fit to the classical HR compared to the fMTP with the HR compo-

nent (' f MTPhz' [318]). Therefore, it was concluded that the fMTP provides a

working unified model of temporal preparation that explains a wide range of

temporal expectation-related phenomena.

1.6 Ramp-like activity in the brain

Studies measuring event-related potentials ('ERP') report modulation of neu-

ral activity before the arrival of the 'go' signal, often attributed to increased

readiness. One of the ERP components sensitive to these preparatory pro-

cesses is the contingent negative variation ('CNV'). This slow negative electrical

wave occurs late in the ERP pattern that is evoked by the warning signal. Its

offset latency depends on the duration of the WS. Early findings indicated

that CNV amplitude is highest towards the end of to-be-timed intervals, pre-

dominantly in motor-related areas [387, 227].

Recent studies have shown that the CNV signal originates from the sup-

plementary motor area ('SMA') and the pre-SMA (e.g., [155], for review, see

[83, 192]). It should be noted that both structures are part of the supplemen-

tary motor cortex ('SMC' [262]), along with the frontal eye fields ('FEF') that

manage the monitoring and inhibition of saccades [351, 350] (for review, see

[24]).

1.6.1 The CNV function

The function of the CNV signal is difficult to establish and has been fre-

quently debated over the last twenty years. Early hypotheses proposed that

the CNV indexed the accumulation of neuronal spikes from the SMA [225],

essentially playing the role of the accumulator module in the pacemaker-
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counter model [227, 54, 370, 291] and scalar timing (for review, see [72]).

However, later findings that broadened the functional characteristics of the

CNV signal repeatedly challenged this view.

An early study by Friedman et al. [124] revealed that the amplitude of the

CNV component depends on the predictability of the auditory event. The

study included a 'certain' experimental condition in which subjects were ex-

plicitly informed about the type of sound incoming. In the 'uncertain' condi-

tion, subjects guessed the type of sound based on implicit knowledge about

the current block of trials. The CNV was more negative in the 'uncertain'

condition compared to the 'certain' condition. The results indicated that the

ramping of the CNV can be influenced by factors other than merely the length

of the number of theoretical pulses collected by the accumulator before the

'go' stimulus [370]. Further, Kóbor and his team [195] designed a four-choice

reaction time task, where predictable and unpredictable streams of targets

were presented to subjects. Similarly, the CNV amplitude that built up before

the target presentation was more negative for unpredictable streams. There-

fore, attention allocation was proposed as the function of the CNV signal.

As the unpredictability of the target structure requires more attentional re-

sources to be put into the response, a centrally located CNV could represent

the accumulation of the resources necessary for motor planning (for review,

see [248, 192]).

Setting up for the motor response is not the only purpose of the CNV

ramping activity. Mento et al. [247] presented subjects with the passive

oddball task, where no motor response to the 'go' signal was expected. In

this task, the delay period between the WS and 'go' signals was varied, but

subjects were not informed about the underlying structure of this variability

(implicit timing task). The results revealed the existence of the passive CNV

signal originating in the SMA, which, again, reached the maximum negativ-

ity peak around the expected arrival of the 'go' signal. As the task did not

require a response, the function of the CNV in this study was to represent the

accumulation of temporal expectancy that is independent of motor program-

ming.
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In explicit temporal bisection [265] and implicit choice response tasks

[295], the negative peak of the CNV recorded from the fronto-central elec-

trodes was detected at the target duration, which was the base for further

decision-making. The CNV was also shown to depend on the trial history.

Wiener et al. observed that on a trial-by-trial basis, more negative amplitudes

of the CNV followed the longer duration trials and durations that were pre-

viously repeated [394]. Similarly, in temporal reproduction tasks, the fronto-

central CNV was more negative for trials that followed adaptation to shorter

intervals [209] or trials that belonged to a generally shorter-range context [91].

Those findings indicate that the CNV is dependent on prior experience and

could reflect shifts in the memory used for anticipation and temporal de-

cisions [189] rather than reflecting the activity of the absolute accumulator

module [71].

The group of Boehm et al. proposed an interesting discrimination task

[42]. Subjects were asked to observe a cloud of pseudo-randomly moving

dots and decide, as fast as possible or as accurately as possible, whether a

cloud as a whole moves to the left or to the right. The recording from the

FCz electrode demonstrated that more negative CNV amplitudes predicted

shorter movement latency. The authors concluded that the CNV could gener-

ally represent the level of cognitive readiness to process information. Similar

results obtained previously by Wascher et al. (choice response task [390])

were interpreted as a representation of visual attention allocation.

In the family of foreperiod-like tasks, CNV activity is also widely ob-

served. When temporal information about the duration of the incoming FP

was implicit, a CNV, recorded from the central and posterior midline elec-

trodes, was shown to reflect the a posteriori probability of the occurrence of

the 'go' signal, well described by the hazard rate [368]. When the task in-

cluded an informative temporal cue, indicating the duration of the incoming

FP, or non-informative cue, the fronto-central CNV was more negative for in-

formative cues [215]. Similarly to the work of Boehm et al. [42] and Waschet

et al. [390], these results could further indicate that the CNV is sensitive to

explicit cues that could justify the increased level of cognitive readiness to
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process incoming information.

The results mentioned above contribute to the broader picture of the func-

tionality of the CNV, compared to the early hypotheses related to the pacemaker-

counter model [227, 291]. This early work placed the CNV signal as a direct

representation of the passage of time with a dedicated neuronal source. Ac-

cording to the updated view, the CNV activity can index both the cognitive

and motor preparation processes [136]. Especially in temporal tasks, the CNV

is strongly associated with the perceptual and motor aspects of the higher-

order functions required to maintain temporal processing [189], with prepa-

ration and anticipation being the cornerstones of this process [84]. Depending

on the task specification and the effector of the planned movement (a hand

or an eye), multiple brain areas were shown to contribute to the global CNV

signal [381] (for review, see [192, 189]).

1.6.2 SMA as a source of the CNV

The SMA was proposed as a region responsible for the connections between

motor programming [5, 6] and cognitive control systems [13, 12]. This places

the SMA as a decision-making centre that inhibits inappropriate responses

[338, 255, 5]. The SMA is also responsible for decision trade-offs in the con-

text of increased spatial impulsivity [292, 65]. The activity of the pre-SMA

was shown to increase when the perceptual demands of a temporal discrim-

ination task were increased ([83] but see [3] for the contradictory results in

non-human primates).

On the other hand, in motor timing tasks, the activation of the SMA was

dependent on the task context. The SMA was activated alongside the basal

ganglia when the representation of the timed interval was specified internally

[129]. The basal ganglia were activated alone for the externally specified rep-

resentations of the time interval [83]. The ramping activity of the SMA region

was also manipulated by changing the hazard function of the foreperiod du-

ration [155, 53]. However, it should be noted that, depending on the task

at hand, this SMA activation could be accompanied by a collection of task-
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dependent regions that contribute to the ramping activity [53].

Recent findings propose that the CNV is a result of the synchronisation

of multifunctional groups of time-keeping neurons (motor cells, relative and

absolute timing cells, and time accumulator cells; for review, see [248, 192].

All of these cells are characterised by specific ramping activity and could con-

tribute to the overall shape of the scalp CNV [248]. In this way, the CNV could

represent the optimization process of neuronal excitability during the event

anticipation [285]. Within this framework, more negative amplitudes would

represent a stronger disinhibition of the CNV source regions [189] and differ-

ent oscillation tempos would be used to encode representations of different

time ranges [192]. This view of the CNV functionality would be closer to in-

trinsic timing systems such as population clocks [57, 285]. According to this

model, various recurrent neural networks create a multidimensional space

from which the neural population clock emerges naturally. It was demon-

strated that the systems discussed could be trained to output a linear ramp

similar to the pattern of the CNV [252]. It must be stressed, however, that

presented associations between CNV ramping activity and the suggested op-

timization of neuronal excitability are based on correlational evidence.

1.7 Oculomotor system - an unique effector

Saccades are fast gaze-orienting eye movements occurring between fixation

periods when the visual axis is immobile [133, 232]. They could be described

as 'first respondent' motor reactions, as they usually precede hand movement

or a re-direction of the person's gait. Saccades are performed to direct the

fovea that processes fine details of a visual object towards the most informa-

tive parts [277, 232]. In order to initiate a saccade, some information about

the object of interest is gathered by peripheral vision. This information is

processed by various higher-order cortical areas, which decide whether the

target is worth reacting to [63, 28, 141, 39, 161]. If the decision was made to

initiate a movement, the latency of the saccade is a crucial marker of deci-

sion complexity (oculomotor procrastination [63]). After the saccade ends, the
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fixation re-occurs and the system can gather the maximum amount of infor-

mation about a given object [398, 347, 211]. This information can be used to

influence future decisions.

Oculomotor responses are strongly dependent on the temporal predictabil-

ity of the incoming event. The expectation of an event with a predictable on-

set time is related to the inhibition of saccadic behaviour just before its arrival

[94, 355]. Furthermore, since this inhibition can also be observed before non-

visual targets [18, 1], it is hypothesised that oculomotor inhibition could be

used as a non-specific marker of temporal expectation (for review, see [81]).

Therefore, when a saccade is directed towards a specific object, it reveals

not only the spatial information about its location but also the latency-encoded

information about the complexity of the decision process that leads to a move-

ment.

1.7.1 Neuronal basis of saccadic behaviour

This section will discuss the brain regions and muscles that cause saccadic

eye movements. The approximate localisation of involved brain structures

is presented in Fig. 1.1A, whereas the simplified functional diagram of the

neuronal pathways engaged in the saccade execution is shown in Fig. 1.1B.

Different neuronal pathways that inform future saccadic movement converge

towards the superior colliculus ('SC' [168]). Based on its function, the SC can

be divided into two parts. First, the superficial SC ('SCs') receives input from

the retina and the visual cortex ('VC'). Its function is simply to integrate vi-

sual information. Second, the intermediate SC ('SCi') integrates motor signals

from different sensory modalities and uses cognitive information to influence

saccade-related decisions. The SCi receives input from the supplementary eye
fields ('SEF') and the frontal eye fields ('FEF'). This information transfer can take

two forms: direct excitatory input, which defines the direction of the saccade,

and indirect inhibitory input through the basal ganglia ('BG' [183]), which con-

trols saccade onset through inhibition [159, 28].

The mediation of the BG over the SC occurs through the activity of its two
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nuclei: the substantia nigra pars reticulata ('SNr') and caudate nucleus ('CD').

In general, the SNr sends the inhibitory information to the SCi. However,

when the CD receives input from the FEF, it can disinhibit the SNr and lead

to the excitation of the iSC [159]. Finally, the intermediate SC can also be

modulated by the activity of the lateral intraparietal area ('LIP'). The function

of the LIP is to determine whether the visual target is behaviourally relevant

[28, 141, 39, 161]. The LIP was shown to receive information related to the task

even before the FEF or SEF [335]. The SC is also involved in the information

transfer between the retina and the VC [48], mediated by the visual part of

the thalamus [315].

The sum of SC activity is further transferred to the burst neurons ('BN') in

the midbrain and brainstem (for review, see [323]). The BNs control the tran-

sition between periods of fixation and saccades. The bursts are then sent

to the extraocular muscles ('EOM'), which finally perform the saccadic move-

ment. Interestingly, the BNs can receive direct input from the FEF, which not

only chooses the direction for a saccade by selecting the appropriate target

but also suppresses distractors [78, 74]. Furthermore, some results indicate

that the FEF can be an evaluator of movement history used to optimise fu-

ture behaviour [357]. The cerebellum vermis is another region that transfers

the signal from the SC to the BNs. It plays a role in error-based learning [108]

and saccade adaptation [361, 325]. Finally, the BN are strongly influenced by

the activity of the omnipause neurons ('OPN') located in the raphe interpositus
nucleus ('RIP' [162]). The OPNs are always active, except when a saccade is

executed [277, 313], and their role is to prevent the onset of ill-planned move-

ments.

1.7.2 Measuring saccadic behaviour

Saccades can be described using various movement-related measures, such

as the amplitude of a singular saccade (in degrees), maximum velocity (also

called peak velocity, further abbreviated 'Vmax'; in degrees per second) or sac-

cade latency (in milliseconds; see Fig. 1.2A for details) [232].
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Fig. 1.1 Neuronal pathways that control the oculomotor system. (A) Ap-
proximated localisation of the brain regions and eye muscles (coloured shapes).
(B) Major known neuronal pathways and muscles involved in making a sac-
cadic movement. Arrows represent the main direction of the information
transfer. Outlines represent specific regions. (C) Major known neuronal path-
ways and muscles involved in forming a pupillary response.
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It is well-known that mean and maximum velocity increase with the rel-

ative amplitude of a saccade, a function known as the main sequence [19, 306].

However, saccadic Vmax could also reflect the cognitive processes related to

anticipated and perceived events. Non-human primate research indicates

that arousal, elevated by the possibility of reward, can increase saccadic ve-

locity [354, 183, 69, 362, 327]. This reward effect present in humans [250]

can also be modulated by individual motivation [257]. Vmax is defined by the

maximal firing rates of the BN during saccadic movement [127, 104, 341, 115].

Therefore, it was hypothesised that the level of neuronal excitation presented

by the BN could be a result of arousal changes related to the current or an-

ticipated perceptual situation [259]. Munoz and Everling proposed that this

neuronal modulation could originate directly from the FEF, and the SC me-

diated by the cerebellum. Saccadic eye movements result from a sequence

of acceleration and deceleration of the eyeball executed by the extraocular

muscles. The works of Goossens et al. [139, 140] introduced the dynamic vec-
tor summation model where the SC overlooks each eye movement via a series

of mini-vectors that can be modulated instantaneously as the movement pro-

gresses. Electrophysiological data from non-human primates recently sup-

ported this hypothesis [339]. Finally, it was also experimentally shown that

the OPN can change the speed of the saccades [253]. In addition to the reward

incentive, the eye’s Vmax can be modulated by the difficulty of the visual task

[104], target valuation [306] or luminance-related changes in pupil size [389].

The latency of the saccade, also called saccadic reaction time, describes the

delay between the arrival of the visual stimulus and the start of the eyeball

movement (see Fig. 1.2A for details). Similarly to velocity, it can be influ-

enced by the reward incentive, with shorter latencies evoked in response to

rewarded targets [183, 69, 362, 36, 250]. Latencies are also modulated by tar-

get probability, with shorter ones being evoked by predictable targets [250].

Consequently, saccadic behaviour can be successfully described using ramp-

ing models of decision-making such as LATER [63, 272] or DDM [301, 337].
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Fig. 1.2 Types of saccades and saccadic parameters in the current project.
(A) Schematic representation of saccadic parameters derived from the veloc-
ity (orange traces) and the eye’s position (blue traces). (B) Schematic distribu-
tion of different types of saccades. Early impulsive saccades occur just after
the WS offset. Early anticipatory saccades are evoked by the anticipation of
the onset time of the 'go' signal. Finally, the visually guided saccades are
evoked by the 'go' signal. Blue bars representing the saccade count are in-
cluded for illustrative purposes.

1.7.3 Saccades and impulsivity

Saccadic movements can be divided into different categories depending on

their timing and origin. The execution of a voluntary saccade is based on

cognitive decision-making. For example, when we decide to move our sight

away from the painting that we have just inspected to let our eyes freely

explore another part of the exhibition room. A visually guided saccade ('VG',

see Fig. 1.2B) is performed when the visual target appears in the periphery of

vision and guides our sight towards itself (a prosaccade) or when an aversive

stimulus appears close to our fixation point and forces us to turn our eyes

elsewhere (an antisaccade [106]). Average latency of visually guided saccades

is approximately 200 - 250 ms, while Vmax can range from 100 to 700 °/s [232].

Upon a closer look at the neuronal basis of the saccadic movement, we can

see that the system is kept under persistent inhibitive control. Burst neurons

that send motor commands to the extraocular muscles around the eyeball are

constantly inhibited by the OPN, except when the saccade occurs [277, 313].
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If this inhibitory system was malfunctioning or overridden by another influ-

ence [251, 294] (e.g., influenced by the activity of the FEF [350] or the LIP

[28, 348]), it could lead to increased saccadic intrusions [281]. This hypothe-

sis was strengthened by the recently published results, linking the single-trial

neural dynamics in the LIP area to decision-making processes modelled by

DDM [346]. Uninstructed saccades could blur the vision of a currently ob-

served object or disrupt the temporal anticipation of the oculomotor system.

This disrupting behaviour will be further described as oculomotor impulsivity
[166], a possible sign of impaired inhibitory control [105, 112, 204, 58]. Stud-

ies suggest that the uninstructed saccade should not be treated simply as an

error response. Uninstructed saccades could provide valuable information

about the state of inhibitory control in the oculomotor system [166, 102].

In itself, impulsivity is a complex concept that arises from reduced in-

hibitory control [118, 24, 386]. Its cognitive aspects can be observed as im-

paired decision-making (e.g., the tendency to gamble). Its motor aspects can

be observed, for example, in nervous ticks or premature reactions [231, 150,

186]. Diagnostically, this type of behaviour is usually assessed using self-

administered questionnaires such as the Barratt Impulsiveness Scale [27, 286].

However, this method has its downsides. First, subjectively assessed mea-

sures are often variable, as they succumb to the influence of subjects' mood

or personal bias. Indeed, it can be difficult for subjects to objectively assess

their own behaviour. Secondly, questions or statements in the self-assessed

questionnaires can be difficult to understand. Consequently, there is a need

for reliable behavioural measures of impulsivity [24]. Attempts have already

been made to evaluate the motor consequences of increased impulsivity us-

ing oculomotor responses [166, 102, 9]. Those will be described in the follow-

ing subsections.

1.8 Psycho-sensory pupillary response

The basic function of a pupil is to optimise vision in different environments.

First, it can modify the amount of light that reaches the retina (pupil light re-
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sponse). Further, pupils can control the precision of vision for far and near ob-

jects (pupil near response). Most importantly for this work, pupillary responses

can reflect the arousal-related changes or the amount of mental effort put into

a given task (psycho-sensory pupil response or 'PPR') [238]. Pre-stimulus pupil-

lary response, recorded in anticipation of the incoming event could reflect

modulations of attention, aka attentional readiness [235]. The pupil’s tonic or

phasic activity is usually measured by its dilation, averaged between both

eyes and relative to baseline [232, 238].

The approximate localisation of the structures involved in the pupillary

response is presented in Fig. 1.1A. The simplified functional diagram of the

neuronal pathways involved in the pupillary response is shown in Fig. 1.1C.

Changes in pupil size are mechanically caused by the sphincter muscle ('SM')

and the dilator muscle ('DM') located in the eye’s iris. The SM, driven by

the parasympathetic part of the nervous system, is responsible for pupil con-

striction, while, coherently with its name, the sympathetically operated DM

causes the pupil to dilate [70, 238].

1.8.1 Neuronal mechanism and the function of PPR

So far, the research has indicated that the PPR response could be altered by

the following neuromodulatory agents: the basal forebrain ('BF') through

cholinergic transportation ('ACh' [304]); the midbrain and the SC through

dopamine ('DA' [98, 388]); the RN via serotonin signaling ('5-HT' [68]); and

by the LC through norepinephrine ('NE' [15, 49, 98, 179, 304], for review, see

[349, 147]).

It was hypothesised that the phasic PPR could represent the moment

of change in the internally generated predictions of the incoming stimuli

[264, 98, 99]. Arousal, represented by changing levels of pupil dilation, could

reflect the extent to which the incoming event fits already existing predic-

tions about the environment (stimulus-related surprise). If an event fits the

internally built expectations, arousal and pupil dilation remain low. How-

ever, if newly acquired information contradicts the existing model, the high
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arousal increases dilation. Consequently, increased pupillary dilation indi-

cates the need for the actualisation of expectations [278, 403, 187, 202, 296].

The above-mentioned changes in the pupillary response are detected even

when predictions about the environment are made unconsciously [4]. This

expectation-updating system was nuanced by suggesting that the BF-ACh

pathway could transfer information about expected changes in the environ-

ment (or expected uncertainty [96]) while unexpected modulations (unexpected
uncertainty [193]) were maintained by the LC-NE signalling [401, 196] (for

review, see [35]). Finally, this activation of the LC-NE pathway was also as-

sociated with enhanced exploratory behaviour. In turn, the exploratory be-

haviour was shown to result from a sudden, unexpected change in the envi-

ronment [15, 176].

Another body of research has linked the arousal-related pupil response

with increased task difficulty related to decision-making [371, 308, 131], the

amount of information held in the working memory [181], or the complexity

of processes for which this information is used [378].

Finally, a growing set of results linked pupil dilation to time-related pro-

cesses. Changes in pupil size could reflect adaptation of the decision strat-

egy dependent on the implicitly learned temporal structure of the task [203].

Pupils were also responsive to the increasing temporal expectation related to

incoming events [296, 261, 395, 46]. Crucially, the group of Akdoǧan et al. [2]

tested pupil dilation levels during a visual discrimination task with variable

foreperiod and catch trials. It was demonstrated that the rate of pupil dila-

tion was dependent on the expected timing of the incoming event, with the

steeper progression of dilation for imminent events.

1.9 Temporal expectation interacting with spatial uncertainty

1.9.1 Spatial uncertainty as surprise

The word 'uncertainty' can be associated with 'surprise' [170]. In this con-

text, surprise is not used to describe an emotion or a startling response [116].
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Instead, surprise describes a quantity of error related to a given prediction

[296, 170, 307]. Significant space was already dedicated to discussing the dif-

ferences between the 'uncertainty' and 'surprise' terms in different theories

[219, 170].

In this work, Shannon’s surprise will be used [331]. This form of stimulus-

bound surprise is expressed in bits and describes the amount of information

given to an observer when an event occurs (so-called information gain). It

relies on the assumption that each occurrence allows us to learn something

about the implicit characteristics of a given event. Shannon's surprise can be

used when these characteristics can take one of a few nominal states (e.g., a

future event can appear in the left, central, or right box) [331]. When few pos-

sible spatial locations can contain the future event, the surprise ('S') related to

its arrival can be computed as the negative logarithm of the probability that

a visual target will appear at a given position, using the following formula:

S = log2(
1
Po
)

where Po is the probability of an event at a given position. Similarly to event

timing, knowing the exact location of the event can be beneficial to its encod-

ing and processing [23]. This facilitation occurs because the observer's atten-

tion shifts to the expected location even before the event appears [22, 290].

Oculomotor responses are particularly suitable to test the effects of spatial

uncertainty on anticipation [138, 66].

1.9.2 Spatio-temporal information

Although spatial and temporal uncertainties can be separated in laboratory

settings, they often co-occur in natural environments. Consequently, a ques-

tion can be posed: Are these types of uncertainty affecting eye movements

differently, or is there a common neuronal and functional mechanism respon-

sible for encoding the combined uncertainty? Some hypotheses claim that the

uncertainty of various types (also called canonical uncertainty) is jointly en-
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coded in neuronal populations (summary statistics, see [16] for an overview).

An opposing view assumes that the uncertain aspect of an event is bound

to its representation. That is, an uncertainty about the location of a future

object will be represented and processed in a different area than its timing

variability.

Some research indicated that when spatial and temporal cues related to

future events are available together, an additive effect of both can be observed

on performance. This is true for the target discrimination [249, 309], tempo-

ral orienting [107, 82], and visual search tasks [326]. These observations chal-

lenge the hypothesis of separate attentional mechanisms working for spa-

tial and temporal information [82, 230, 126, 393]. Finally, a spatio-temporal

neurophysiological model was proposed, suggesting that the link between

spatial and temporal processing originates in the retinotopic receptive fields.

Those receptive fields were shown to be spatially specific but synchronised

in a time-specific way [270].

1.10 Previously published research on the topic

Previous research has already studied oculomotor behaviour in a temporal

context. The set of tasks designed by Ameqrane et al. and tested on healthy

human subjects [9] was followed by the work of Hsu et al. [166] and Degos et

al. [102], where the results of the healthy control group were compared with

the oculomotor data collected from a cohort of the Major Depressive Disorder

('MDD') and Parkinson's disease ('PD') patients, respectively. Although in

the current work, I will mainly refer to the results of the control groups, the

insights related to PD and MDD groups will be included in the last chapter.

Ameqrane et al. [9] tested the influence of temporal uncertainty on oculo-

motor responses in the absence of spatial uncertainty. In the implicit variant

of the experiment, four FP durations were presented to subjects (400, 900,

1400, and 1900 ms), either randomly chosen for each trial with the same

probability (implicit variable FP task) or randomly chosen for a whole block
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of trials (implicit blocked FP task; see Fig. 1.3 for details). In the explicit vari-

ant of the task, the same durations were randomly assigned to each trial, but

the chosen FP duration was cued at the beginning of the trial (explicit vari-
able FP task). In the blocked FP task, results demonstrated that the latency

of saccades was increasing with FP duration (see Fig. 1.3 for details), which

is consistent with the fixed foreperiod effect, widely observed in manual re-

action time tasks [33, 376, 216]. In the variable version of the implicit task,

the latency of saccades decreased with increasing foreperiod duration (see

Fig. 1.3 for details), which confirms the existence of the variable foreperiod

effect [216, 366, 217, 368] in the oculomotor domain. This was also true when

the duration of the FP was explicitly cued. Interestingly, however, in implicit

and explicit variable FP tasks, the variance of saccadic responses decreased

as FP duration increased. This result opposes the scalar property of vari-

ance previously observed in manual tasks of explicit [270, 83] and implicit

contexts (the perceptual timing task [293] similar to [9]). Interestingly, previ-

ous research suggested that the oculomotor system could not obey the scalar

property [280].

Furthermore, a special version of the explicit variable task was created,

where the duration of the FP was cued to subjects but the 'go' signal did

not appear at the end in a predetermined proportion of trials (probe or catch
trials). Interestingly, another type of saccade was observed during the explicit

procedure with catch trials. Those saccades were executed during the FP,

but their latency was very close to the cued 'go' signal timing. It suggests

that subjects presented with explicit information about the possible timing

of the 'go' signal use it to generate fast responses. Sometimes, a so-called

anticipatory saccade can occur when their anticipation was too early [182].

The existence of anticipatory saccades was demonstrated in both non-human

primate [254, 9] and human research [200, 290]. We suggest that this type of

saccade provides an insight into subjects' expectation process that cannot be

obtained only from stimulus-evoked responses [9, 290, 289, 10].

Another type of saccade initiated during the foreperiod was observed in

the work of Hsu et al. [166]. Those saccades occurred mainly just after the

| 35



1 | Chapter 1

warning signal offset and were defined as 'premature'. In this work, they will

be defined as impulsive saccades as they probably originate from impaired in-

hibitory control of the eye [112, 204, 58, 102]. In the experiment of Hsu et al.,

a form of spatial uncertainty was introduced to the task, where the 'go' signal

could appear in one of the four boxes at the top of the screen. No previous

indication of the location of the future signal was given to subjects. There-

fore, this task includes 'maximal spatial uncertainty' (see Fig. 1.3 for details).

However, similarly to the situation where there was no spatial uncertainty

[9], the variable foreperiod effect was also observed.

Finally, the research of Degos et al. [102] showed that both types of sac-

cades observed during the foreperiod can occur in one task. Here, the dura-

tion of the variable FP was explicitly cued to subjects (see Fig. 1.3 for details).

Visual inspection of saccade latency distributions during the FP demonstrated

the existence of two modes. The 1st mode describes a transient increase in the

number of early saccades after the offset of the WS. Those are the impulsive
saccades. The 2nd mode shows a gradual increase in the probability of the

occurrence of a saccade as time elapsed during the foreperiod. Those are the

anticipatory saccades. To capture the entirety of the bimodal structure of the

distribution, in the present thesis work, all saccades that occurred after the

offset of the WS but before the arrival of the 'go' signal (impulsive and antic-

ipatory) will be referred to as early saccades (see Fig. 1.2B for details).

In Degos et al. [102], the number of impulsive saccades decreased in the

explicit timing task compared to the implicit task. In contrast, changing from

an implicit to an explicit task increased the number of anticipatory saccades.

This strengthens previous observations and indicates that impulsive and an-

ticipatory saccades occur due to two separate mechanisms [9, 166]. If infor-

mation about the predictable 'go' signal timing changes only the number of

anticipatory saccades but not impulsive ones, then the former must be guided

by a cognitive processing of information. Anticipatory saccades could be

driven by neuronal activity in the SC and modulated by the SNr with the

participation of inhibition from the OPN. On the other hand, impulsive sac-

cades could simply be an effect of the impaired SC-SNr-OPN pathway [102].
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1.11 Overview of the project

This project aimed to further study characteristics of the oculomotor response

in the context of temporal uncertainty. Most studies on temporal percep-

tion and anticipation use manual operant responses, such as a key press or

a hand movement. However, when an object appears in the surroundings,

the subjects' first reaction is usually to gaze towards that occurrence before

reaching for or moving away from it. Furthermore, eye movements are very

susceptible to changes in inhibitory control. Therefore, saccades can be used

to investigate how temporal uncertainty bound to an incoming event influ-

ences human impulsivity. Using saccadic eye movements as a tool for the

screening of neurodegenerative diseases could provide valuable insight into

the impulsivity-related characteristics of these impairments. Existing tempo-

ral perception and anticipation studies, reviewed in Chapter 1, demonstrate

that various factors such as the implicit and explicit nature of temporal in-

formation, the presence of spatial and temporal cueing, and the shape of the

temporal distribution could influence the decision process leading to the mo-

tor reaction.

Recently, it was proposed that expected and unexpected uncertainty could

independently influence behaviour [142]. In the present thesis, the main fo-

cus will be on expected uncertainty related to the timing and location of a

visual target. Related research suggested certain patterns that describe early

and visually guided saccades in different types of foreperiod tasks [9, 166,

102] (see Fig. 1.3 for details). Based on those results, Chapters 2 to 4 will

describe experimental studies designed to test human oculomotor responses

under different forms of spatial and temporal uncertainties. The number and

distribution of early saccades, and the pupillary traces recorded during the

anticipation period will be presented, along with measurements of saccadic

latency and maximum velocity.

In Chapter 2, two experiments demonstrated the influence of spatial un-

certainty on oculomotor responses. In the work of Hsu et al. [166], only

maximal spatial uncertainty was investigated. Here, four spatial uncertainty
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levels were introduced. Experiment 1 presents the influence of spatial un-

certainty on oculomotor responses using a foreperiod task with an explicit

spatial cue and without temporal uncertainty (see Fig. 1.3 for details). Then,

in Experiment 2, an implicit foreperiod variability differing over the course of

blocks of trials was introduced to test the joint influence of temporal and spa-

tial uncertainties on behaviour. The choice of the foreperiod duration used

in the current experiment (400, 900, 1400, and 1900 ms) was motivated by

related research [9, 166] (see Fig. 1.3 for details).

Chapter 3 further tests the hypothesis that the representation of spatial

and temporal uncertainties could interact using explicit spatio-temporal cues.

In that experiment, temporal uncertainty was informed with a cue about the

variability of the FP distribution used in a given trial (see Fig. 1.3 for details).

In Chapter 4, a variable foreperiod paradigm was used to test the influ-

ence of the implicit temporal uncertainty on eye movements. Furthermore,

this approach allowed to test existing theories of temporal expectation with

saccadic eye movements, instead of a manual reaction time task. Crucially,

the Gaussian-shaped foreperiod distribution is a little closer to everyday life

situations where the uncertain timing of an incoming event is usually cen-

tred around a specific value with a given level of variability (see Fig. 1.3 for

details). Furthermore, electrophysiological recordings made during the same

experiment are presented to explore possible neuronal markers of the implicit

anticipation process.

Finally, Chapter 5 discusses results to address the question of how spa-

tial and temporal uncertainties shape the oculomotor responses in a healthy

human population.

38 |



Overview of the project | 1.11

Fig. 1.3 Summary of related research and the current project. Each exper-
iment is presented in one of two columns based on the role of spatial uncer-
tainty in the design. Rows indicate the type of FP task used in the given
design. Cells include a short summary of experimental designs (in pink).
Coloured pictograms are described in the legend. See also: [9, 166, 102].
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2.1 Introduction

PREDICTION of future events is essential for a successful optimisation

of behaviour [125, 358, 399]. However, each event is related to some

spatial and/or temporal uncertainty that must be estimated in the

decision process [219]. It has been suggested that acetylcholine involved in

pupil size control [244] could signal uncertainty processing [401, 360]. There-

fore, the pupillary response is commonly used as a behavioural measure

of the subjective impact of uncertainty on sensory and decision processes

[131, 187, 4, 296, 202] (for review, see [403]). The size of the pupil was shown

to reflect changes in both temporal and spatial expectations [2, 296, 202].

Uncertainty also plays a major role in gaze shifting [163, 300, 52] and

could 'capture' oculomotor behaviour [137]. If surprise partly determines

oculomotor behaviour, it remains to be established how this phenomenon af-

fects different types of eye movements. Indeed, eye movements occur either

in reaction to a stimulus in the environment and are visually guided ('VG') or

early, occurring before the target appears [201, 166]. In Chapter 2, two exper-

iments will demonstrate the influence of spatial uncertainty on oculomotor

responses.

Specifically, the analysis will test the likely logarithmic relationship be-

tween the VG saccade latency and spatial uncertainty, also called the Hicks

law ('HL' [158, 167], for review, see [297]). In Hick's original experiment, hu-

man subjects had to associate a key on a keyboard with the spatial position of
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a visual target. This task required the association between a set of stimuli and

responses. Hick's law states that increasing the number of response alterna-

tives (uncertainty) will cause a logarithmic increase in reaction time. HL can

be interpreted as a measure of information transfer in Shannon's sense. In or-

der to test Hick's law, spatial uncertainty will be quantified using Shannon's
surprise [331] and expressed in bits. Hick's law has been repeatedly observed

in different sensorimotor modalities. So far, evidence suggests that VG sac-

cades obey HL if a cued target is chosen among several alternatives [205].

However, it is not observed if saccades are simply visually guided [194].

In Experiment 1, only the level of spatial uncertainty will be manipulated.

The future position of the target will be provided by a cue that creates a

prior expectation but with a certain amount of spatial 'surprise'. The delay

between the warning and 'go' signals (also called foreperiod or 'FP') will be

constant throughout the experiment (see Fig. 1.3 for details). In Experiment 2,

an implicit temporal uncertainty will be introduced using a variable forepe-

riod differing over the course of trial blocks (see Fig. 1.3 for details). Both

experiments will test the impact of spatial surprise on the parameters of VG

saccades after the 'go' signal and the number of early saccadic responses and

pupillary changes during the foreperiod. Additionally, Experiment 2 will

demonstrate how the relationship between oculomotor responses and spatial

surprise established in Experiment 1 is changed by introducing some form of

temporal uncertainty.

The first part of the chapter describes the results of Experiment 1. It con-

sists of a paper published in Scientific Research in 2022, adjusted to the struc-

ture of the thesis. The official citation of the work is as follows:

Drazyk, D., & Missal, M. (2022). The oculomotor signature of expected

surprise. Scientific Reports, 12, Article 2543.

The second part of Chapter 2 consists of a manuscript that will be submit-

ted for publication in The Journal of Neuroscience, adjusted to the structure

of the thesis.
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2.2 Experiment 1: Methods

2.2.1 Subjects and Ethics

Thirty-six subjects participated in the present study. One subject was ex-

cluded due to extensive noise in oculomotor recordings, and one subject was

excluded due to the misunderstanding of the task. The final sample used

in the analysis included 34 subjects (24 women; mean ± SD, age 24.5 ± 4.2

years). Subjects were between 18 and 65 years old, had no known neuro-

logical or psychiatric diseases, did not take illegal psychoactive substances

at least one day prior to the experiment, and had corrected to normal vi-

sion, if necessary. Each subject was informed about the aim of the study,

signed an informed consent document regarding procedures, and was in-

formed about the possibility of withdrawing from the experiment at any time

without consequences. The study was carried out according to the Declara-

tion of Helsinki guidelines and approved by the local Ethics Committee of the

Université catholique de Louvain under number B403201733677 (Belgium).

2.2.2 Experimental procedure

The present study is an oculomotor variant of the constant foreperiod task

[267] with a spatial cue. Each trial started with a white fixation box with a

cross (5.7 × 4.3° of visual angle) appearing at the bottom of the screen for

500 ms (see Fig. 2.1). Next, a cue was presented above the fixation box for

2000 ms. The cue consisted of four cued boxes (referred to as 'CB'; dark or

bright; 5.7 × 4.3° of visual angle each). The centre of each cue box was at

an approximate distance of 17° of visual angle from the centre of the fixation

box. Subjects were asked to maintain gaze fixation on the fixation box before,

during, and after the cue presentation. Next, four empty test boxes (referred

to as 'TB'; 5.7 × 4.3° of visual angle each) were displayed on the top of the

screen for 1000 ms at the same positions as the CBs. The warning signal

('WS', red square) was shortly displayed in the fixation box for 50 ms. After

a constant FP of 1900 ms, the 'go' signal (eccentric red square) was displayed
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in one of the TBs for 50 ms. Subjects were instructed to maintain their gaze

on the fixation cross during the FP and then make a visually guided saccade

towards the 'go' signal as fast as possible. Each trial ended with an inter-trial

interval ('ITI') of a randomised duration (2250 ± 250 ms).

This task can clearly separate the expected uncertainty encoding period

(cue presentation) from the response preparation period (foreperiod). In-

deed, the cue indicated the different levels of spatial uncertainty about the

future target position. If the cue consisted of one marked box (n = 1), the

probability of the target appearing in that box at the end of the foreperiod

was P(TB1) = 1 (no uncertainty). Note that for P(TB1) = 1, the actual box be-

ing marked could be randomly assigned to one of four different possibilities

on the screen. If two boxes were marked (n = 2), the target could later appear

in either one of them with the same probability P(TB2) = 0.5. The group of

two cued boxes could occupy three different positions on the screen (left, as

in Fig. 2.1, middle or right). If three boxes were marked, the probability for

each box to be occupied by the future target decreased to P(TB3) = 0.33. The

group of three boxes could appear mainly on either the left or right side of

the screen. Finally, if four boxes were marked, the probability of each box to

be occupied by the future target was P(TB4) = 0.25. In summary:

P(TBn) =



1.00, if n = 1

0.50, if n = 2

0.33, if n = 3

0.25, if n = 4

where: TBn, target appearing in one of n boxes; n, number of marked

boxes, n ∈ {1, 2, 3, 4}. The value of expected surprise (expected spatial un-

certainty; in bits) bounded to each experimental condition (TBn) can be calcu-

lated using Shannon’s formula:

SUn = −log2P(TBn)

which is a negative base 2 logarithm of the probability of the target appear-
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ing on one of the marked boxes P(TBn). For example, in the TB1 condition,

SU1 = 0 did not indicate any surprise about the outcome, and subjects were

precisely informed about the box that would be occupied by the future 'go'

signal. The oculomotor preparation was maximal. The surprise for each con-

dition was: SU1 = 0, SU2 = 1, SU3 = 1.58 and SU4 = 2. Two different versions

of the experiment were tested. For half of the subjects, the CBs were repre-

sented as filled white squares (bright cue). For the other half, the open square

CBs were used (dark cue, see Fig. 2.1). The edges of the bright and dark CBs

were blurred to minimise the pop-up effect of a cue appearing at the top of

the screen and to facilitate maintaining the gaze on the fixation box. Each

experiment consisted of 160 trials divided into four blocks. The presentation

of spatial cues was randomised within the experiment, with each spatial cue

presented 40 times.

2.2.3 Data collection and preprocessing

Eye movements and pupil size were recorded binocularly at 500 Hz using

an infrared eye tracking system (EyeLink1000, desktop mount, SR Research,

Ontario, Canada) with an average spatial accuracy of 0.25° of visual angle

and a pupil size resolution of 0.2% of diameter. The eye tracker was calibrated

at the beginning of each data collection session and re-calibrated every 30

trials after the subjects' rest break. Subjects were sitting at a distance of 80

cm from the high-resolution screen (size: 54 × 30 cm, 1920 × 1080 pixels,

VPixx Technologies, Canada), displaying stimuli at 60 Hz. Stimuli display

and eye movement recordings were created using Experimental Builder (SR

Research).

After the experiment, artefact rejection was performed with DataViewer

(SR Research, Ontario, Canada) to exclude oculomotor recordings of poor

quality. Trials with frequent blinking, discontinuous recording, or drift of

calibration were excluded from further analysis. Artefact rejection amounted

to only 4% of all trials. The remaining pool of trials was searched by the

saccade detection algorithm using amplitude (> 1°), velocity (> 22°/s), and
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Fig. 2.1 Schematic representation of the design in Experiment 1. Timeline
of visual events on the screen in front of the subject. The experiment started
with the fixation cross presented at the bottom of the screen. Next, during
the cue interval, while maintaining gaze on the fixation cross, subjects were
presented with a spatial cue (cue boxes or 'CB') on top of the screen. Subjects
were randomly divided into two equal groups. For the first group, the CBs
were filled white squares ('bright' cue type), and for the other group, the open
white squares ('dark' cue type). CBs indicated the amount of expected uncer-
tainty bound to the target’s future position (SU1, SU2, SU3, or SU4). Subjects
were then presented with four empty test boxes ('TB'), followed by the warn-
ing signal ('WS', the first red square) briefly presented in the bottom box. The
extinction of the WS initiated a 1900 ms foreperiod ('FP'). Then, the 'go' sig-
nal (the second red square) was briefly presented in one of four TBs. Subjects
were asked to maintain their gaze on the fixation cross during the FP and then
make a visually guided saccade towards the 'go' signal as quickly as possible.

acceleration (> 3800°/s2) criteria. Saccades occurring after the extinction of

the WS and up to 100 ms after the 'go' signal onset will be referred to as early
saccades. The early saccades were detected in 5.5% of all trials remaining

after artefact rejection. Saccades with a latency superior to or equal to 100 ms

after the appearance of the 'go' signal will be termed visually guided saccades

('VG'). The VG saccades with a latency > 1000 ms, executed after an early

saccade or landing in the incorrect target box, were not considered for further

analysis. The final pool of the trials with the VG saccades amounted to 87%

of all trials remaining after artefact rejection.

The trials that remained after the artefact rejection were also used to anal-
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yse the pupillary response during the foreperiod. First steps of the analy-

sis were performed using DataViewer (SR Research, Ontario, Canada). The

pupillary responses of the left and right eyes were averaged on a trial-by-trial

basis to improve the stability of the signal. Pupil size during blinks was es-

timated using a linear interpolation within the window of 100 ms before the

starting point and 100 ms after the end of a blink. The pupil diameter during

the FP was then averaged in 50-ms bins and further processed in R (version

4.4.2) using the PupillometryR package [121, 120]. Saccades can be a source

of pupillometry artefacts [238]. Therefore, trials that included any early sac-

cade executed during the FP were excluded from the pupil data analysis.

The pupil traces were filtered using the median filter and baselined to 200 ms

before data segment onset. Finally, pupil traces were normalised using the

z-score [239].

2.2.4 Statistical analysis

To avoid the pupillary response being affected by the VG saccades, the sta-

tistical analysis of the pupil size was performed only at the longest possible

interval that did not include the 'go' signal onset time (further referred to as

the analysis interval). In this experiment, the analysis interval was equal to

FP length (0 - 1900 ms after the WS offset).

The statistical analysis of multidimensional data is often associated with

the multiple comparison problem. The cluster-based permutation test ('CBPT')

is a popular data-driven approach that solves the multiple comparison prob-

lem [234]. In this method, a statistical test was first calculated at the sample

level. Then, the statistics were summed up on the channel-time level to form

a cluster. For each CBPT, 1000 permutations were then executed to create a

null distribution of the statistic. Then the cluster statistics value was com-

pared with the null distribution (α = 0.05 for thresholding). To test for possi-

ble differences in pupillary response in different levels of spatial uncertainty,

pupil traces were subjected to CBPT in R using the permutes package [385] and

ANOVA F statistics. The CBPT results include information about the time in-
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terval associated with the detected effect. However, contrary to widespread

use, CBPT is not tailored to support claims about the precise location of the

effects [319]. Therefore, in the next analytic step, pupillary data within the

proposed time interval was averaged on a trial-by-trial basis for each subject

and modelled using linear mixed-effects model analysis ('LMM').

Pupil size averaged from the window indicated by the CBPT, the number

of early saccades, and the maximum velocity ('Vmax') and latencies of the VG

saccades were subjected to the LMM analysis in R using the lme4 package

[31, 30]. Each linear mixed-effects model used in the manuscript can be ex-

plained by the general equation:

Yis = β0 + β1Xis + S0s + ϵis

where Yis is the outcome for the s-th subject in the i-th trial, Xis is the fixed

effect for the s-th subject in the i-th trial, β0 is the intercept parameter, β1

is the slope parameter of the fixed effect, S0s is the random intercept effect

for subjects and ϵis is the corresponding residual error. First, to choose the

best random effects structure, a 'full' model (including all assumed variables)

was fitted to data using the restricted maximum likelihood method ('REML'

[26, 340]). The different random structures of the compared full models were

expressed using the 'rs' suffix and the number: 'full.rs1' describes the random

intercept structure model that includes the id of the subject as an intercept

('1 | subject'); 'full.rs2' denotes the model with the random slope structure

('1 + SU | id'). The best random structure was chosen based on the lowest

Bayes Information Criterion ('BIC' [43]). For the results of model selection,

see Tab. S2.1 in the Supplementary Materials.

Continuous outcomes (VG saccade latencies, VG saccade Vmax, and pupil

size) were fitted using the Gaussian model with a chosen random structure.

The main effects of each model were estimated using Type III ANOVA with

Satterthwaite's method. The count of early saccades was fitted using the

Poisson distribution within the Generalised Linear Mixed Models (‘GLMM’)

framework. If a large number of zeros in the measure was observed, a zero-
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inflated Poisson model was implemented using glmmTMB package [51, 50].

The main effects of Poisson models were estimated using Type II Wald χ2

tests. The coefficients obtained from the GLMM analysis were transformed

to Incidence Rate Ratios (‘IRR’) describing how much more likely is the oc-

currence of an event in one group compared to another.

Pairwise comparisons for each dependent variable were calculated using

the R package emmeans [208]. Diagnostics of each of the presented models

were evaluated to ensure the quality of convergence and conformity with the

assumptions. The quality of the model was assessed with the QQplot and

residuals (R package performance [223, 221]; R package DHARMa [151]). The

significance level assumed in the present study was α = 0.01.

Finally, we tested the possibility that early saccade distribution was multi-

modal. A mixture of ‘k’ Gaussian components was fitted to the distribution of

early saccades, using the expectation-maximization algorithm (normalmixEM
function, R package mixtools [38, 37], maximal number of iterations: 1000).

The k number ranged from 2 to 5 between mixtures (models mix.2, . . . , mix.5).

The number of components that best fitted the data was determined by se-

lecting the mixture with the lowest log-likelihood value (‘LL’). The time point

where the components intersected was then identified and further used to

classify early saccades.

2.3 Experiment 1: Results

2.3.1 Spatial uncertainty alters saccadic latency and maximum velocity

In the Introduction, we hypothesised that an internal representation of spatial

uncertainty ('SU') could alter the preparation of visually guided saccades. In-

creasing uncertainty could also increase movement latency and/or kinemat-

ics. To test these hypotheses, a linear mixed-effects analysis of the saccadic

parameters was performed.

First, a random intercept model was created to test the latency in differ-
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ent SU contexts. Spatial uncertainty significantly modulated the latency of

VG saccades (F[3, 4454.52] = 75.46, p < 2.22 × 10-16). Pairwise comparisons

showed that saccades with the shortest latency were evoked in SU1 (mean ±
SD, 216.0 ± 63.9 ms) compared to the SU2 (229.8 ± 62.9 ms, p = 4.36 × 10-8),

SU3 (241.6 ± 68.0 ms, p = 4.36 × 10-8) and SU4 conditions (244.5 ± 68.2 ms, p

= 4.36 × 10-8). The SU2 evoked shorter latency compared to the SU3 (p = 3.50

× 10-6) and SU4 conditions (p = 4.49 × 10-8), but the comparison between the

SU3 and SU4 conditions was not significant (p = 0.535; see Fig. 2.2A).

In order to test whether saccadic Vmax followed the same trend, an anal-

ogous random intercept model was created. Spatial uncertainty significantly

modulated the Vmax of the VG saccades (F[3, 4473.42] = 20.81, p = 2.18 ×
10-13). Pairwise comparisons showed the highest Vmax in SU1 (mean ± SD,

399.9 ± 100.8°/s) compared to the SU2 (384.9 ± 89.9°/s, p = 1.58 × 10-8), SU3

(385.2 ± 89.6°/s, p = 1.25 × 10-9), and SU4 conditions (383.7 ± 90.1°/s, p =

4.04 × 10-12). No significant differences were detected between the SU2 and

SU3 conditions (p = 0.979), the SU2 and SU4 conditions (p = 0.606), and the

SU3 and SU4 conditions (p = 0.837; see Fig. 2.2B).

2.3.2 A larger pupil dilation in the "no spatial uncertainty" context

Observation of pupil size as a function of time during the foreperiod sug-

gests that pupil dynamics up to 500 ms after the WS offset was probably

related to luminance changes only (see Fig. 2.2C). Therefore, a cluster-based

permutation analysis ('CBPT') was performed on pupillary data in the 500 -

1900 ms window. A significant modulation of pupil size by spatial uncer-

tainty was found (Fmass = 434.42, pmass = 9.99 × 10-4, interval 550-1900 ms). To

confirm the effect, the pupillary response from the 550-1900 ms interval was

therefore averaged on a trial-by-trial basis and included as an outcome of the

random intercept model. Spatial uncertainty significantly altered pupil size

within the 550 - 1900 ms interval (F[3, 5151.15] = 4.73, p = 0.003). Specifically,

pairwise comparisons showed that pupil size was larger in SU1 (mean ± SD
z-score value; 0.20 ± 1.51) compared to the SU2 (0.02 ± 1.54, p = 0.012) and
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SU4 conditions (0.00 ± 1.55, p = 0.004). The difference was less pronounced

between the SU1 and SU3 conditions (0.04 ± 1.60, p = 0.038; see Fig. 2.2D).

2.3.3 The bimodal structure of early oculomotor behaviour under spatial

uncertainty

Saccades initiated during the foreperiod and up to 100 ms after the onset of

the 'go' signal are defined as 'early'. Figure 2.3A shows the latency distribu-

tion of early saccades. From the mixture models fitting between 1 and 5 Gaus-

sian functions, the mix.2 model assuming the bimodal distribution of early

saccades fitted the data best (mix.2 LL = -1084.77; mix.3 LL = -1067.75; mix.4
LL = -1046.97; mix.5 LL = -1059.33). The latency threshold used to separate

early saccades into two modes was established at the crossing point between

the two Gaussian components (1000 ms). Latencies below the threshold were

assigned to 1st mode (N = 88, µ = 364.9 ms, σ = 232.4), while the latencies sur-

passing the threshold were assigned to 2nd mode (N = 199, µ = 1702.1 ms, σ =

243.8, see Fig. 2.3A). 1st mode describes a transient increase in the number of

early saccades after the offset of the WS. 2nd mode shows a gradual increase

in the probability of the occurrence of an early saccade as time elapsed dur-

ing the foreperiod, with the mean of the distribution approaching FP length.

This behaviour was particularly salient in the SU1 condition (see Fig. 2.3B).

As SU increased, the number of early saccades decreased strongly, and the

bimodal pattern could only be conjectured.

A GLMM was performed to quantitatively compare the number of early

responses for different SUs. Spatial uncertainty significantly reduced the

number of early saccades during the foreperiod (χ2[3] = 133.79, p < 2.22 ×
10-16). Pairwise comparisons showed that the occurrence of early saccades

was more likely in SU1 condition compared to the SU2 condition (IRR ± SE,

3.9 ± 0.7, p = 2.37 × 10-13), more likely in SU1 condition compared to the

SU3 condition (5.5 ± 1.3, p = 8.57 × 10-13), and more likely in SU1 condition

compared to the SU4 condition (5.8 ± 1.2, p = 3.78 × 10-14).

The same analysis was then repeated for early saccades belonging to 1st
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Fig. 2.2 Oculomotor results of Experiment 1. (A) Mean latency of VG sac-
cades (dots) for each SU context with SE and CI (whiskers). Horizontal grey
lines indicate post-hoc LMM significance between SU levels (* p ≤ 0.05, ** p
≤ 0.01, *** p ≤ 0.001, **** p ≤ 0.0001, ns - not significant). (B) Mean Vmax of
VG saccades for each SU context. (C) Time course of pupil size during the
FP. Time 'zero' on the X-axis indicates the extinction of the warning stimu-
lus. Coloured lines indicate the baseline-corrected and z-scored mean pupil
size in different SU levels with SE (coloured ribbons). Horizontal grey lines indi-
cate clusters of differences between SU levels and p-values obtained with the
CBPT. (D) Mean pupil size (dots) for each SU context in the 800 - 1900 ms time
window with SE and 95%CI (whiskers). Horizontal grey lines indicate post-hoc
LMM significance between SU levels.
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and 2nd modes, separately. First, spatial uncertainty significantly reduced the

number of 1st mode saccades during the foreperiod (χ2[3] = 24.87, p = 1.65 ×
10-5). The occurrence of 1st mode saccades was more likely in SU1 condition

compared to the SU2 condition (IRR ± SE, 2.4 ± 0.7, p = 0.01), more likely in

SU1 condition compared to the SU3 condition (4.3 ± 1.5, p = 2.00 × 10-4), and

more likely in SU1 condition compared to the SU4 condition (2.4 ± 0.7, p =

0.01, see Fig. 2.3C).

Similarly, the effect of spatial uncertainty on the number of 2nd mode sac-

cades was also demonstrated (χ2[3] = 156.34, p < 2.22 × 10-16). 2nd mode

saccades were more likely in SU1 condition compared to the SU2 condition

(IRR ± SE, 5.1 ± 1.1, p = 6.33 × 10-14), more likely in SU1 condition com-

pared to the SU3 condition (7.3 ± 1.8, p = 5.14 × 10-14), and more likely in

SU1 condition compared to the SU4 condition (10.7 ± 3.1, p = 4.95 × 10-14,

see Fig. 2.3D).

2.3.4 Latency of visually guided saccades driven by information gain

The observation that visually guided saccadic latencies increased with spatial

uncertainty suggested that a particular instantiation of Hick's law ('HL' [158])

could be observed:

Model HL: latencyi ∼ β0 + β1SUi

with: latencyi, average saccadic latency in the i-th trial; β0, intercept of

the model; β1 slope; SUi, spatial uncertainty expressed in bits (Shannon's sur-
prise) for the i-th trial. A significant regression was found between Shannon's

surprise and the latency values (ANOVA, F[1,134] = 13.47, p = 3.49 × 10-4)

with an R2 of 0.085. The latency of the VG saccades increased by 25.06 ms for

each unit of spatial surprise (see Fig. 2.4A).

Further, we tested whether a Poisson counting model could predict sac-

cadic latencies [85, 337, 336]. This model uses a random walk to represent a
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Fig. 2.3 Early saccades in Experiment 1. (A) Latency distribution of early
saccades (grey bars) and mixture models (coloured density plots) for each ex-
perimental block. Time 'zero' on the X-axis indicates the onset of the FP. A
bimodal distribution best describes the data. The black dashed lines show the
transition between modes and the threshold value for saccade classification
(1000 ms). Labels describe mean (µ, coloured dashed lines) and standard devia-
tion (σ) of each mode. (B) Latency distributions of early saccades for different
SUs. The bimodal distribution of latencies was observed for all SUs. (C) The
Incidence Rate Ratio (‘IRR’) of 1st mode saccades during the FP (coloured dots)
with CI (whiskers). Horizontal grey lines indicate the level of GLMM statistical
significance between SU levels (** p ≤ 0.01, *** p ≤ 0.001, **** p ≤ 0.0001, ns
- not significant). (D) The IRR of 2nd mode saccades during the FP.
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hypothetical decision signal that builds up to a threshold and leads to a sac-

cade. Each sample could be considered as a unit of evidence approaching the

decision boundary. The samples were drawn from an exponential distribu-

tion and counted using a Poisson counting model. The accumulation average

rate determines how quickly the decision threshold could be crossed.

Two variants of the model were tested: in the 'RV/TC' model, the rate

of evidence accumulation 'R' was variable and could encode the different

SUs tested. In this case, an arbitrary fixed threshold 'T' was selected (see

Fig. 2.4D); in the 'RC/TV ' model, the rate of evidence accumulation was con-

stant, but the decision threshold could vary to encode SU (see Fig. 2.4E). The

RV/TC model was fitted by simulating the latencies of each SU condition

separately with a threshold fixed at 10 units of accumulated evidence and an

accumulation rate varying between 30 and 80 evidence units/s. Then, each fit

was compared to the average saccadic latency corresponding to each condi-

tion. The residual sum of squares ('RSS') between the simulated and observed

data was then calculated and compared for all fits. Figure 2.4B shows that the

RSS plotted as a function of the accumulation rate was U-shaped and reached

a minimum at 51, 48, 45, and 45 units/s for the SU1, SU2, SU3, and SU4 con-

ditions, respectively. The rate of evidence accumulation was, therefore, dif-

ferent for each tested SU. The average saccadic latencies for the RC/TV model

were simulated with a constant accumulation rate of 60 units/s and a range

of possible threshold values from 1 to 50 units. Figure 2.4C shows that the

RSS for each fit plotted against the corresponding threshold value created

an exponential function. This model produced larger RSS values than the

RV/TC model and provided an unrealistic fit of the latency data since it did

not properly differentiate the influence of SUs on saccadic latencies (except

for the SU1 condition).

2.4 Interim discussion

In the present chapter, a simple oculomotor task was developed in which sub-

jects were cued about the level of spatial uncertainty related to the location of
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Fig. 2.4 Modelling the latency of VG saccades in Experiment 1. (A) Fit of
the Hick's model to the latency of VG saccades. Predicted latency plotted as
a function of the logarithm of the number of choices. (B) Residual sum of
squares ('RSS') of the comparison between the empirical data and the RV/TC
predictions. The plot was U-shaped with a variable minimum between SU
levels. (C) RSS of the comparison between the empirical data and the RC/TV
predictions. The RSS plot was exponentially shaped with an arbitrary fixed
minimum, identical in all SU levels. (D) RV/TC model. Fifty simulation trials
(light traces) per condition are displayed with the mean path for every con-
dition (dark lines). The horizontal line indicates the constant threshold. (E)
RC/TV model.

56 |



Interim discussion | 2.4

an incoming 'go' signal. Experiment 1 manipulated only the level of spatial

uncertainty. The duration of the foreperiod preceding the arrival of the 'go'

signal was constant throughout the experiment.

In Experiment 1, the latency of visually guided saccades logarithmically

increased with the amount of spatial surprise (see Fig. 2.4A), following Hick's

law ('HL' [158, 167], for review, see [297]). So far, evidence suggests that VG

saccades obey HL if there is a choice of a cued target amongst several alterna-

tives [205], but it is not observed if saccades are simply visually guided [194].

We found that HL robustly fitted the relationship between the average la-

tency of VG saccades and spatial surprise. This observation was unexpected,

given that there was only one choice for the final response (the single vi-

sual 'go' signal). Simply cueing surprise could have induced HL in saccadic

latencies. Therefore, we suggest that HL could be observed even if there

is no complex stimulus-response mapping but just expected (cued) surprise

in memory. We suggest that attentional competition between the potential

saccadic goals could lead to HL in VG saccades. Spatial theories of atten-

tion suggest that attention could be oriented towards a saccade goal before

movement onset. If several potential target positions are present simultane-

ously, then attention could be allocated in parallel to these different saccade

goals [137, 22]. Therefore, in Experiment 1 reported here, when the 'go' signal

appeared but before movement initiation, the non-selected attentional goals

could compete for attentional resources and should be suppressed. This pro-

cess could take more time if there are more potential goals (increasing cued

surprise) leading to an increasing saccadic latency and HL.

The maximal velocity ('Vmax') of VG saccades did not follow the same in-

creasing trend found for latencies (see Fig. 2.2B). In the oculomotor domain,

saccadic eye movements Vmax is considered as a reliable indicator of arousal

(for review, see [104, 106]). In agreement with this view, the strong influence

of the absence of spatial uncertainty on eye velocity was shown in the current

study (SU1 condition). We suggest that the 'no spatial uncertainty' condition

favoured anticipation due to an increased arousal level in the absence of un-

certainty. In contrast, the abrupt decrease in early responses observed for
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higher uncertainty values (SU2, SU3, SU4 conditions) could be a consequence

of a “do not bet on the unknown” strategy that reduces exploration [287]. In-

deed, not knowing precisely what could happen could activate behavioural

inhibition [14]. In the present study, the SU2, SU3, and SU4 conditions were

associated with uncertainty, while in the SU1 condition, the 'go' signal posi-

tion was fully determined. Vmax did not differentiate between the remaining

levels of spatial uncertainty (SU2, SU3, SU4 conditions). Different results for

latency and Vmax suggest that those measures could result from the work of

different neuronal mechanisms.

Besides the saccades resulting from the arrival of the ‘go’ signal, also the

early responses occurring during the foreperiod were tested. Interestingly,

the latency distribution of early saccades was bimodal (see Fig. 2.3A). We

suggest that 1st mode of this distribution consisted of impulsive saccades that

were evoked simply by the extinction of the WS. Around the middle of the

FP, when nothing was expected to happen on the screen, early saccades were

scarce. Finally, in 2nd mode the number of early saccades increased as time

elapsed during the FP, reaching the maximum around FP duration. This sug-

gests an increasing temporal expectation of the 'go' signal, perhaps due to

an increasing hazard rate of target onset [171]. Therefore, we argue that the

bimodality of the early saccade structure illustrates an important distinction

between types of saccades executed during the foreperiod. While 1st mode

impulsive saccades may, to a large extent, result from reduced inhibitory con-

trol, 2nd mode could represent truly intentional early responses driven by ex-

pectation - the anticipatory saccades.

The number of early saccades was alleviated in the situation of no spa-

tial uncertainty (SU1 condition, 0 bits, see Fig. 2.3B). Global motor inhibition

resulting from introducing any level of spatial uncertainty (SU2, SU3, SU4

conditions) could result in a reduced probability of early responses. This re-

duction was shown for 1st and 2nd mode early saccades, which could suggest

a strong top-down inhibitory process (see Fig. 2.3C and Fig. 2.3D).

An increase in arousal was also visible in the pupillary response. The
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strongest dilation was observed when no spatial uncertainty was cued to

subjects (see the SU1 condition in Fig. 2.2C). This finding is in agreement with

previously published observations about pupil size and uncertainty [131, 187,

4, 296, 202] (for review, see [403]). This experiment showed no gradual in-

crease in pupil size with spatial uncertainty, suggesting that the SU1 condi-

tion specifically increased arousal. The stronger impact of SU1 could also be

since the 'no spatial uncertainty' condition was globally less frequent than the

uncertain conditions considered together (SU1 condition, P = 0.25; {SU2, SU3,

SU4}, P = 0.75). Therefore, it cannot yet be excluded that arousal was related

to the probability density of the low uncertainty event.

Recently, a relationship between the pupil size and saccadic Vmax was

found [389, 70]. A subcortical mechanism involving the superior colliculus

('SC') could explain this relationship given its role in determining saccade

metrics and pupil size (for review, see [388, 389]).

One standard way to model decision processes in psychology is a ran-

dom walk to a threshold. This approach has encountered enormous success

in modelling multiple-choice tasks when there is a progressive accumulation

of sensory evidence [337, 302]. In the present study, there was no sensory evi-

dence accumulation during the FP and only one choice. Therefore, we used a

single threshold Poisson counting model that suggests that uncertainty could

be encoded by the rate of rise of a decision signal (RV/TC model, see Fig. 2.4B

and Fig. 2.4C). This simple model predicted observed saccadic latencies with

a variance accounted for (R2) of 0.09, which was higher than if a fixed thresh-

old with a variable rate was postulated (RC/TV model). The observation that

the RV/TC model yields HL is not in agreement with previous modelling

studies of HL, where a criterion adjustment was found to be more likely

[205, 372]. This difference could also be explained by the fact that there was

no choice among several alternatives in the experimental design used here.

In a context of cued surprise, HL could be observed even in a simple reaction

time experiment with a single stimulus-response alternative. We dissociated

surprise from complex stimulus-response mappings and nonetheless found

HL [95].
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In summary, Experiment 1 suggests two different processes involved in

saccade preparation in an uncertain context: one related to arousal that does

not obey HL (pupil size, Vmax, and early saccade occurrence) and the other re-

lated to cognitive information processing that obeys HL. We suggest that the

arousal-related process could be partly determined by SC activity, whereas

the second process could explicitly encode surprise and be cortically con-

trolled.

The second part of the chapter will report on Experiment 2. Here cued

spatial uncertainty was also used, but this time FP durations could vary be-

tween blocks of trials, taking one of four different durations (400, 900, 1400

or 1900 ms). Experiment 2 will demonstrate how the relationship between

oculomotor responses and spatial uncertainty established in Experiment 1 is

changed by introducing some form of temporal uncertainty. Chosen FP dura-

tions will allow the comparison of obtained results with previously published

studies [9, 166, 102].

2.5 Experiment 2: Methods

2.5.1 Subjects and Ethics

Twenty-seven subjects participated in the present study. Two subjects were

excluded due to extensive noise in oculomotor recordings. The final sam-

ple used in the analysis included 25 subjects (18 women; mean ± SD, age

24.2 ± 3.7 years). Subjects were between 18 and 65 years old, had no known

neurological or psychiatric diseases, did not take illegal psychoactive sub-

stances at least one day prior to the experiment, and had corrected to normal

vision, if necessary. Each subject was informed about the aim of the study,

signed an informed consent document regarding procedures, and was in-

formed about the possibility of withdrawing from the experiment at any time

without consequences. The study was carried out according to the Declara-

tion of Helsinki guidelines and approved by the local Ethics Committee of the

Université catholique de Louvain under number B403201733677 (Belgium).
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2.5.2 Experimental procedure

The design of the experiment was the same as in Experiment 1, with the ex-

ceptions listed below. Firstly, only the bright type of cue was used. The cue

boxes ('CB') were represented by filled white squares (see Fig. 2.5). Secondly,

a variable blocked foreperiod was introduced. FP could take one of the four

durations within each of the four blocks (each block including 120 trials): 400,

900, 1400, or 1900 ms. The order of blocks was randomised between subjects.

Each spatial cue (SU1, SU2, SU3, SU4) was randomly presented to the subject

30 times in each block, with 120 trials per cue.

Fig. 2.5 Schematic representation of the design in Experiment 2. Time-
line of visual events on the screen in front of the subject. The experiment
started with the fixation cross presented at the bottom of the screen. Next,
during the cue interval, while maintaining gaze on the fixation cross, sub-
jects were presented with a spatial cue (cue boxes or 'CB') on top of the screen.
CBs indicated the amount of expected uncertainty bound to the future posi-
tion of the target (SU1, SU2, SU3, or SU4). Next, four empty test boxes ('TB')
were presented to subjects, followed by the warning signal ('WS', the first red
square) briefly presented in the bottom box. The extinction of the WS initiated
a foreperiod ('FP'). In a given block of trials, the FP could take one of four
durations (400 ms, 900 ms, 1400 ms, 1900 ms). Then, the 'go' signal (the sec-
ond red square) was briefly presented in one of four TBs. Subjects were asked
to maintain their gaze on the fixation cross during the FP and then make a
visually guided saccade towards the 'go' signal as quickly as possible.
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2.5.3 Data collection and preprocessing

Data collection and preprocessing procedures matched those described in Ex-

periment 1. Only 15% of all the recorded trials were excluded in the artefact

rejection procedure. Early saccades were detected in 10% of all trials that

remained after rejection. Visually guided saccades ('VG') used in the final

analysis were detected in 78% of the trials remaining after rejection.

2.5.4 Statistical analysis

Firstly, to compare pupillary response to spatial uncertainty context in Exper-

iment 1 and Experiment 2, only data collected during the 1900 ms FP block

were used in the first part of the analysis. For this comparison, the analysis

interval was equal to FP duration (0 - 1900 ms after the WS offset). Secondly,

to illustrate the effect of FP duration on the pupillary response, the following

pairs of comparisons were planned: 900 ms - 1400 ms, 900 ms - 1900 ms, and

1400 ms - 1900 ms. The shortest duration of 400 ms was excluded from the

comparison, as it is too short for a proper development of the psycho-sensory

pupillary response ('PPR', see [238]). For chosen comparisons, the analysis in-

terval was equal to 0 - 900 ms after the WS offset, as the 900 ms represents the

shortest possible FP duration without the appearance of the 'go' signal for

those pairs.

The remaining statistical methods used match the ones described in Ex-

periment 1, with the exceptions listed below. As in Experiment 1, pupil size,

averaged from the window indicated by the CBPT, the number of early sac-

cades, the maximum velocity of the VG saccade ('Vmax'), and its latencies were

subjected to LMM analysis. In this experiment, the models used the follow-

ing predictors: 'FP' - the duration of the FP in the given block; 'SU' - the

level of expected spatial uncertainty. The following labelling of models was

used: the 'full' prefix indicated the model with all predictors. Models that in-

cluded only one predictor were labelled using its name. For example, 'SU.rs1'

denotes the model with SU as the only predictor and the random intercept

structure. The choice of random structures was based on the BIC values de-
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tailed in Table S2.2 and Table S2.6 of the Supplementary Materials. BIC was

first calculated from models of different random effect structures, calculated

using a REML method. Further, since more than one variable could influence

the outcomes in this experiment, the best data-predicting model was cho-

sen by re-fitting all comparable models using a maximum likelihood method

('ML'). Then, re-calculated BIC values were compared.

Finally, a mixture model analysis was used to test the multimodality of

early saccade distribution. However, as FP duration changed between exper-

imental blocks, the mixture analysis was conducted on early saccade distri-

bution from each block, separately.

2.6 Experiment 2: Results

2.6.1 Saccadic latency and velocity are differently affected by variable FP

Experiment 1 indicated that increasing spatial uncertainty alters visually guided

saccadic latency and Vmax. To test whether this effect is present in the vari-

able foreperiod task, LMM analyses were performed with FP duration as a

covariate.

As in Experiment 1, spatial uncertainty significantly modulated the la-

tency of saccades (SU.rs3 model, F[3, 7497.43] = 40.95, p < 2.22 × 10-1; see

Tab.S2.3). Pairwise comparisons showed that saccades had a shorter latency

in SU1 condition (mean ± SD, 207.4 ± 49.6 ms) compared to the SU2 (210.9

± 50.7 ms, p = 1.60 × 10-6), SU3 (215.9 ± 51.5 ms, p = 3.20 × 10-14), and SU4

conditions (217.0 ± 53.4 ms, p = 4.22 × 10-14). The SU2 condition evoked

shorter latency compared to the SU3 (p = 1.28 × 10-3) and SU4 conditions (p

= 6.31 × 10-7), but the comparison between the SU3 and SU4 conditions was

not significant (p = 0.361; see Fig. 2.6A).

Further, FP duration also modified the latency of VG saccades (FP.rs3
model, F[1, 23.52] = 24.88, p = 4.51 × 10-5; see Tab.S2.3). The latency of VG

saccades increased with FP duration (β = 0.017 ± 0.003). To better illustrate
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the effect, the difference in VG saccade latency between the 400 ms and 900

ms FP block was approximately 10 ms (see Fig. 2.6B). However, no interac-

tion between spatial uncertainty and FP duration was found for the latency

of VG saccades (full.rs3 model, p = 0.540; see Tab.S2.3).

Fig. 2.6 Latency and Vmax of VG saccades in Experiment 2. (A) Mean la-
tency of VG saccades (dots, EXP 2) for each SU with SE and 95%CI (whiskers).
Horizontal grey lines indicate post-hoc LMM significance between SU levels
(**** p ≤ 0.0001). Corresponding results of Experiment 1 added for a compar-
ison (EXP 1). (B) Latency of visually guided saccades plotted against FP du-
ration (LMM, coloured regression line) with SE (coloured ribbon). (C) Mean Vmax
of visually guided saccades for each SU level. (D) Vmax of visually guided
saccades plotted against FP duration.
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Next, to check whether saccadic latency obeys HL when a variable blocked

foreperiod was introduced in the task, a regression analysis identical to the

one included in the analysis of Experiment 1 was performed. Spatial uncer-

tainty was again expressed in bits as Shannon's surprise [331]. However, no

significant regression was found between Shannon's surprise and the latency

values (ANOVA, p = 0.051).

A corresponding LMM analysis was performed to test whether saccadic

Vmax was modulated by spatial uncertainty and FP duration. Results indi-

cated a weak effect of spatial uncertainty on Vmax (SU.rs3 model, F[3, 7673.47]

= 3.161, p = 0.024; see Tab.S2.4). However, pairwise comparisons showed that

there was a significant difference only between SU1 (mean ± SD, 355.8 ± 93.2

ms) and the SU2 condition (359.6 ± 97.9 ms, p = 0.018; see Fig. 2.6C). Further,

FP duration only marginally modified the Vmax of VG saccades (FP.rs3 model,

F[1, 23.94] = 5.60, p = 0.026; see Tab.S2.4). The Vmax of VG saccades decreased

with FP duration (β = 0.006 ± 0.002). The difference in Vmax between the 400

ms and 900 ms FP block was approximately 6°/s (see Fig. 2.6D). Finally, there

was no interaction between spatial uncertainty and the duration of the FP on

maximum velocity (full.rs3 model, p = 0.890; see Tab.S2.4).

2.6.2 Pupil dilation covaries with foreperiod duration

To test the influence of spatial uncertainty on the pupillary response and to

compare it with the results of Experiment 1, only the block of the longest pos-

sible FP (1900 ms) was included in the first part of the analysis. Observation

of pupil size as a function of time during the foreperiod suggests that pupil

dynamics up to 500 ms after the WS offset was probably related to luminance

changes only (see Fig. 2.7A). CBPT was conducted on the pupillary traces in

the 500 - 1900 ms window, but no significant pupil size modulation by spatial

uncertainty was found.

Further, to test the possible influence of FP duration on the pupillary re-

sponse (900 ms - 1400 ms and 900 ms - 1900 ms pairs), the window of 500

- 900 ms was chosen for the CBPT. Comparisons including 400-ms FP were
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excluded from the analysis as 400 ms duration is too short to develop a PPR.

A significant effect of FP duration was observed in the 500 - 900 ms window

(CBPT, Fmass = 273.35, pmass = 9.99 × 10-4, see Fig. 2.7B). Therefore, the pupil-

lary response was averaged within the chosen window for each subject and

trial. Then, a LMM was performed on the averaged data. The duration of

the foreperiod significantly modulated pupil size (F[3, 5362.33] = 9.10, p =

1.14 × 10-4). Specifically, pairwise comparisons showed that pupil size was

larger in the 900 ms duration block (mean ± SD z-score value; -0.11 ± 0.43)

compared to the 1900 ms block (-0.17 ± 0.42, p = 3.09 × 10-4). Furthermore,

pupil size in the 1400 ms block (-0.12 ± 0.40) was larger than in the 1900 ms

block (p = 0.002). The comparison between the 900 and 1400 ms blocks was

not significant (p = 0.923; see Fig. 2.7C).

2.6.3 The differential influence of foreperiod duration and spatial uncer-

tainty on early saccades.

Figure 2.8A shows the latency distribution of early saccades for each FP du-

ration, separately. A set of mixture models with different k, ranging between

1 and 5 was fitted to the early saccade distribution of each FP duration. For

all FP durations, the mix.2 model assuming the bimodal distribution of early

saccades fitted the data best (see Tab.S2.5 for details). The latency threshold

used to separate early saccades into two modes was established at the cross-

ing point between the two Gaussian components and was the same for all FP

durations (375 ms). Based on that threshold, early saccades were assigned to

1st (N = 349) and 2nd modes (N = 760, see Fig. 2.8B).

It was previously shown that 2nd mode saccades were more likely to oc-

cur as time elapsed during the FP. In the current study, a visual assessment of

the parameters of mixture components indicate that both the mean and the

standard deviation of 2nd mode increases with increasing FP duration (see

Fig. 2.8B). This increase is also demonstrated by comparing the trial-by-trial

latencies of early saccades in 1st and 2nd mode plotted against the increasing

FP length. Results showed an interaction of early saccade mode and FP du-
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Fig. 2.7 Pupillary response in Experiment 2. (A) Time course of pupil size
during the FP. Time 'zero' on the X-axis indicates the extinction of the warn-
ing signal. Coloured lines indicate baseline-corrected mean pupil size in dif-
ferent SU levels with SE (coloured ribbons). (B) Coloured lines indicate baseline-
corrected and z-scored mean pupil size in different FP durations. Horizontal
grey lines indicate clusters of differences between durations, together with p-
values obtained with the CBPT (** p ≤ 0.01, *** p ≤ 0.001, ns - not significant).
(C) Mean pupil size (dots) for 900 ms, 1400 ms, and 1900 ms conditions in the
time window of 500 - 900 ms with SE and 95%CI (whiskers). Horizontal grey
lines indicate post-hoc LMM significance between durations.

ration on early saccade latency (LMM, model full.rs1, F[1, 1031.98] = 366.28,

p < × 10-16, see Tab.S2.7). Post-hoc analysis indicated that only the latency
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Fig. 2.8 Latency distribution of early saccades in Experiment 2. (A) La-
tency distributions of early saccades (grey bars) for each FP duration. Time
'zero' on the X-axis indicates the onset of the FP. (B) Latency distribution of
early saccades. Mixture models (coloured density plots) added for each experi-
mental block. A bimodal distribution best describes the data. The black dashed
lines show the transition between modes and the threshold value for saccade
classification (375 ms, the same for all four FP blocks). Labels describe mean
(µ, coloured dashed lines) and standard deviation (σ) of each mode.

of 2nd mode saccades increased with FP duration (β = 0.61 ± 0.02, p < 2.22 ×
10-16,see Fig. 2.9A). The latency of 1st mode saccades were not changed by FP

length (p = 0.365).

Next, the duration of the foreperiod also significantly modulated the stan-

dard deviation of early saccade latency, but only for 2nd mode saccades. Re-

sults showed an interaction between mode of early saccades and FP duration

on latency SD (LM, F[1] = 34.68, p = 4.82 × 10-8, see Tab.S2.8). The standard

deviation of 2nd mode saccade latency increased with FP duration (β = 0.17 ±
0.02, p = 1.36 × 10-13, see Fig. 2.9B). The SD of 1st mode of saccadic latencies

was not modulated by FP length (p = 0.466).
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At the same time the absolute number of 2nd mode saccades did not sys-

tematically increase with FP duration. GLMM results indicated an interaction

effect between mode of early saccades and FP duration on saccade number

(model full.rs4, χ2[1] = 11.67, p = 6.34 × 10-4, see Tab.S2.9). Only the Inci-

dence Rate Ratio (‘IRR’) of 1st mode saccades decreased with FP duration (β

= -0.001 ± 0.0003, p = 4.82 × 10-4). It can be inferred that the occurrence of 1st

mode saccades was approximately 1.5 times more probable in a 400-ms FP

compared to the 900-ms FP block (see Fig. 2.9C). The rate of occurrence of 2nd

mode saccades was not modified by FP length (p = 0.612).

The Vmax of saccades was 21.2 ± 7.5°/s higher in 2nd mode (model mode.rs1,

F[1, 1015.27] = 8.04, p = 0.005, see Tab.S2.10) and an interaction effect between

mode and FP duration was detected (model full.rs1, F[1, 1015.91] = 6.94, p =

0.009). Only the Vmax of 2nd mode saccades was decreasing with increasing

FP duration (β = -0.02 ± 0.01, p = 0.027, see Fig. 2.9D).

Further, the amplitude of 1st and 2nd mode saccades was different (model

mode.rs1, F[1, 1013.92] = 18.95, p = 1.48 × 10-4, see Tab.S2.11). The amplitude

of 2nd mode saccades was on average 0.8 ± 0.2° higher than the amplitude of

1st mode saccades. However, no interaction between mode and FP duration

was detected (model full.rs1, p = 0.112).

A GLMM was performed to compare the number of early saccades for dif-

ferent SUs, including mode of saccadic latencies as a covariate. Spatial uncer-

tainty (SU.rs2 model, χ2[3] = 435.44, p < 2.22 × 10-16) significantly influenced

the IRR of early saccades. Pairwise comparisons showed that the occurrence

of early saccades was more likely in SU1 compared to the SU2 condition (IRR
± SE, 3.5 ± 0.3, p < 2.22 × 10-16), more likely in SU1 compared to the SU3 con-

dition (3.5 ± 0.3, p < 2.22 × 10-16), and more likely in SU1 compared to the

SU4 condition (4.5 ± 0.5, p < 2.22 × 10-16). However, there was no interaction

between spatial uncertainty and mode of early saccades (full.rs2 model, p =

480; see Tab.S2.12)

The Vmax of early saccades was influenced by the spatial uncertainty (SU.rs1
model, F[3, 1014.36] = 3.42, p = 0.017). Pairwise comparisons showed that the

| 69



2 | Chapter 2

Fig. 2.9 The characteristics of early saccades in Experiment 2. (A) Latency
of 1st and 2nd mode saccades plotted against FP duration. Coloured lines de-
scribe post-hoc LMM fits with SE (ribbons). (B) SD of 1st and 2nd mode saccade
latencies plotted against FP duration (coloured line) with SE (coloured ribbon).
(C) Incidence Rate Ratio (‘IRR’) of 1st and 2nd mode saccades plotted against
FP duration. Coloured lines describe post-hoc GLMM fits with CI (ribbons).
(D) Vmax of 1st and 2nd mode saccades plotted against FP duration.

Vmax of early saccades was 34.0 ± 10.6°/s higher in SU1 compared to the SU3

condition (p = 0.008). No interaction between spatial uncertainty and modal-

ity was found for the Vmax of early saccades (full.rs1 model, p = 0.150, see

Tab.S2.13).

The amplitude of early saccades was also influenced by the spatial uncer-

tainty (SU.rs1 model, F[3, 1015.08] = 37.81, p < 2.22 × 10-16). Pairwise com-
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parisons showed that the amplitude of early saccades was 1.5 ± 0.2° higher

in SU1 compared to the SU2 condition (p = 1.33 × 10-9), 2.4 ± 0.3° higher in

SU1 compared to the SU3 condition (p < 2.22 × 10-16), and 1.5 ± 0.3° higher in

SU1 compared to the SU4 condition (p = 8.16 × 10-7). No interaction between

spatial uncertainty and modality was found for amplitude of early saccades

(full.rs1 model, p = 0.147, see Tab.S2.14).

2.7 Discussion

The results of Experiment 1 suggested that, under spatial uncertainty, the

oculomotor response could be influenced by two processes: an arousal-related

one (pupil size, Vmax, and early saccade occurrence) and a cognitive-related

one (VG saccade latency). How did blocked temporal variability influence

the relationship between oculomotor responses and spatial uncertainty?

In Experiment 2, no interaction of spatial uncertainty with FP duration

was reported for the latency of VG saccades. Shortest latencies were ob-

served for shortest FPs (400 ms, see Fig. 2.6B). This result is in agreement with

the fixed foreperiod effect, where movement latency increases with FP duration

[33, 376, 216]. Crucially, however, the results of Experiment 2 demonstrated

that saccadic latency did not obey HL. This could indicate that introducing

blocked foreperiod variability could disrupt the relationship between cued

spatial uncertainty and the latency of movements. If the hypothesis of atten-

tion allocation could explain the logarithmic increase of latency with increas-

ing surprise, introducing temporal variability could disrupt this distribution

of attentional resources.

Interestingly, introducing implicit temporal uncertainty between blocks

of trials removed the effect of spatial uncertainty from Vmax (see Fig. 2.6C)

and pupillary results (see Fig. 2.7A). It could be hypothesised that due to a

more variable anticipation time, the SU1 condition was no longer favoured

by arousal. However, an interesting effect of FP duration was observed for

pupil size.
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upil dilation was higher for shorter FPs (see Fig. 2.7B and Fig. 2.7C). Given

that pupil dilation controls the amount of light that enters the eye and, there-

fore, the sensitivity of the visual system to detect stimuli [238], a stronger

pupil dilation in expectation of an event that is quickly approaching would

be optimal. This is also in agreement with Akdoğan et al. [2], who showed

that pupil dilates earlier when the attended target is expected sooner.

Mixture models were applied to the latency distribution of early saccades

also in Experiment 2. To provide a clear view of the mixture components,

whose structure could be time-dependent, the analysis was conducted for

each FP length, separately. Results indicated that a bimodal distribution early

responses was present for all FP durations. Although the mean latency of

1st mode saccades was similar across FP durations, the latency of 2nd mode

saccades increased with the elongation of the FP (see Fig. 2.9A). The stan-

dard deviation of 2nd mixture component also increased with FP duration

(see Fig. 2.9B). This illustrates that the rate of occurrence of 2nd mode sac-

cades gradually increased towards the time the expected ‘go’ stimulus and

further confirms the anticipatory character of those saccades. It may also indi-

cate that the precision of anticipation decreases with the duration of the FP,

which could suggest that anticipatory saccades may obey the scalar property
of variance. Interestingly, the absolute amount of anticipatory saccades was

not gradually increasing as the length of the FP increased (see Fig. 2.9C). The

fact that a prolonged waiting time does not simply lead to more anticipatory

attempts could further suggest that a cognitive strategy plays a role in the de-

ployment of 2nd mode saccades. Further, 2nd mode responses have generally

a larger amplitude and Vmax compared to 1st mode saccades. Unlike for 1st

mode, the Vmax and latency parameters of 2nd mode responses were altered

by FP duration.

Results indicate that 1st mode saccades were more frequent in the shorter

FP condition (400 ms, see Fig. 2.9C). The quickly approaching arrival of the

'go' signal could induce hasty movements and increase the occurrence of im-
pulsive saccades. Finally, the effect of spatial uncertainty on the number of 1st

and 2nd mode early responses was also observed in Experiment 2. As in Ex-

72 |



Discussion | 2.7

periment 1, most saccades were detected for the condition where there was

no spatial uncertainty (SU1 condition).

In summary, introducing a changing foreperiod duration between blocks

could have altered the allocation of attention. In Experiment 2, HL was not

observed on the latency of VG saccades. Temporal variability of the forepe-

riod could alter the arousal-related effects in the oculomotor system. In both

cases, the condition of 'no spatial uncertainty' was no longer preferred. In-

terestingly, in variable foreperiods the pupillary response could reflect the

temporally bound preparation of the visual system for the 'go' signal.
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3.1 Introduction

SENSORIMOTOR and cognitive preparation for an incoming event is based

on prior information about regularities in a given context [358, 241].

Previous research tested the influence of spatial [23, 138, 66] and tem-

poral uncertainty [368, 366, 355] on prediction, separately. However, percep-

tual events in everyday life are associated with combined expected spatial

and temporal uncertainties. Producing optimal behavioural responses could

mean we have to simultaneously manage more than one type of uncertainty

related to the incoming event [16]. Various sources of uncertainties could also

be merged and jointly affect behavioural responses (combined uncertainty).

The expectation could then be conceptualised as narrowing down the spatio-

temporal probability space of the future event [352].

In a visual discrimination experiment, an improved behavioural perfor-

mance due to temporal expectation was observed only in conditions where

the future location of the target was known and, therefore, totally predictable

[309]. In contrast, a more recent reaction time experiment did not show be-

havioural effects related to the combination of spatial attention and contex-

tual temporal expectation [356]. In this chapter, we hypothesise that two

types of uncertainty, spatial and temporal, could interact and have a different

impact during oculomotor preparation and saccade execution.

Given that the influence of elapsed time on motor preparation during the

FP occurs without subjects being informed about the temporal aspect of the

| 75



3 | Chapter 3

task, it could be qualified as being implicit in most foreperiod studies [9].

However, explicit visual cues could also be used to provide prior information

about the duration of the FP and to allow optimal allocation of attention to

the timing of the future event [102, 82, 144, 268, 311].

In Chapter 3, spatio-temporal uncertainty about the future 'go' signal will

be explicitly cued to subjects. A cue will provide the likely future position of

the target and a range of temporal variability related to the 'go' signal onset

time. The experiment will test the impact of both types of uncertainty on

oculomotor and pupil responses.

The following chapter describes the results of Experiment 3 and consists

of a paper published in Scientific Reports in 2024, adjusted to the structure of

the thesis. The official citation of the work is:

Boutachkourt, A., Drazyk, D., & Missal, M. (2024). Gazing into spatiotem-

poral 'known unknowns': The influence of uncertainty on pupil size and sac-

cadic eye movements. Scientific Reports, 14, Article 17509.

3.2 Methods

3.2.1 Subjects and Ethics

This study was conducted at the Université catholique de Louvain, Belgium.

Subjects were volunteers (18 - 65 years old) who had no known neurological

or psychiatric diseases, did not take illegal psychoactive substances at least

one day prior to the experiment, and had corrected to normal vision, if nec-

essary. Thirty subjects (16 women, mean ± SD, age 24.6 ± 8.1 years) provided

their informed written consent and participated in this study. Each subject

was informed about the aim of the study and the possibility of withdrawing

from the experiment at any time without consequences. All procedures were

carried out according to the Declaration of Helsinki guidelines and approved

by the Ethics Committee of the Université catholique de Louvain under num-

ber B403201733677 (Belgium).
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3.2.2 Experimental procedure

The present study is an oculomotor variant of the variable foreperiod task

[267] with spatial and temporal cues. Each trial started with the appearance

of a fixation dot at the bottom of the screen for 500 ms (see Fig. 3.1A). Next,

two types of cue appeared on the screen. A spatial cue consisted of three

empty cue circles regularly spaced from the left to the right side of the screen.

Each circle’s circumference could appear either red or white. If one circle was

red, the future position of the 'go' signal was certain, and, therefore, there

was no spatial uncertainty (condition 'SU1', see Fig. 3.1A). If two circles were

red, the future 'go' signal could appear at one of these two positions with the

same probability (increased spatial uncertainty, 'SU2'). Finally, when all three

circles were red, spatial uncertainty was maximal ('SU3'). A temporal cue

consisted of a star-like shape located at the bottom of the screen at the place of

the fixation dot. The star shape could have one of three different numbers of

branches. A star with 3 branches indicated that the 'go' signal could appear

after 1525 ms (23.33% of trials marked by this star), 1600 ms (53.33% of trials),

or 1675 ms (23.33% of trials; see Fig. 3.1B). This distribution assumed that the

FP would last on average 1600 ± 75 ms (mean ± SD) and defined a context

of minimal temporal uncertainty (condition 'TU1'; kurtosis = 2.14; referred to

as leptokurtic). The five-arm star cued a wider FP distribution: the 'go' signal

could appear after 1250 ms (25.55% of trials marked by this star), 1600 ms

(48.88% of trials), or after 1950 ms (25.55% of trials; 1600 ± 350 ms; condition

'TU2'; kurtosis = 1.96; mesokurtic). Finally, the nine-arm star shape indicated

a flatter distribution: the 'go' signal could occur after 975 ms (32.22% of trials

marked by this star), 1600 ms (35.55% of trials), or after 2225 ms (32.22% of

trials, 1600 ± 625 ms; condition 'TU3'; kurtosis = 1.55; platykurtic). Temporal

uncertainty increased as: TU1 → TU2 → TU3.

In summary, the increasing kurtosis of the distribution was cued to sub-

jects with an increasing number of branches of the star shape. Increasing the

kurtosis of the 'go' signal distribution increased temporal uncertainty. Dur-

ing each trial, subjects were asked to keep their gaze on the star shape while
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memorising the position of the red circles in the periphery. After 2000 ms, all

circles turned white, and the temporal cue was replaced with a fixation dot

for 500 ms. Next, a warning signal ('WS', a smiling face) appeared on top of

the fixation dot for 50 ms. The disappearance of the WS marked the begin-

ning of the foreperiod ('FP'). At the end of the FP, the 'go' signal (the same

smiling face) appeared in one of the circles that were previously labelled red.

The subjects' task was to make a saccadic eye movement towards the 'go' sig-

nal as quickly as possible. If saccadic latency was less than 400 ms, subjects

received positive feedback (a score point, indicated by the '+ 1' text on the

screen; see Fig. 3.1A).

The experiment consisted of nine unique spatial and temporal uncertainty

pairings (3 TU levels × 3 SU levels). Each pairing was repeated 30 times

in randomised order. Therefore, the test phase of the experiment consisted

of a total of 270 trials distributed between 9 blocks of equal length. After

each block, a short rest period was interleaved, and eye-tracker calibration

was performed. In order to maintain the motivation of subjects during the

experiment, a score point was granted for each saccade directed towards the

smiley and executed quickly enough. Furthermore, in 25% of the randomly

chosen trials, the 'go' signal did not appear at the end of the FP (referred to

as catch trials). Catch trails were used to maintain a high level of attention for

subjects. Subjects could still obtain a score point in catch trials by making a

saccade towards any placer with a latency < 400 ms.

The experimental session started with a set of training blocks. The first

stage consisted of 6 trials that familiarised subjects with the three spatial un-

certainty conditions (SU1, SU2, and SU3). During this training stage, FP du-

ration was kept constant (1600 ms). The second stage consisted of 150 tri-

als divided into three blocks, each block with one temporal cue. Only one

red circle (SU1 condition) was presented, and subjects focused on forming a

mapping between the star shape and the kurtosis of FP distribution. Finally,

the last stage consisted of 9 trials, with all cue pairings presented randomly

in different trials. A verbal explanation of the meaning of each cue preceded

each step of the training procedure. Subjects were informed that the red cir-
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cles provided information about the future location of the 'go' signal and that

the star shapes carried information about the expected timing of the 'go' sig-

nal. No explanation was provided about the exact shape of the distributions,

and subjects were not informed about the presence of catch trials.

3.2.3 Data collection and preprocessing

Data collection and preprocessing procedures matched the description for

Experiment 1. Only 9.5% of all recorded trials were excluded during the arte-

fact rejection procedure. The early saccades were detected in 13% of all trials

that remained after rejection. The VG saccades used in the final analysis were

detected in 54% of the trials that remained after rejection. The low number of

trials with a VG saccade is caused by the fact that the catch trials must have

been excluded from the final analysis.

3.2.4 Statistical analysis

The statistical methods used in the analysis match those described in Experi-

ment 2, with the exceptions listed below.

To compare pupillary response at different levels of spatial and temporal

uncertainty, the analysis interval of 0 - 975 ms after the WS offset was chosen.

This was the longest possible interval without the 'go' signal in all conditions

(see Fig. 3.1B).

As in Experiment 1, pupil size, averaged from the window indicated by

the CBPT, the number of early saccades, the maximum velocity of the VG

saccade ('Vmax'), and its latencies were subjected to mixed models analysis. In

this experiment, the models used the following predictors: 'TU' - the level of

expected temporal uncertainty; 'SU' - the level of expected spatial uncertainty.

The following labelling of models was used: the 'full' prefix indicated the

model with a maximal fixed effect structure. Models that included only one

predictor were labelled using the name of the predictor used (e.g., 'SU'). For

example, 'SU.rs1' denotes the model with SU as the only predictor and the
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Fig. 3.1 Schematic representation of the design in Experiment 3. (A) First,
subjects must gaze at a fixation dot at the bottom of the screen. Then they were
asked to maintain their gaze on the star shape (temporal cue) while memoris-
ing the position of the red circles (spatial cue). Next, a warning signal ('WS',
smiley face) was briefly displayed on the screen for 50 ms, starting the forepe-
riod ('FP'). At the end of the FP, the 'go' signal (smiley face) appeared at one
of the cued positions for 50 ms. Subjects were asked to make a saccade to-
wards the second smiley as quickly as possible. If the saccade was fast (< 400
ms), subjects received positive feedback ('+ 1'). (B) Foreperiod distributions
of three temporal uncertainty levels. The three-arm star ('TU1', leptokurtic) in-
dicated that the temporal uncertainty of the 'go' signal was low. The five-arm
star ('TU2', mesokurtic) indicated higher temporal uncertainty, whereas the
nine-arm star ('TU3', platykurtic) indicated maximal temporal uncertainty.
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random intercept structure. Full models with different random structures

were chosen using the REML method and the BIC values. For the results of

model selection, see Tab. S3.1 in the Supplementary Materials.

The LMM models used a Gaussian distribution to model the outcome. As

the distribution for the latency data excluding catch trials was right-skewed,

the saccadic latencies were logarithmically transformed before fitting (see

Tab. S3.1 in the Supplementary Materials section).

Finally, the bimodality of the early saccade distribution was tested. How-

ever, as FP duration changed between the conditions of the temporal un-

certainty in Experiment 3, the mixture analysis was conducted on the early

saccade distribution from each TU condition, separately.

3.3 Results

3.3.1 Saccadic latency but not velocity is affected by temporal uncertainty

After the appearance of the 'go' signal, subjects were required to make a sac-

cadic eye movement towards its spatial position as quickly as possible. To

test the influence of different levels of spatial ('SU') and temporal uncertainty

('TU') on saccadic latency, the LMM was applied. Despite the main effects

of SU and TU, no interaction between the spatial and temporal uncertain-

ties was found (p = 0.865; see full.rs1 model in Tab. S3.2). This indicates that

each type of uncertainty had an independent effect on the measured out-

come. Spatial uncertainty strongly influenced saccadic latency (F[2, 4155.10]

= 89.69, p < 2.22 × 10-16; see full.rs1 model in Tab. S3.2). Pairwise compar-

isons showed that latency increased significantly between the SU1 (mean ±
SD, 196.4 ± 50.8 ms) and SU2 conditions (209.6 ± 53.1 ms, p = 2.96 × 10-14),

the SU1 and SU3 conditions (219.2 ± 55.2 ms, p < 2.22 × 10-16), and the SU2

and SU3 conditions (p = 1.99 × 10-6; see Fig. 3.2A).

The results also showed a main effect of temporal uncertainty on saccadic

latency (F[2, 4154.43] = 74.20, p < 2.22 × 10-16; see full.rs1 model in Tab. S3.2).

| 81



3 | Chapter 3

Pairwise comparisons indicated that the latency of saccades increased signif-

icantly between the TU1 (mean ± SD, 200.2 ± 49.1 ms) and TU3 conditions

(221.8 ± 57.9 ms, p < 2.22 × 10-16), as well as between the TU2 (204.4 ± 52.1

ms) and TU3 conditions (p = 2.38 × 10-14; see Fig. 3.2B). Increasing temporal

uncertainty generally increased the latency of responses, but the effect was

not detected between the TU1 and TU2 conditions (p = 0.174).

Similarly, the Vmax of the eye during the saccade towards the 'go' signal

was modelled. Saccadic Vmax decreased together with increasing spatial un-

certainty (F[2, 4093.53] = 15.72, p = 1.59 × 10-7; see model SU.rs1 in Tab. S3.3).

Pairwise comparisons showed that Vmax decreased significantly between the

SU1 (mean ± SD, 381.8 ± 80.7°/s) and SU3 conditions (370.0 ± 87.4°/s, p =

6.84 × 10-8), as well as between the SU2 (376.9 ± 89.3°/s) and SU3 condi-

tions (p = 0.004). Further, there was no effect of temporal uncertainty (model

TU.rs1, p = 0.479). Finally, no interaction between the spatial and temporal

uncertainties was found (model full.rs1, p = 0.458; see Tab. S3.3). The Vmax of

the VG saccades was the largest when no spatial uncertainty was introduced

(SU1; see Fig. 3.2C) but remained independent of temporal uncertainty (see

Fig. 3.2D).

3.3.2 Only temporal uncertainty modulates pupil size during the foreperiod

The influence of temporal and spatial uncertainty on pupil size during the

foreperiod was also tested. Figure 3.3A depicts the impact of spatial uncer-

tainty, and Fig. 3.3B presents the influence of temporal uncertainty on the

pupillary response. In both cases, the time course of pupil size suggests that

the pupil dynamics during the first 500 ms were probably related to changes

in luminance caused by the offset of the WS [238]. This 0 - 500 ms interval

was therefore excluded from the CBPT analysis. A modulation of pupil size

by spatial uncertainty was detected in the 500 - 950 ms range (Fmass = 117.20;

pmass = 9.99 × 10-4; see Fig. 3.3A). Therefore, data from that interval were

averaged on a trial-by-trial basis. The LMM model of the averaged data indi-

cated that the difference in pupil size for different levels of SU was too small
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Fig. 3.2 Latency and Vmax of VG saccades in Experiment 3 (A) Average la-
tency of VG saccades (dot) for different levels of spatial uncertainty. Whiskers
represent SE and 95%CI. Horizontal grey lines indicate post-hoc significance
between levels (* p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, **** p ≤ 0.0001, ns - not
significant). (B) Average latency of VG saccades for different levels of tem-
poral uncertainty. (C) Average Vmax of the VG saccades for different levels of
spatial uncertainty. (D) Average Vmax of the VG saccades for different levels
of temporal uncertainty.

to reach statistical significance (p = 0.173).

A significant modulation of pupil size by temporal uncertainty was found

during a period from 500 to 950 ms after WS offset (CBPT; Fmass = 361.39; pmass
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= 9.99 × 10-4; see Fig. 3.3B). Data was then averaged within the chosen time

interval on the trial-by-trial basis. The LMM analysis indicated a significant

main effect of temporal uncertainty (F[2, 4248.49] = 10.11, p = 4.16 × 10-5).

Pairwise comparisons showed that pupil size was larger in TU3 (0.00 ± 0.81)

compared to the TU2 (-0.09 ± 0.80, p = 0.008) and TU1 conditions (-0.13 ±
0.80, p = 3.02 × 10-5). This indicated that the pupillary response encoded

only temporal uncertainty about the future 'go' signal during the FP.

Fig. 3.3 Pupillary response in Experiment 3 (A) Time course of pupil size
during the FP. Time 'zero' on the X-axis indicates the extinction of the WS.
Coloured lines indicate the baseline-corrected and z-scored mean pupil size in
different SU levels. The horizontal grey line indicates the cluster of significance
detected by CBPT (*** p ≤ 0.001). (B) Time course of pupil size during the FP
for different TU levels.

3.3.3 Spatial uncertainty reduces the total number of anticipatory saccades

Early saccades were also observed in the present experiment. A set of mixture

models with different k, ranging between 1 and 5 was fitted to the early sac-

cade distribution of each FP duration. For all FP durations, the mix.2 model

assuming the bimodal distribution of early saccades was best fitted to the

data (see Tab. S3.4 for details). The latency threshold used to separate early
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saccades into two modes was established at the crossing point between the

two Gaussian components, different for each TU condition: 975 ms for TU1;

675 ms for TU2; 500 ms for TU3. Based on those thresholds, early saccades

detected for each of the TU conditions were assigned to 1st (N = 233) and 2nd

modes (N = 860, see Fig. 3.4A). Figure 3.4B shows the latency distribution of

early saccades for each TU condition, and for each SU context, separately.

Visual assessment of the parameters of mixture components showed that

the mean of 2nd mode was stable across TU conditions, but the SD increased

with temporal uncertainty (see Fig. 3.4A). The LMM of the trial-by-trial la-

tencies confirmed the lack of significant differences between TU conditions

(p = 0.087). However, the LM results indicated that temporal uncertainty

significantly modulated the standard deviation of 2nd mode saccade latency

(F[2, 71] = 58.44, p = 9.93 × 10-16). Pairwise comparisons showed the SD was

higher for the TU1 compared with the TU2 (p = 0.005), and with the TU3 con-

dition (p < 2.22 × 10-16). The significant difference was detected also between

TU2 and TU3 conditions (p = 2.93 × 10-9).

In order to quantitatively compare the number of 1st mode responses for

different levels of spatial and temporal uncertainty, a GLMM was performed.

Results indicated that neither SU (p = 0.484; see SU.rs1 model in Tab. S3.5)

nor TU (p = 0.084; see TU.rs1 model in Tab. S3.5) did influence the number

of 1st mode saccades. There was also no interaction between variables (p =

0.756; see full.rs1 model in Tab. S3.5).

The same test was performed on the number of 2nd mode saccades. First,

results showed the influence of SU on the number of 2nd mode saccades

(GLMM, χ2[2] = 30.90, p = 1.95 × 10-7; see SU.rs1 model in Tab. S3.6). The

occurrence of 2nd mode saccades was more likely in SU1 compared to the

SU2 condition (IRR ± SE, 1.3 ± 0.1, p = 6.45 × 10-4) and more likely in SU1

compared to the SU3 condition (1.6 ± 0.1, p = 3.50 × 10-7). The comparison

between SU2 and SU3 conditions was not significant (p = 0.223, see Fig. 3.5A).

Secondly, results indicated that TU influenced the number of 2nd mode

saccades (GLMM, χ2[2] = 9.98, p = 0.007; see TU.rs1 model in Tab. S3.6).
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Pairwise comparisons showed that the occurrence of the saccades was less

likely in TU1 compared to the TU3 condition (IRR ± SE, 0.8 ± 0.1, p = 0.005).

However, the comparison between TU1 and TU2 conditions (p = 0.107), as

well as between TU2 and TU3 conditions (p = 0.495) were not significant (see

Fig. 3.5B).

Fig. 3.4 Latency of early saccades in Experiment 3. (A) Latency distribu-
tion of early saccades (grey bars) and mixture models (coloured density plots)
added for each TU. Time 'zero' on the X-axis indicates the onset of the FP. A
bimodal distribution best describes the data. The black dashed lines show the
transition between modes and the threshold value for saccade classification
(different for each TU level). Labels describe mean (µ, coloured dashed lines)
and standard deviation (σ) of each mode. (B) Latency distributions of early
saccades for different SU and TU levels.
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Fig. 3.5 Occurrence of early saccades in Experiment 3. (A) The Incidence
Rate Ratio (‘IRR’) of 2nd mode saccades for each SU level (coloured dots) with
CI (whiskers). Horizontal grey lines indicate the level of GLMM statistical sig-
nificance between SU levels (** p ≤ 0.01, **** p ≤ 0.0001, ns - not significant).
(B) The IRR of 2nd mode saccades for each TU level.

3.4 Discussion

In this chapter, we tested the possibility of the combined influence of cued

spatial ('SU') and temporal uncertainty ('TU') on the oculomotor response.

We hypothesised that these two types of uncertainty could interact and have

a different impact during movement preparation and execution.

We found that during the FP, pupil dilation was significantly modulated

only by temporal uncertainty and maximal for the higher level of TU (see

Fig. 3.3B). First, this observation suggests that subjects retrieved the associa-

tion between the star-shaped cue and the probability distribution of the 'go'

signal from memory [218]. Secondly, previous studies in decision-making

indicated that increased pupil dilation could be evoked by higher cued un-

certainty ([320, 131, 96] but see [67]) and higher expected task difficulty [169].

In the current study, greater difficulty in predicting the onset of the 'go' signal

could be associated with the TU3 condition, therefore causing a larger pupil
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dilation. Shalev and Nobre also observed an increase in pupil size in antici-

pation of an event with high temporal variability [330]. It was interpreted as

an adaptation of the level of arousal to the experimental context where the

duration of inter-stimulus intervals was either fixed or variable.

However, a more parsimonious interpretation would be to suggest that

subjects prepare for the earliest possible appearance of the 'go' signal. This

interpretation is supported by the results of Experiment 2 and the findings of

Akdoğan et al. [2]. Given that pupil dilation controls the amount of light that

enters the eye and, therefore, the sensitivity of the visual system to detect

stimuli [238], a stronger pupil dilation could be achieved in anticipation of

an event that could appear earlier. Indeed, the temporal cue did not provide

information about the exact FP duration but only informed about its kurtosis.

Given that the TU3 cue indicated that the 'go' signal could appear as early as

975 ms after WS offset (see Fig. 3.1), a significant increase in pupil size early

into the FP could occur.

At the end of the variable foreperiod, the 'go' signal evoked saccadic eye

movement. We found that the latency of these VG saccades increased with

increasing spatial (see Fig. 3.2A) and temporal uncertainty (see Fig. 3.2B).

However, no statistical interaction between the SU and TU was detected. This

independence of temporal and spatial expectations is in contrast to what was

suggested by Rohenkohl et al. [309]. However, this could be related to the use

of a simple reaction time task in the present study [356]. Indeed, the potential

spatio-temporal interaction could depend on the task at hand and not occur

in simple reaction time tasks [379, 393].

Furthermore, spatial uncertainty (but not temporal uncertainty) affected

Vmax (see Fig. 3.2C and Fig. 3.2D). Saccadic velocity was previously reported

to change under the influence of mental fatigue [17], arousal [104, 106], re-

ward [233, 257], intrinsic value [148], and economic utility of the stimulus

[329]. Here, we show that it could covariate with spatial but not temporal

uncertainty. It could be suggested that during movement execution, tempo-

ral information was no longer relevant. Indeed, temporal information could
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be crucial when the timing of the movement is being prepared and manifests

itself via changes in movement latency. However, there was no constraint to

precisely time the saccade to the position where the target was briefly pre-

sented. Therefore, temporal information was not relevant to gaze at the final

position of the 'go' signal. The position of the 'go' signal could be represented

in the premotor map, which is located in the deeper layers of the superior col-

liculus ('SC'). It has been shown that spatial uncertainty could alter the rep-

resentation of the saccade goal on this collicular map [29] and that saccadic

Vmax could be modulated by variation of neural activity in the SC [398, 339].

Therefore, we suggest that spatial uncertainty could alter Vmax by modulating

neural activity at the locus of SC activation.

It should also be noted that the lack of the effect of temporal uncertainty

on the Vmax in this experiment could be related to the results from Exper-

iment 2. The presence of a cued spatial uncertainty effect on Vmax in both

experiments is not accompanied by temporal uncertainty modulation. This

is true for the variable blocked FP in Experiment 2 and the cued temporal

uncertainty in the current experiment.

As different TU levels implied different distributions of FP duration, mix-

ture models were applied to each of the TU conditions, separately. For each

TU, the distribution of early saccades latency was bimodal, consisting of 1st

mode (impulsive) and 2nd mode (anticipatory) saccades. The mean of 2nd mix-

ture component remained constant, as was the mean of the distributions used

in different temporal uncertainty conditions. However, the standard devia-

tion of 2nd mode increased together with the temporal uncertainty, illustrat-

ing the changes in kurtosis of FP duration distribution between conditions

(see Fig. 3.1B).

A detailed analysis of the number of 1st mode saccades did not show an

effect of spatial or temporal uncertainty. Both those effects were previously

observed in Experiment 2. Perhaps, as for pupil size, introducing explicit

temporal uncertainty weakened the influence of spatial uncertainty on im-

pulsive saccades. As for the previously reported effect of FP duration, it could
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be possible that the shortest FP duration in this task (975 ms, TU3 condition)

was too long to invoke the time pressure, as the 400 ms FP did in Experiment

2. As a consequence, no increased susceptibility to impulsive saccades in the

TU3 condition was demonstrated in the current analysis.

As in both previous experiments, introducing levels of spatial uncertainty

(SU2 and SU3) lowered the amount of 2nd mode saccades as compared with

the no spatial uncertainty condition (SU1). This could be again related to

the increased global motor inhibition evoked by the uncertain location infor-

mation. Interestingly, also the effect of temporal uncertainty on the absolute

amount of the anticipatory saccades was present in this task, however small.

Anticipatory saccades were more frequent in TU3 compared to TU1 condi-

tions. This could not be attributed to the difference in the summed length of

the FP in each TU condition, as this was the same for all temporal uncertainty

levels (see Fig. 3.1B). The direction of the effect also differs from the spatial

uncertainty modulation, as the more temporally uncertain condition evokes

more frequent anticipatory saccades. When the most frequent ‘go’ signal ar-

rival time (1600 ms) has a reduced share in the overall FP distribution (as it

is in TU3 compared to TU2 and TU1 conditions, see Fig. 3.1B), more attempts

to anticipate the ‘go’ signal at 1600 ms turns out to be inaccurate.

To sum up, only temporal uncertainty modulated pupil size during target

expectation. After the 'go' signal appeared, saccadic latency increased with

both uncertainties. However, movement execution was affected only by spa-

tial uncertainty. We suggest that the most relevant information could be pri-

oritized at different steps during the task. Indeed, temporal preparation was

more relevant during the FP, and spatial uncertainty had no significant effect.

This could explain the discrepancy with the results of Experiment 1, where an

influence of spatial uncertainty on pupil dilation was observed in a context

without temporal uncertainty. Spatial uncertainty was downplayed during

the FP, but the cue could have been stored in working memory. After the

appearance of the 'go' signal but before the saccade onset, a lingering tempo-

ral expectation and a (now) relevant spatial uncertainty probably added their

effects, altering saccadic latency.
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4.1 Introduction

SUCCESSFULLY processing temporal uncertainty associated with a fu-

ture event is essential to prepare an appropriate behavioural response.

However, the timing of a movement is affected by at least two sources

of uncertainty: the intrinsic temporal stochasticity of the stimulus (referred to

as stimulus-bound or objective uncertainty) and the uncertainty about one's es-

timation of its timing (subjective uncertainty).

Before the 'go' signal, temporal preparation increases and reduces move-

ment latency (e.g., keypress reaction time or eye movement latency). This

process could rely on an estimation of the hazard rate ('HR') of the 'go' sig-

nal, which is defined as the conditional probability that an event will appear

given that it has not yet appeared [267, 220, 368, 269, 382, 383, 155, 366, 318].

Mathematically, the HR increases rapidly during the foreperiod ('FP') and

reaches a maximum at the time of the longer 'go' signal. Therefore, move-

ment latency should be shorter when the HR reaches that maximum. The

subjective variant of the HR hypothesis further suggests that the inner repre-

sentation of future events could be 'blurred' [143, 142, 173, 280].

Indeed, estimating the timing of a distant future event is more error-prone

(or variable) than estimating a closer one. This could be modelled by con-

volving the objective probability distribution of the 'go' signal with a vari-

able Gaussian kernel, whose variance linearly increases with elapsed time

[173, 283, 155] or equivalent procedure [100]. Subjective uncertainty about
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the precise timing of a future event could explain why latency variability

increases as the delay between the warning and 'go' signals increases. This

phenomenon is probably a particular instantiation of the scalar property of vari-
ance, which describes how temporal perception becomes more variable as the

duration to be estimated becomes longer [134, 128, 392].

An alternative hypothesis to HR suggests that under certain circumstances

(e.g., absence of reward), instead of performing a complex computation of

HR, the brain could instead use an internal representation of the probabil-

ity density function ('PDF') of the 'go' signal to plan a motor response. This

approach to temporal expectation is called the PDF hypothesis. Where the

PDF is maximum (peak value for a symmetrical function), movement latency

should be minimum given the higher number of 'go' signals experienced by

the subject at that time. Event timings infrequently experienced on the sides

of the PDF should evoke longer latencies, and an inverted U distribution of

reaction times should be observed [143, 142]. The PDF hypothesis further

suggests a form of probabilistic blurring where the size of the blurring ker-

nel does not increase linearly with time but is a function of the probability

distribution of the 'go' signal. If a Gaussian-shaped distribution of 'go' signal

timing is used, then movement timing variability should be minimal around

the mean value and increase on both sides of the distribution. Lastly, un-

like the HR and the PDF hypotheses, the formalised Multiple Trace Theory

of Temporal Preparation ('fMTP') suggests that a representation of 'go' signal

timing could emerge by classical associative learning without the need for

sophisticated probability computations [214, 318]. In fMTP, a memory trace

of previously experienced timings guides future behaviour. For instance, a

shorter FP duration during trial 'n-1' than during the current trial 'n' will be

associated with a relatively shorter movement latency. This model explicitly

represents temporal blurring by a smearing factor 'k'. This aspect of fMTP is

functionally equivalent to a convolution with a Gaussian kernel.

The neural representation of temporal uncertainty is still largely unknown,

but the contingent negative variation ('CNV') could be a candidate EEG po-

tential. The CNV negative amplitude increases around the time of the ex-
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pected appearance of an event [295] or towards the end of a previously learned

event duration [291, 226]. Therefore, the slope of the CNV was believed to en-

code elapsed time, reflecting an accumulation of hypothetical clock 'pulses'

as the interval to be estimated progressively elapses [291, 114, 275]. However,

compelling evidence indicates that the 'ramping' CNV activity probably re-

flects motor preparation, event anticipation [190, 191, 11, 91], and decision-

making processes [42] that are inevitably dependent on the time keeping.

These functions could serve the common goal of adjusting the brain excitabil-

ity to optimally prepare for the processing of information associated with the

upcoming event (for review, see [189]). Based on the assumption that the

CNV peaks at the expected arrival of the 'go' signal, its amplitude or slope

should differentiate between the shorter and longer 'go' signal timings.

Experiment 4 consisted of a simple oculomotor foreperiod task where the

timing of the 'go' signal could be constant (condition 'B') or vary according

to a Gaussian-shaped distribution (condition 'U'). The aim of Chapter 4 was

to present the results from Experiment 4 in light of the above-mentioned

hypotheses of temporal blurring, hazard rate, and fMTP. This chapter will,

therefore, focus mainly on the results related to the latency of VG saccades.

Chapter 4 consists of a paper published in eNeuro in 2023, adjusted to the

structure of the thesis. The official citation of the work is:

Drazyk, D., & Missal, M. (2023). How Does Temporal Blurring Alter Move-

ment Timing? eNeuro, 10(9), Article ENEURO.0496-22.2023.

Results related to the neuronal representation of temporal uncertainty

and early saccades were added during the preparation of thesis manuscript.

4.2 Methods

4.2.1 Subjects and Ethics

The present study was conducted at the Université catholique de Louvain.

Subjects were volunteers (18 - 65 years old) who had no known neurological

| 93



4 | Chapter 4

or psychiatric diseases, did not take illegal psychoactive substances at least

one day prior to the experiment, and had corrected to normal vision, if nec-

essary. Subjects had corrected to normal vision if necessary. Three subjects

were excluded from the study due to an obvious misunderstanding of the

task or extensive noise in the oculomotor signal. This resulted in 42 subjects

included in the analysis (23 women, mean ± SD, age 26.5 ± 4.3 years). Forty

subjects from the original group of volunteers were additionally tested with

EEG. One subject was excluded from the study due to the extensive noise in

the EEG signal. This resulted in 39 subjects included in the final EEG analysis

(age 26.6 ± 4.4 years, 21 women).

Each subject was informed about the aim of the study, signed an informed

consent document regarding procedures, and was informed about the possi-

bility of withdrawing from the experiment at any time without consequences.

All procedures were carried out according to the Declaration of Helsinki

guidelines and approved by the Ethics Committee of the Université catholique

de Louvain under number B403201733677 (Belgium).

4.2.2 Experimental procedure

The present study is an oculomotor variant of the variable foreperiod task

[267] with implicit temporal uncertainty. Each trial started with the appear-

ance of two white boxes (3 × 3° visual angle each; see Fig. 4.1A). One box was

located in the centre of the screen (central box), and the second was located

to the left or the right (eccentric box, eccentricity 9.5° of visual angle from the

central box) with the same probability (P = 0.5). These boxes were used to

exclude the potentially confounding effects of spatial uncertainty about the

future position of the 'go' signal. Subjects were initially required to maintain

visual fixation of the central box for 1100 ms. Afterward, an abstract non-

informative shape was displayed in the central box for 2000 ms (referred to

as the 'pre-FP' interval). This pre-FP interval was introduced to potentially

use the same task with an explicit timing cue, however, the idea was dis-

continued in later research. Next, the warning signal ('WS', first red square;
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see Fig. 4.1A) was displayed in the central box for 50 ms. After a variable

foreperiod ('FP'), lasting between 1250 and 2750 ms, the 'go' signal (second

red square; see Fig. 4.1A) was displayed in the eccentric box for 50 ms. Sub-

jects were instructed to maintain their gaze on the central box during the

pre-FP and FP intervals and, then, initiate a visually guided saccade towards

the IS as quickly as possible. The trials ended with an inter-trial interval ('ITI')

of randomised duration (1050 ± 400 ms).

In each block of trials, the average duration of the FP was either 1600 ms

(short) or 2400 ms (long), collectively referred to as 'anchor'. For each anchor,

two blocks of 100 trials each were displayed: first, a block of trials with a

constant FP duration referred to as the 'baseline' distribution (referred to as

'B', estimated technical jitter ≈ 5 ms); second, a block of trials drawn from a

distribution composed of the same anchor durations (1600 or 2400 ms) but

with increased temporal uncertainty (referred to as 'U', σ = 120 ms). The

rationale for using two different anchor durations was to test the 'temporal

blurring' hypothesis. This hypothesis suggests that the variance of tempo-

ral estimations should increase with elapsed time (scalar expectancy [134]).

The U distributions were obtained by convolving anchors with a Gaussian-

shaped distribution (see Fig. 4.1B). Figure 4.1D shows the distributions B

and U for short and long anchors and their hazard rate ('HR'). To compute

the survival rate, later used in the computation of the HR, the conditional

cumulative distribution function ('CDF') was used as defined by Salet et al.

[318]. The HR function of the B distribution is composed of a single peak.

The HR function of the U distribution has two separated maxima: one local

maximum around the anchor value and another for the longer FP (HR = 1).

In summary, there were four different blocks of trials (mean ± SD): Bshort

(anchor = 1600 ± 5 ms), Ushort (anchor = 1600 ± 120 ms), Blong (anchor = 2400

± 5 ms), and Ulong (anchor = 2400 ± 120 ms; see Fig. 4.1D). A block of B

trials was always first collected with anchors being either 1600 ms or 2400

ms. This block was followed by the corresponding U block of trials. The

sequence was then repeated with the other anchor. As an example, if the

anchor in the first B block was 2400 ms (Blong), it was followed by a U block
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of trials with the same anchor duration (2400 ms or Ulong). Next, a block of B

trials with the other anchor duration (in this example, 1600 ms or Bshort) was

presented, followed by the corresponding U block of trials (1600 ms or Ushort).

This design was used to minimise carry-over effects. Indeed, experiencing U

before B would change latencies in response to B that would no longer be

a baseline [217, 218, 87]. This carry-over effect could persist even a week

after changing the probability distribution of the FP [242]. Pairs of blocks of

different anchors were presented in random order, counterbalanced between

subjects.

4.2.3 Data collection and preprocessing

Data collection and preprocessing procedures matched those described in Ex-

periment 1. Only 5% of all the recorded trials were excluded during the arte-

fact rejection procedure. The early saccades were detected in 22% of all trials

that remained after artefact rejection. The VG saccades used in the final anal-

ysis were detected in 73% of the trials that remained after artefact rejection.

Electrophysiological signals were continuously recorded using an ASA-

LAB EEG system; Advanced Neuro Technologies, Enschede, The Nether-

lands) and a 64-channel cap (Waveguard; Advanced Neuro Technologies)

with active Ag/AgCl electrodes ordered according to the international 10-

20 system. Signal recording was conducted at a 1000 Hz rate and grounded

at the forehead ('Fpz' electrode). The continuous EEG recordings were pre-

processed using BrainVision Analyzer 2.0 (Brain Products, Gilching) in the

following steps. Datasets were downsampled to 500 Hz and filtered using

a Butterworth zero-phase filter (2nd order) ranging from 0.1 to 40 Hz. Noisy

electrodes were interpolated if needed (spline 4th order interpolation, mean ±
SD electrodes per subject, 1.5 ± 1.6). Data were then re-referenced to the aver-

age of the whole scalp. To highlight blinking artefacts, a new 'VEOG' channel

was created using frontal electrodes 'Fp1' and 'Fp2', VEOG = Fp1 − Fp2.

Then, the blinks were removed from the EEG signal with independent com-

ponent analysis ('ICA'). Components were detected using the VEOG channel
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Fig. 4.1 Schematic representation of the design in Experiment 4. (A) First,
two square boxes appeared with a fixation cross in the central one. The loca-
tion of the eccentric box was randomly assigned to the left or the right of the
central one with the same probability. Then, a non-informative visual stimulus
appeared in the central box for 2000 ms (pre-foreperiod or 'pre-FP' interval),
followed by another 1100 ms fixation period. Subsequently, the warning sig-
nal ('WS') was briefly presented in the central box (the first red square). The
appearance of the WS initiated the FP until the 'go' signal appeared in the
eccentric box (the second red square). The arrow illustrates the direction of
the correct saccade executed after the 'go' signal appears at the end of the
trial. (B) The high uncertainty U distribution was a composite obtained by
convolving the anchor duration with a Gaussian kernel. (C) Data collection
started with either the 'short' or 'long' anchor duration (counterbalanced be-
tween subjects). For a given anchor duration, two blocks of 100 trials each
were collected: first, a baseline condition ('B') consisting of only one dura-
tion; second, a block of trials drawn from the uncertain distribution ('U'). The
number of trials per condition is included in the round brackets. (D) Distri-
butions of short anchors (left panel) and long anchors (right panel), grouped in
50 ms bins. Coloured traces represent the B and U hazard functions.
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and removed based on their scalp topography and the time course of the EEG

data. The remaining EEG data were further manipulated using MATLAB

software (version 2019a) with FieldTrip Toolbox [276]. Data were segmented

at 200 ms pre-FP onset to 2750 ms post-FP onset. The 200 ms pre-FP inter-

val was used for the baseline correction. The remaining muscle and tech-

nical artefacts were removed using a semi-automatic procedure. Rejected

segments included the absolute voltage smaller than 0.5 µV or the voltage

fluctuation by more than 200 µV within an interval of 200 ms. This proce-

dure resulted in rejecting 3 ± 4% trials on average (range between subjects

0 - 19%). The average number of trials remaining per subject was 386.0 ±
17.2. Further, all trials including a premature saccade were removed from the

EEG data. Saccadic activity has been shown to cause significant artefacts in

electroencephalographic data, especially on frontal electrodes. Removing tri-

als that included saccades resulted in rejecting 6 ± 7% trials remaining after

artefact rejection (range between subjects 0 - 28%). The average number of

trials remaining per subject was 365.2 ± 34.8.

4.2.4 Statistical analysis

The statistical methods used in this analysis match those described in Exper-

iment 2, with the exceptions described below.

For the pupil size comparison between the Bshort and Ushort conditions,

the analysis interval was initiated by the offset of the WS and lasted for 1250

ms until the time point of the shortest possible FP duration in the short an-

chor. Similarly, for the comparison between the Blong and Ulong conditions,

the analysis interval was initiated by the offset of the WS and lasted 2050 ms.

Next, regarding the early saccades, the bimodality of the saccade distribution

was tested using the mixture analysis on each of the anchors, separately.

Further, following the approach of Grabenhorst et al. [143], three in-

stances of the hazard rate function were fitted as potential data predictors:

• the classic HR function ('HRclas'; see Fig. 4.1D) presents a general in-
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creasing trend with increasing duration of the FPn, including a local

peak around the anchor duration;

• the mirrored HR function ('HRmir') that is HRclas mirrored around its

mean. The HRmir shows a general decreasing trend with increasing

duration of the FPn, including a local minimum around the anchor du-

ration;

• the reciprocal HR ('HRrec') takes the reciprocal of HRclas ( 1
HRclas

). The

HRrec presents an abruptly decreasing trend with increasing FP dura-

tion, including a negligible local minimum around the anchor duration.

As in Experiment 1, VG saccadic latencies were subjected to LMM anal-

ysis. The choice of random structures was based on the BIC values detailed

in Table S4.1 of the Supplementary Materials. In this experiment, the models

used the following predictors: 'FPn' - the duration of the foreperiod in the

given trial n; 'FPn−1' - the duration of the foreperiod in the previous trial n-1;

'seq' - the difference between the duration of the current and the previously

displayed FP (FPn - FPn−1); 'HRclas'; 'HRmir'; 'HRrec'. The following labelling

of models was used: the 'full' prefix indicated the model with a maximal fixed

effect structure. Models that included only one predictor were labelled using

the name of the predictor used (e.g., 'FPn'). For example, 'FPn.rs1' denotes the

model with FPn as the only predictor and the random intercept structure.

Besides the LMM analyses conducted on a trial-by-trial basis, a simple

linear model ('LM') was used to test specific predictions of the HR, PDF, and

fMTP hypotheses. This time, the dataset was averaged between the subjects

and the durations of the FP. Three variants of the HR hypothesis were fitted

to the latency data (HRclas, HRmir, HRrec). The classical HR presented the best

fit and was included in the Results section. Furthermore, the relationship be-

tween the variance of the latency and the FPn duration was tested using the

slope analysis proposed by Ivry and Hazeltine [171] (see also [293, 9]). The

slope analysis was used to estimate Weber's fraction k, with the assumption

that the variability of the subjective time estimation is a constant fraction of

the estimated time. This model also assumes that the total response variance
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comes from the timing processes and a time-independent source, modelled

by the variable c. Consequently, if saccadic latencies obey Weber's law, then

the latency data could be modelled using the following equation:

σ(latency)2 = k2(FPn)2 + c

where FPn represents the duration of the foreperiod in the given trial 'n' [9].

As an estimate of effect sizes, adjusted R2 values are reported [312].

Due to the detection of the non-significant results in the present study, an

equivalence test was performed for the analysis of the latency SD between

different anchors in the U and B distributions (R package TOSTER [199, 197])

and for the influence of the FPn−1 on saccadic latency (R package parameters
[222]). This equivalence test evaluates the hypothesis that the effect size ob-

tained for the non-significant analyses is small enough to be called negligible

(see [198] for details). Performing the test requires establishing the smallest

effect size of interest ('SESOI') that will create the equivalence bounds ('eqb').

Those should be chosen based on the effect sizes detected in similar exper-

iments from the field. As it was difficult to find a suitable sample of ex-

periments mimicking the current design, the experiment by Tomassini et al.

[366], closest to the current task, was chosen as a reference. Reference data in-

cluded only the control group of Tomassini et al. study. First, the equivalence

bounds for the latency SD analysis were calculated based on the critical effect

size derived from analyses by Tomassini et al. (eqb = [1.13, 1.13], Cohen's

dz type). The work of Tomassini et al. does not include the analysis of the

effect of FPn−1 duration on response latency. Therefore, the authors of this

manuscript performed the above-mentioned analysis. The resulting equiva-

lence bounds were based on Cohen's f 2 [328] of the calculated model (eqb =

[0.09, 0.09] for the short anchor and eqb = [0.02, 0.02] for the long anchor).

The analysis of the CNV amplitude during the FP was conducted exclud-

ing trials that included an early, uninstructed saccade. For the comparison

between the Ushort and Ulong conditions, the analysis interval lasted 1250 ms

until the time point of the shortest possible FP duration in the short anchor.
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The cluster-based permutation test ('CBPT') from the Fieldtrip Toolbox

[276, 234] was used in the current study. First, two-sided dependent t-tests

(α = 0.025 for thresholding) were calculated at the sample level. Then, on the

channel-time level, the t-values were summed to a cluster. The clusters were

constructed using the default cluster formation algorithm and the triangu-

lar neighbouring (ft_prepare_neighbours function with triangulation method in

Fieldtrip Toolbox [276]). This neighbouring method structured all surround-

ing electrodes as neighbours of a given electrode. Cluster T statistics are cre-

ated by summing all t-values obtained in a given cluster. For each CBPT,

1000 permutations are executed to create a null distribution of the statistic.

Then, the cluster T value is compared with a null distribution (α = 0.05 for

thresholding).

Statistically significant differences detected with CBPT were presented

using topographic plots. The channels included in the cluster were then

averaged into the corresponding Region Of Interest ('ROI') and plotted as

event-related potentials ('ERP') for data visualisation. The CBPT results in-

clude information about the time interval associated with the detected effect.

However, contrary to widespread use, CBPT is not tailored to support claims

about the precise location of the effects [319]. Therefore, subject-by-subject

amplitudes of the corresponding ROI were averaged within the time win-

dow suggested by the CBPT and subjected to a hypothesis-driven analysis.

The significant difference within a chosen window was confirmed using a

Kruskal-Wallis Rank Sum Test (R package stats; version 3.6.2) as the ANOVA

assumptions were not met.

Further, trial-by-trial amplitudes of the ROI were averaged within the

CBPT time windows and used in the LMM analysis as a covariate of saccadic

latency and pupil size together with the corresponding experimental factors.

Finally, a number of early saccades were modelled using GLMM. The choice

of random structures was based on the BIC values detailed in the Supple-

mentary Materials: Table S4.2 for models of early saccade number, Table S4.3

for models of latency. Models used the following predictors: 'dist' - level of

temporal uncertainty related to the duration of the FP in a given trial; 'anchor'
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- the mean of FP distribution used in the given trial; 'amp' - the amplitude of

the CNV within the given cluster.

4.3 Results

4.3.1 Saccadic latency as a function of FP duration, history, and the HR

To test the influence of the duration of the current foreperiod ('FPn') on sac-

cadic latency in the high uncertainty distributions ('U'), the LMM was applied

to short (1600 ms) and long (2400 ms) anchors separately. In the short anchor

FPn.rs1 model, saccadic latency decreased significantly as a function of the

duration of the FP, showing a potential effect of temporal preparation (β =

-0.05 ± 0.008, p = 1.0 × 10-10). Similarly, for the long anchor FPn.rs1 model,

saccadic latency moderately decreased as a function of the duration of the FP

(β = -0.03 ± 0.01, p = 9.49 × 10-4; see Tab. 4.1 for details). The potential of the

HR hypothesis to explain observed saccadic latencies was also tested with

LMM. For both anchor durations, saccadic latency decreased significantly as

a function of the HRrec showing the effect of temporal preparation (model

HRrec.rs1, short anchor: β = 0.37 ± 0.06, p = 8.86 × 10-10; long anchor: β =

0.19 ± 0.06, p = 0.001; see Tab. 4.2 for details). However, the relationship be-

tween the reciprocal HR and the latency had a shallower slope for the Ulong

condition.

The fMTP model suggests that the short-term memory of previously ex-

perienced FPs ('FPn−1') could partly determine saccadic latency during the

current FP ('FPn'). Therefore, two possible memory effects were tested. First,

the previous FP duration did not affect the saccade latency in the current trial

(FPn−1.rs1 model: short anchor: p = 0.541; long anchor: p = 0.176; see Tab. 4.3

for details). For the equivalence tests related to the relationship between the

saccade latency and the FPn−1 duration, see Fig. 4.1B in the Supplementary

Materials. Second, the sequence variable (difference between the FPn and

FPn−1) was fitted to the latency data. Saccadic latency decreased significantly

as a function of sequence for both anchor durations (model seq.rs1, short an-
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Fig. 4.2 Visually guided saccade latency results of the Experiment 4. (A)
Analysis of the saccade latencies as a function of FP duration. Each dot
shows values for the corresponding bin of the distribution together with its
SE (whiskers). Solid grey lines represent linear regression fits to the Ushort (left
panel) and Ulong (right panel) distributions of the FP together with the SE (grey
ribbon). Yellow dotted lines indicate the average latency for the B distributions.
(B) Average saccade latency as a function of the reciprocal HR (in a.u. - arbi-
trary units) for the Ushort (left panel) and Ulong (right panel) conditions.

chor: β = -0.03 ± 0.01, p = 7.01 × 10-7, long anchor: β = -0.02 ± 0.01, p = 8.41

× 10-4; see Tab. 4.4 for details).

In addition to LMM analyses, a simple linear model ('LM') was used to

test specific predictions of the HR, PDF, and fMTP models with latencies av-

eraged for all subjects and distinct FP durations. The average saccadic la-
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tency decreased with increasing FP duration in the Ushort (p = 3.01 × 10-5, adj.

R2 = 0.73; see Fig. 4.2A) and Ulong conditions (p = 0.001, adj. R2 = 0.54; see

Fig. 4.2A and Tab. 4.5 for details). As expected, these results suggest that

temporal preparation increased during the FP. Furthermore, a linear relation-

ship was found between the average latency and the HRrec for the Ushort (p =

0.001, adj. R2 = 0.59) and Ulong condition (p = 4.77 × 10-4, adj. R2 = 0.66; see

Fig. 4.2B and Tab. 4.5 for details). However, no local minima were observed

around the anchor FP durations.

4.3.2 Latency of visually guided saccades violates scalar expectancy

The HR, PDF, and fMTP models all suggest that the SD of timing responses

should increase with anchor because of temporal 'blurring' or scalar expectancy.

However, in the present study, the SD of saccadic latency for both anchors did

not increase (B conditions, t[41] = 0.66, p = 0.511; U conditions, t[41] = 0.06,

p = 0.952; see Fig. 4.3A). Furthermore, the SD of latencies was also computed

when movements were grouped according to the bins of the U distributions.

A slope analysis was performed to test the relationship between the SD of

the latency and the duration of the FP in the given trial. The SD of latencies

decreased significantly with elapsed time for the Ulong condition (p = 3.84

× 10-5, adj. R2 = 0.72; see Tab. 4.5). However, since the square of the We-

ber's fraction was negative (k2 = -42253.76; see Fig. 4.3B), Weber's law was

not obeyed and the scalar property was not detected. Instead, the relation-

ship between the SD of the saccadic latency and variants of the hazard rate

hypothesis was tested. Unexpectedly, the SD significantly decreased with the

HRclas (p = 7.88 × 10-5, adj. R2 = 0.75 for short and p = 0.002, adj. R2 = 0.56

for long anchor; see Tab. 4.5) and therefore presented a better fit than FPn.
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Equivalence tests were used to check whether the effect size obtained for

the non-significant analyses was small enough to be called negligible [198].

Equivalence tests related to the magnitude of difference between the SD of

the latency in the Bshort and Blong conditions (t[41] = 5.33, p = 1.93 × 10-6) as

well as Ushort and Ulong conditions were significant (t[41] = 3.25, p = 0.001; see

Fig. 4.1A). Therefore, the null equivalence hypothesis could be rejected, and

the effect size for both analyses was negligible. Finally, the equivalence test

of the influence of the FPn−1 duration on saccadic latency was significant for

the short anchor (p < 2.22 × 10-16, 98%CI = [0.01, 0.02]), but the test for the

long anchor was not conclusive (p = 0.145, 98%CI = [0.01, 0.03]; see Fig. 4.1B).

Therefore, the null equivalence hypothesis was rejected, and the negligible

character of the effect size was accepted only for the Ushort.

Fig. 4.3 Variance of the visually guided saccade latency in Experiment 4.
(A) Analysis of the variability of saccadic latencies. SD of saccade latency
in different experimental conditions (dots), with its SE and 95%CI (whiskers).
Horizontal grey lines indicate paired analysis between conditions (ns - not sig-
nificant). (B) Variance of saccadic latencies plotted against different FP dura-
tions. Each dot shows the value for the corresponding bin of the U distribu-
tions. The solid line shows a linear regression with the SE (grey ribbon). The
yellow dot indicates the average variance around the anchor durations.
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4.3.3 A representation of duration in the CNV

The impact of increasing anchor timing on the CNV will be compared for

the uncertain conditions: Ushort and Ulong. Figure 4.4A shows the results of

the cluster-based permutation test ('CBPT') within the 0 - 1250 ms analysis

interval. A lower CNV amplitude was detected for the Ushort compared to

the Ulong condition in cluster (pmass = 0.001; 992 - 1250 ms). Grand aver-

age waveforms for Ushort and Ulong anchors are plotted in Fig. 4.4B for this

cluster. A late CNV was localised on fronto-central, central, and centro-

parietal electrodes. Data for all cluster electrodes was then averaged on a

subject-by-subject basis. Due to the non-normal distribution of CNV ampli-

tude (Shapiro-Wilk test, p = 0.004), a Kruskal-Wallis Rank Sum Test (KW) was

performed to evaluate the difference between the Ushort and Ulong CNV am-

plitudes. The amplitude of the CNV was lower for the Ushort anchor (mean ±
SD, -1.52 ± 0.95 µV) compared to the Ulong (-0.68 ± 0.90 µV; χ2(1) = 15.42, p

= 8.60 × 10-5).

4.3.4 Temporal variability only affects anticipatory saccades

Figure 4.5A describes the latency distribution of early saccades for the short

and long anchors, separately. Mixture model analysis indicated that the mix.2
model assuming the bimodal distribution of early saccades was best fitted to

the data of the short anchor (mix.2 LL = -6481.97 ; mix.3 LL = -6457.91; mix.4
LL = -6443.89; mix.5 LL = -6447.12) and the long anchor blocks (mix.2 LL =

-6668.22; mix.3 LL = -6611.26; mix.4 LL = -6603.01; mix.5 LL = -6575.71). The

latency threshold used to separate early saccades into two modes was es-

tablished at the crossing point between the two Gaussian components, sepa-

rately for each anchor: 1100 ms for the short and 1650 ms for the long anchor

(see Fig. 4.5A). Based on those thresholds 956 saccades were assigned to 1st

mode and 2579 saccades were assigned to 2nd mode. Visual inspection of

the distribution plots and the mean of 2nd mixture component indicated that

2nd mode was shifted towards the predicted arrival of the ‘go’ signal with

the increasing anchor duration. This is similar to the characteristics of 2nd
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Fig. 4.4 CNV amplitude for Ushort and Ulong anchors. (A) Topographic plots
in 50 ms time intervals showing the voltage difference between the Ushort and
Ulong anchors during FP. CBPT indicated a significant negative cluster (992
- 1250 ms, topo-plots highlighted in pink) with lower amplitude for the Ushort
anchor than the Ulong anchor. The channels consecutively recruited into the
cluster are marked by white stars. Numerical values above the topo-plots rep-
resent the displayed time window in milliseconds. (B) Grand average wave-
forms represent an activity of the cluster ROI created from the 'FCz', 'FC1',
'FC2', 'Cz', 'C1', 'C2', 'CPz', 'CP1', and 'CP2' electrodes averaged for all sub-
jects in Ushort (dotted lines) and Ulong anchors (solid lines). Ribbons represent
the corresponding 95% SEs. Time 'zero' on the X-axis indicates the offset of
the WS. The vertical dotted line shows the cutoff point for the analysis inter-
val. The pink area represents a window of significant difference between the
Ushort and Ulong CNV amplitudes detected by CBPT (cluster). Scalp topogra-
phies represent the brain activity for the Ushort and Ulong anchors in the es-
tablished window of significance. White dots indicate the localisation of the
cluster grand average electrodes.
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mode saccades in different FP durations in Experiment 2. Furthermore, vi-

sual assessment of the standard deviation of 2nd mixture component in both

anchors indicates that the variability of the anticipatory saccades increased

with FP duration. The LMM of the trial-by-trial latencies confirmed the shift

of 2nd mode mean with anchor duration (F[1, 2573.17] = 8020.23, p < 2.22

× 10-16). The LM results indicated that elongating anchor duration signifi-

cantly increased the standard deviation of 2nd mode saccade latency (F[2, 73]

= 17.33, p = 8.51 × 10-5). However, there was no difference in the SD of 2nd

mode saccade latency between the B and U distributions, neither in the short

(p = 0.054), nor in the long anchor duration (p = 0.257).

Figure 4.5B illustrates the distribution of early saccades for both levels of

temporal uncertainty and both anchors. In order to quantitatively compare

the number of 1st and 2nd mode responses for different levels of temporal

uncertainty, a GLMM was performed, for each anchor duration, separately.

Temporal uncertainty did not influence the number of 1st mode saccades in

the short (p = 0.527) or in the long anchor (p = 0.071).

However, temporal uncertainty affected the number of 2nd mode responses

in the short anchor (χ2[1] = 12.64, p = 3.78 × 10-4) and in the long anchor (χ2[1]

= 6.82, p = 0.009). In the short anchor the occurrence of 2nd mode saccades

was less likely in B condition compared to the U condition (IRR ± SE, 0.8 ±
0.05). In the long anchor 2nd mode saccades were less likely in B condition

compared to the U condition (0.9 ± 0.05).

4.3.5 Correlation between oculomotor responses and CNV amplitude

Given that the CNV is a preparatory signal that occurs before expected events,

we tested the hypothesis that it could also partly encode some characteristics

of the upcoming motor response. The influence of the CNV amplitude within

the time window indicated by the CBPT on the latency of visually guided

saccades amplitude was analysed on the trial-by-trial level. The LMM model

also included the anchor duration (Ushort or Ulong) as a covariate. A main ef-

fect of anchor duration (model full.rs1, p = 0.003) and amplitude (p = 4.06 ×
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Fig. 4.5 Latency of early saccades in Experiment 4. (A) Latency distribution
of early saccades (grey bars) and mixture models (coloured density plots) added
for each TU. Time 'zero' on the X-axis indicates the onset of the FP. A bimodal
distribution best describes the data. The black dashed lines show the transition
between modes and the threshold value for saccade classification, different
for each anchor. Labels describe mean (µ, coloured dashed lines) and standard
deviation (σ) of each mode. (B) Latency distributions of early saccades for
different distributions and anchors tested.

10-5; see Tab. S4.4 for details) was found. The amplitude of the CNV in the in-

dicated time window increased together with the latency of visually guided

saccades. Furthermore, an interaction between the CNV amplitude and the
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anchor duration was detected (model full.rs1, p = 0.009). The increase of the

saccadic latency with the CNV amplitude was detected only for the Ushort

condition (β ± SE, 1.34 ± 0.28, p = 2.57 × 10-6), while there was no such

relationship detected for the long anchor duration (p = 0.278).

The same analysis was repeated to test the influence of the CNV ampli-

tude within the time window indicated by the CBPT on the pupil size from

the same time window analysed on the trial-by-trial level. Only a small main

effect amplitude (model amp.rs1, p = 0.033; see Tab. S4.5 for details) was found

and consequently a small increase of the pupil size with the CNV amplitude

was detected (β ± SE, 0.007 ± 0.003).

4.4 Discussion

The aim of the present study was to investigate the temporal blurring, HR,

and fMTP hypotheses in the oculomotor domain. Subjects were first tested

in a baseline condition 'B' with a delay between the warning ('WS') and the

'go' signals that were kept constant, 1600 ms (short anchor) or 2400 ms (long

anchor). One hundred B trials with one of these two anchor durations (Bshort

or Blong) were first collected. Subsequently, the stimulus-bound temporal un-

certainty was increased, and 100 trials of the 'U' distribution were presented

(the same anchor duration as in B but σ = 120 ms; see Fig. 4.1 for details).

After collecting data using B and U distributions and the first anchor dura-

tion, the whole process was repeated with the second anchor duration. The

dependent variable analysed in this chapter was saccadic latency.

First, no scalar increase in the variance of latencies between the short

(Bshort) and long (Blong) anchor durations (Fig. 4.3A) was observed. This sug-

gests that scalar expectancy was not observed in the present results. Second,

a comparison of the U distributions revealed that the slope of the saccadic

latency/FP relationship was shallower for long anchors (Ulong) than for short

ones (Ushort; see Fig. 4.2A; see Tab. 4.1 and Tab. 4.5 for details). These

results suggest a reduced sensitivity to the time around the long anchor du-
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ration. Third, no latency minimum around the anchor values was observed

(see Fig. 4.2A). This result suggests that latency was not directly dependent

on the probability of the FP. Fourth, saccadic latencies did not covariate with

the duration of the FP in the range of 1500 to 1750 ms in the Ushort condition

and in the range of 2100 to 2550 ms in the Ulong condition (see Fig. 4.2A).

Subjectively, FP durations in the above-mentioned indifference ranges could

have been interpreted as equivalent to the two anchor durations. The indif-

ference range was larger for long durations, again suggesting an impact of

subjective uncertainty but not as predicted by the temporal blurring or the

PDF hypothesis. Therefore, scalar expectancy was not observed when com-

paring anchor conditions, neither in the B nor U conditions. Within U dis-

tributions, the variability of latencies decreased with increasing FP durations

(see Tab. 4.5). The gradual decrease of the variability of movement latency

could be modelled using the classic HR function (see Tab. 4.5). The HR could

therefore have a double impact: reducing movement latency and increasing

precision.

Previous research suggested that scalar property would be present only

in explicit timing tasks when temporal information is overtly used [270, 83].

However, Piras and Coull [293] suggested that scalar variability was indeed

observed in a temporal expectancy task in humans. How could the volatil-

ity of scalar expectancy be explained? The oculomotor variant of scalar ex-

pectancy was initially proposed by Janssen and Shadlen [173] in the Rhesus

monkey, where intensive animal training and reward expectation could have

led to the emergence of an explicit representation of elapsed time during the

FP, like in prospective timing. Moreover, the type of tested motor response

could also play a major role. Indeed, to our knowledge, most human timing

studies required a manual response (typically a button press) after a visual

or auditory 'go' signal was presented [293, 143, 142, 366, 384, 356] (but for

the critical review, see [145]). This could have induced another sensorimo-

tor mapping with explicit attention devoted to producing an accurate man-

ual response and, therefore, scalar expectancy. Previous research has already

suggested that saccadic latency could not obey scalar expectancy in the same
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way that the reaction time, which is related to manual response [9, 280]. A

systematic comparison between the manual and oculomotor responses over

the same range of durations and for the same probability distributions re-

mains to be done.

It could also be suggested that the scalar expectancy was not observed in

the present study because the temporal preparation itself was reduced. How-

ever, a robust reduction in movement latency with increasing FP duration

was shown under uncertain conditions. Figure 4.6 shows a schematic com-

parison of the predictions issued from current hypotheses about temporal

preparation (dashed lines) and the experimental results presented here (blue

continuous lines and yellow dots). If the PDF hypothesis were true, then

the latency-FP relationship should be U-shaped with a minimum around the

mean where the 'go' signal timing was the most frequent [143, 142]. This was

not observed (see Fig. 4.6A).

If temporal preparation was based on an estimation of the objective (HRclas)

or subjective (HRsubj) hazard rate (see Fig. 4.6B), then shorter latencies should

be observed for long FP durations where these functions reached a maxi-

mum. This prediction was confirmed within U distributions. However, the

HRsubj hypothesis also implies that the variance of latencies should increase

with elapsed time. This was not observed here. Together, the best fit of the

model to the average latency data was the reciprocal HR (HRrec).

In the current study, two memory-related effects were tested. On the one

hand, the memory effect of the previously experienced FP duration (FPn−1)

on saccade latency was not observed. This contradicts studies that demon-

strated a strong influence of trial history on the saccade latency during trial

'n', even if the total number of trials was rather small (100 - 200 trials) [9, 101,

166]. Authors suggest that the memory of previous FPs could play a role only

if the total number of possible 'go' signal timings is small. On the other hand,

a sequence effect was found here, as suggested by the fMTP model [384, 318].

Nonetheless, temporal blurring, which was also hypothesised in the fMTP

model, was not observed in the current study. In conclusion, the hazard rate
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hypothesis explains the empirical data better than other approaches men-

tioned above. The HRrec function could be used to model the influence of

temporal preparation on average latency, whereas the HRclas function could

model the reduction of movement variability with elapsed time. These re-

sults suggest that temporal blurring does not necessarily occur in the oculo-

motor domain and that the timing context used in the task, implicit or ex-

plicit, could play a major role in the way the brain builds temporal expecta-

tion.

Regarding the EEG recordings, we found that, during the foreperiod, the

CNV over fronto-central, central, and centro-parietal electrodes had a sig-

nificantly more negative amplitude during short than long U trials (Ushort

versus Ulong anchor; see Fig. 4.4B). In agreement with this finding, previous

studies showed that the duration between the warning and 'go' stimuli could

modulate ramping CNV activity in explicit [265] and implicit timing tasks

[295, 111, 178, 34]. Duma and colleagues [111] presented subjects with three

blocked conditions in a manual response task: short-biased, long-biased, and

uniform. Comparing global temporal predictions for generally shorter and

longer trials, they found a more negative CNV for short blocks. Therefore,

the CNV could illustrate the optimisation of neuronal excitability during the

signal anticipation process. That is, the level of excitability could change with

the proximity of the ‘go’ signal, reflecting the level of motor or perceptual

readiness. According to this view, more negative amplitudes would repre-

sent a stronger disinhibition of the source regions that build the CNV signal

[189]. When the arrival of the 'go' signal was expected sooner in short blocks

of trials, the ramping CNV activity would adapt to reach a predetermined

excitation threshold faster. This could indicate a higher motor preparation

and/or increased readiness to process sensory information when the event is

imminent [248, 192]. This was confirmed by the correlation between the CNV

amplitude and the latency of VG saccades.

The distribution of early saccades during the FP was bimodal in both an-

chor durations. As expected, the latency of 2nd mode saccades increased with

the elongation of the FP (see Fig. 4.5A). Furthermore, the standard devia-
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tion of 2nd mixture component increased with increasing anchor duration.

This could further indicate that anticipatory saccades comply with the scalar

property of variance that assumes higher variability of latencies in longer

foreperiods.

The effect of temporal uncertainty on the number of 1st mode saccades

was not observed in Experiment 4. On the other hand, the anticipatory re-

sponses were affected by the temporal variability of the ‘go’ signal onset time

in both anchor durations. Most saccades were detected for the uncertain tem-

poral condition, which may indicate that the variable onset time of the ‘go’

signal renders the planning of the temporally precise saccade difficult.
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Fig. 4.6 Comparison of dominant hypotheses of temporal preparation and
current empirical results. Predictions of temporal preparation models (grey
dotted curves) versus empirical data (blue lines for the uncertainty U condition
and yellow dots for the baseline B condition) for average latency (left panels)
and SD (right panels). (A) Left panel: saccadic latency increased as a func-
tion of the reciprocal HR (HRrec). Right panel: the SD of saccadic latency de-
creased with increasing FP duration, in contradiction with the temporal blur-
ring hypothesis based on the HR. (B) Left panel: saccadic latency decreased
with the duration of the FP in contradiction with the PDF predictions. In-
deed, where the PDF is maximum, the movement latency should be minimal
and the 'go' signal timings that are infrequently experienced on the sides of
the PDF should evoke longer latencies (inverted U-shape). Right panel: prob-
abilistic 'blurring' hypothesis. Movement timing variability should follow
an inverted U-shaped distribution. (C) Left panel: as predicted by the fMTP
model, a shorter duration of the FP during trial 'n-1' than during the current
trial 'n' is associated with a relatively shorter movement latency. Right panel:
the fMTP model assumes temporal blurring of the inner representation of FP
duration and an increasing saccadic SD for longer FP durations. This is func-
tionally equivalent to the one assumed by the HR hypothesis and was not
observed here. (D) Hypothetical build-up of temporal expectancy of the 'go'
signal for short and long anchor durations.
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5.1 Summary of the project

In Chapter 1, we have shown how a simple task like making a good cup of

coffee can be disentangled into a series of difficult cognitive and motor de-

cisions. Among these decisions, judgments about time proved to be of great

importance. Temporal predictions can be based on explicit or implicit knowl-

edge, previous experience, and the current state of the environment. In order

to make optimal decisions, humans must integrate visual and cognitive pro-

cessing, decision-making and motor control. However, in everyday life, the

decision to start a movement could be hazed by temporal uncertainty about

the incoming event. How our brain collects, processes, and uses information

about temporal uncertainty is a subject of intense research. Chapters 2, 3, and

4 described four experiments of the current project. Experiments were carried

out to supplement existing temporal uncertainty research in the oculomotor

domain (see Fig. 1.3 in Overview of the project subsection).

Before introducing temporal uncertainty, the characteristics of oculomo-

tor responses were tested under different spatial uncertainty conditions. In

Experiment 1, a simple foreperiod task was used, where the warning and 'go'

signals were separated by a delay period (foreperiod or 'FP'). The task was

to make a visually guided saccade towards the 'go' signal as fast as possi-

ble after the signal appeared at one of four possible locations. Although the

foreperiod’s duration was constant throughout the trials, spatial uncertainty

about the location of the 'go' signal varied. An explicit cue indicating possi-
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ble 'go' signal locations was presented to subjects before the foreperiod. The

experiment was a continuation of the work of Hsu et al. [166], aiming to

characterise the basic principles of eye movements under spatial uncertainty

in the absence of temporal variability. In the next experiments, temporal un-

certainty was introduced in various forms. First, temporal uncertainty could

be explicitly cued to subjects [9, 82]. In Experiment 3, three different distri-

butions of delay durations were cued. This temporal information was given

along with explicit information about the spatial uncertainty of the 'go' sig-

nal, similar to the way it was done in Experiment 1. This design allowed

us to investigate the coexistence of spatial and temporal uncertainty in dif-

ferent phases of oculomotor preparation. The experiment was performed to

contribute to the discussion on possible interactions between spatial and tem-

poral information, which can be found in the recent literature [270, 309].

Secondly, temporal information could emerge implicitly [9, 83]. There-

fore, two experiments explored oculomotor responses in a temporally un-

certain context where the foreperiod duration was variable between (Experi-

ment 2) and within blocks of trials (Experiment 4).

Crucially, Experiment 4 explored the concept of statistical learning of tem-

poral regularities [75]. It was shown that statistical learning is strongly re-

lated to performing a movement [279] and that updating knowledge about

the environment's regularities could be rewarding in itself [396]. Several the-

ories aimed to explain the rise of expectation evoked by implicit learning of

temporal regularities (for review, see [270]). Some models explain tempo-

ral expectation using the hazard rate function ('HR' [155, 368, 173]). HR de-

scribes the change in the probability that an event will occur, given that it has

not yet occurred [269]. However, HR calculations are complex [214]. There-

fore, other models are based on the simpler assumption that the probability

density function is used to guide temporal expectation [143, 142, 53]. Further-

more, the HR hypothesis fails to account for the sequential FP effect found in

implicit timing tasks [214]. This motivated the creation of new hypotheses

incorporating the influence of trial history [377, 318].
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Most of the hypotheses mentioned above were built on the results of man-

ual reaction time tasks. However, saccadic eye movements, not limb move-

ments, are usually the first reactions to a stimulus. In most cases, saccades

towards the new stimulus precede a hand movement or a re-direction of the

person's gait [277, 232]. The fixation period that follows gives the subject cru-

cial information about the new object [398, 347, 211]. This information could

later be used to guide future decisions of the oculomotor and motor systems.

Oculomotor responses were previously shown to depend on the temporal

predictability of an upcoming event. Therefore, they could be regarded as a

marker of expectation [94, 355, 81].

Finally, related oculomotor research suggests that the scalar property of

variance, widely observed in explicit timing tasks [270, 83], could not be

present in implicit tasks [9] (but see [293] for a related discussion). For all the

above-mentioned reasons, Experiment 4 was designed to reconsider existing

temporal expectation hypotheses in the context of oculomotor responses.

In Chapter 4, the electrophysiological results of Experiment 4 were also

presented. Based on previous EEG research on temporal expectation [190,

191, 189, 11, 91], the contingent negative variation ('CNV') is proposed as a

candidate neural representation of temporal expectation. The ramping CNV

activity recorded during the foreperiod could be a reflection of the decision

processes modelled by the LATER model [63, 272] or DDM [301, 21, 337].

As presented in Chapter 1, an intersection between brain regions that

guide saccadic eye movements and the psycho-sensory pupillary response

could exist (the common drive hypothesis [321, 388]). The scheme presented

in Figure 1.1B and 1.1C suggests that superior colliculus activity could

be shared between the saccadic and pupillary neuronal pathways. The su-

perior colliculus transfers information to and from the midbrain and pons

[323, 168], which involve crucial structures like the raphe nuclei [68] and the

locus coeruleus [147].

It is also worth mentioning that oculomotor-related activity of the supe-

rior colliculus is strongly influenced by the supplementary motor area ('SMA'),
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supplementary and frontal eye fields, and basal ganglia [183]. TThe localiza-

tion of these structures overlaps with the area of CNV-related effects pre-

sented in Chapter 4. The SMA was previously stipulated as a candidate for

the source of the CNV signal [155]. Activation of the SMA and basal gan-

glia was shown when the representation of the timed interval was internally

specified [129]. Therefore, it is plausible to suggest that similar neuronal ar-

eas could maintain the saccadic, pupillary, and electrophysiological measure-

ments tested in the current project. Those areas could be all susceptible to

changes related to temporal expectation.

5.1.1 Saccadic latency in uncertain environments

Saccadic characteristics are influenced by reward [398]. However, it was also

suggested that, for an oculomotor mechanism, reduced visual uncertainty

achieved by executing a saccade towards a new target is rewarding in itself

[245]. It may be especially true if there is already some amount of spatial

or temporal uncertainty in the contextual information about the surround-

ings, and each target arrival provides the observer with additional informa-

tion about the structure of this uncertainty [324].

Saccades have previously been shown as susceptible to spatial uncer-

tainty [138, 66]. The first outcome of the current project concerns the la-

tency of VG saccades. Regardless of whether the design of the experiment

assumed only spatial uncertainty (Experiment 1), spatial uncertainty with

implicit temporal variability (Experiment 2), or spatial uncertainty with ex-

plicit temporal variability (Experiment 3), the latency of VG saccades always

increased with spatial uncertainty (see the 'LATENCY' label for Experiments

1, 2 and 3 in Fig. 5.1). In other words, the introduction of a temporal source

of variability did not affect the strong susceptibility of VG saccades to spa-

tial uncertainty. Saccadic latency consequently increased as the number of

possible locations of the future 'go' signal increased. The results indicated

that the latency of visually guided saccades in Experiment 1 obeyed Hick's

law [158]. This finding breached recent suggestions that Hick's law does not
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apply to the oculomotor domain [194]. In this project, saccadic latency was

susceptible to the information gain related to each spatial uncertainty condi-

tion. Knowing the exact location of the 'go' signal shortened the latency of VG

saccades. This improvement in saccadic performance could be related to at-

tention allocation strategies. If only one possible location of the future target

is expected, attention could be undividedly shifted to the anticipated location

even before the 'go' signal appears [22, 290]. However, the latency results of

Experiment 2 did not obey HL (se Fig. 2.6A for details). This could indicate

that temporal variability introduced into the task could disrupt this compe-

tition for attention. This result was unexpected and novel, and illustrates a

strong interaction between temporal and spatial uncertainty.

A visual discrimination task designed by Rohenkohl et al. [309] indicated

that, in the presence of two sources of uncertainty, predicting the timing of

the stimulus is worth the effort only when its location is known. On the other

hand, Tal-Perry et al. [356] suggested that implicitly built temporal expec-

tations are independent of spatial attention. However, both research groups

used different types of tasks. It was recently suggested that the codependence

between spatial and temporal information could be highly dependent on the

exact type of task at hand [282, 356]. Both experiments were also testing

only manual responses. That is why it is valuable to revisit the relationship

between spatial and temporal information in the oculomotor domain, espe-

cially since it was suggested that some beneficial link between spatial and

temporal processing could occur for the oculomotor response [270]. How-

ever, the results of Experiment 3 have argued against the benefit hypothe-

sis. Although both explicit temporal and spatial uncertainty increased the

latency of oculomotor responses, no interaction between both types of infor-

mation was detected. Therefore, no canonical uncertainty or summary statis-
tics were used by the oculomotor domain [16]. More research is needed to

establish whether the lack of spatio-temporal interdependence is an effect

of separate attentional mechanisms operating for each type of uncertainty

[82, 230, 126, 393, 66] or the task used in this specific experiment [282, 356].

The work of Ameqrane et al. [9] suggested that, in the absence of spatial
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uncertainty, saccadic latency depends on the length of the blocked FP dura-

tion (so-called fixed foreperiod effect). Current results of Experiment 2 showed

that the introduction of spatial uncertainty did not alter the effect (see the

'LATENCY' label for Experiment 2 in Fig. 5.1). The latency of saccades still

increased with the duration of the FP, suggesting that prompt reaction of the

eye is more difficult to achieve when motor preparation must be sustained

for longer. However, similarly to Experiment 3, no interaction was found

between spatial uncertainty and FP duration, which could suggest that the

duration of oculomotor anticipation does not influence the eye's strategy to

process spatial uncertainty.

Cueing the exact duration of the upcoming foreperiod is a straightfor-

ward task, usually implemented by controlling the display of a visual object

(e.g., a disk [9]) that lasts the same amount of time as the upcoming FP. How-

ever, cueing the temporal variability of the incoming 'go' signal is more dif-

ficult. It assumes that subjects must create an indirect mapping between the

cue symbol and the distribution of the possible FP durations. In Experiment

3, such mapping between the visual cue (star symbol with different numbers

of arms) and the kurtosis of FP distribution (see Fig. 3.1) was first established

during the training phase. Subjects were informed that different star shaped

symbols were associated with different ranges of possible FP durations used

in the trial. The number of arms in the star increased with the kurtosis of FP

distribution. The results indicated that saccadic latency increased with cued

FP variability, suggesting that the correct association emerged (see the 'LA-

TENCY' label for Experiments 3 in Fig. 5.1). Latency results followed the

ones observed for spatial uncertainty - the more uncertain the aspect of the

future 'go' signal, the longer the latency of a saccade.

Saccadic latency observed in Experiments 1, 2, and 3 could be explained

by means of evidence accumulation in models such as LATER [63, 272] or

DDM [301]. The arrival of the warning signal started the evidence accumu-

lation phase, during which the rate of accumulation indicated the amount of

information about the incoming signal or the difficulty of making the deci-

sion [258]. Top-down processes, like the history of previous saccades, could
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also modify this rate. The results from Experiment 1 indicated that spatial

uncertainty modulated the rate of evidence accumulation in DDM ('RV/TC'

model; see Fig. 2.4D) and confirmed that saccadic latencies could be ex-

plained by the opponent Poisson model [21, 337]. Therefore, it could be sug-

gested that information about spatial uncertainty of the incoming 'go' signal

is represented by the sum of excitatory and inhibitory neuronal spikes that

build the drift rate [21, 337]. Indeed, it was previously demonstrated that the

activity of saccade-related neurons in the SC can be altered by the uncertainty

of the 'go' signal [29, 260]. However, the lack of the interaction effect in Ex-

periment 3 indicated that information about spatial and temporal uncertainty

of a 'go' signal is not accumulated by the same collection of neurons. Spatial

and temporal information could have a separate impact on the drift to a de-

cision threshold assumed by DDM. The results suggest that different types

of uncertainty could be encoded by different neuronal groups and utilised at

different stages of the saccade preparation and execution.

To summarise, in the context of spatial uncertainty, saccadic latency obeyed

HL only in the absence of temporal uncertainty. At the same time, shorter sac-

cadic latencies were observed in the absence of spatial uncertainty regardless

of the type of temporal uncertainty used in the given task. The results of

Experiment 2 confirmed the fixed foreperiod effect on saccadic latency. How-

ever, previously suggested interaction of spatial and temporal information,

observed on the manual response latency, was not observed for saccades.

However, plotting the latency-FP effect for all FP durations in a temporally

uncertain context yielded interesting conclusions. Those will be discussed in

the next subsection.

5.1.2 Saccades differ from manual responses

Important differences come to light when comparing models of temporal ex-

pectation built on manual reaction time data or saccadic latencies. First, re-

sults of Experiment 4 demonstrated that the latency-FP function was not U-

shaped (see Fig. 4.2A). Therefore, the obtained results do not support the
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hypothesis that temporal expectation takes the form of the reciprocal of the

Gaussian distribution [143]; [142]. Secondly, the history of previously experi-

enced FP durations played little role in the formation of the saccadic move-

ment in the current trial. Therefore, the formalised Multiple Trace Theory

of Temporal Preparation [318] was not suited to explain the saccadic latency

data. Instead, a reciprocal of the hazard function calculated from Gaussian

distributions best explained obtained results. However, it must be noted that

even the HR did not capture all features of the latency-FP function observed

in Experiment 4. This suggests that how the oculomotor system uses tempo-

ral expectation to form a saccadic response differs from motor systems man-

aging manual reactions.

Finally, following observations from related research [9, 280], no scalar

property of timing was found in the saccadic latency results of Experiment 4.

This was shown by the slope analysis (see Fig. 4.3B) and by comparing the

SD of the latency between short and long anchor durations (see Fig. 4.3A).

This further demonstrates the difference between the oculomotor and man-

ual reactions.

5.1.3 Do not bet on the unknown when planning a saccade

Saccadic maximum velocity was previously shown to be influenced by arousal.

Alleviated arousal levels could result from high reward possibility [327], level

of individual motivation [257], or task difficulty [104]. In turn, arousal changes

could be responsible for modulating maximal firing rates of burst neurons

during the saccadic movement, causing high Vmax [104, 259]. In this project,

we demonstrated that manipulating the level of spatial uncertainty also changed

the Vmax of visually guided saccades. Eye velocity was higher when no spa-

tial uncertainty was present in the given trial (SU1 condition; see the 'VMAX '

label for Experiments 1 in Fig. 5.1). The certainty about the future loca-

tion of the 'go' signal could indeed increase arousal levels. In contrast, when

the exact location of the 'go' signal was ambiguous (SU2, SU3, SU4 condi-

tions), oculomotor inhibition could be applied to optimise motor preparation
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in an uncertain environment [14]. The absence of an external reward (arbitral

points, monetary incentive, or positive feedback collected for fast responses)

could make the effort that is put in the uncertain condition disproportionate

to the benefits [47]. Cautious allocation of the oculomotor resources could

encourage the “do not bet on the unknown” strategy [287]. In the work

of Payzan-LeNestour and Bossaerts [287], two different strategies were pro-

posed to explain behaviour in uncertain environments. On the one hand,

curiosity motive could play a role when the exploration approach has the po-

tential to broaden the reward opportunity. On the other hand, a cautiousness
motive or “do not bet on the unknown” strategy could be used when a po-

tential mistake is rather unprofitable. If nothing additional is achieved by

executing a fast response in ambiguous conditions, cautious optimisation of

resources could be the optimal choice.

The oculomotor system could ‘choose’ the “do not bet on the unknown”

strategy also when an explicit form of temporal uncertainty was introduced.

In Experiment 3, the Vmax of visually guided saccades was strongly decreased

in spatially uncertain conditions (SU2 and SU3; see the 'VMAX ' label for Exper-

iment 3 in Fig. 5.1), regardless of the amount of temporal uncertainty intro-

duced in the given trial. Interestingly, however, the implicit form of temporal

uncertainty used in Experiment 2 suppressed the effect of spatial uncertainty

(see the 'VMAX ' label for Experiment 2 in Fig. 5.1). It seems that introduc-

ing variable FP durations in a blocked design FP was enough to remove the

arousing aspect of knowing exactly the location of the future 'go' signal. It

could be hypothesized that when the duration of the anticipated target de-

lay was vague, and its variability not cued, then certain spatial information

is no longer associated with increased arousal. At the same time, results of

Experiment 3 suggest that when two sources of uncertainty were introduced,

spatial uncertainty could be prioritised by mechanisms maintaining saccadic

velocity. Further, temporal uncertainty affected Vmax only when spatial un-

certainty of the 'go' signal was absent.

To sum up, the maximal velocity of the eye does not fully reflect the ef-

fect of complex spatio-temporal uncertainty on oculomotor anticipation. Al-

| 127



5 | Chapter 5

though the “do not bet on the unknown” strategy could be applied in spa-

tially uncertain contexts even in the presence of explicit temporal uncertainty,

implicit temporal variability cancels the arousing effect of certain spatial in-

formation.

5.1.4 Early saccades to probe oculomotor readiness

Oculomotor inhibition plays a permissive role, allowing saccades to occur

at the right time after the appearance of the ‘go’ signal. However, a lack of

inhibition could manifest itself through the occurrence of uninstructed sac-

cades during the delay period [281]. If an uninstructed saccade occurs, the

movement blurs vision and delays the gathering of meaningful information.

The occurrence of an uninstructed saccade is therefore usually regarded as

an ‘error’. However, uninstructed saccades could provide valuable informa-

tion about the state of inhibitory oculomotor control and probe impulsivity

[166, 105, 112, 204, 58]. Attempts to use early saccades as markers of impul-

sivity have already been made in health and disease [166, 102, 9], suggesting

the existence of a bimodal pattern of saccades during the FP. 1st mode of the

distribution was observed just after the extinction of the warning signal and

could represent impulsive saccades. 2nd mode, rising later during the forepe-

riod, could illustrate truly anticipatory saccades.

In this project, all four experiments confirmed the occurrence of early

saccades, supporting findings from previous works. The results of the mix-

ture models analysis repeatedly demonstrated that the bimodal distribution

was best fitted to the distribution of early saccades during the foreperiod.

This bimodal distribution was observed in the fixed (see Fig. 2.3A) and vari-

able foreperiod tasks, with implicit temporal uncertainty (see Fig. 2.8A and

Fig. 4.5A) and with explicit temporal uncertainty (see Fig. 3.4A). However,

the percentage of early saccades in all experiments varied: 5.5%, 10%, 15%,

and 22% in Experiments 1, 2, 3, and 4, respectively. Due to the small and

varied number of early saccades between subjects and tasks, the conclusions

drawn from the analysis of early saccades must be taken with caution.
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In all experiments, 1st mixture component was fitted close to the begin-

ning of the foreperiod, just after the onset and extinction of the warning sig-

nal. This could indicate that 1st mode saccades were indeed evoked by the

arrival of the WS. The function of the WS was to mark the beginning of the

foreperiod and initialise the build-up of oculomotor readiness. This increased

readiness could mean a reduced oculomotor inhibition and result in prema-

ture, 'impulsive' saccades. 1st mode impulsive saccades were also susceptible

to changes in spatial uncertainty.

Furthermore, in Experiment 1 and Experiment 2, the highest number of

1st mode saccades were observed for the 'no spatial uncertainty' condition

(SU1; see the corresponding 'EARLY1st' label in Fig. 5.1). This result could

be a byproduct of the “do not bet on the unknown” strategy that promotes

the engagement of oculomotor resources in stable environments. When the

future location of the ‘go’ signal is predictable, the probability of executing

a fast and correct saccade is high and facilitates oculomotor engagement. In

the absence of negative feedback, impulsive saccades could be a small price to

pay for the execution of fast responses to the 'go' signal. Interestingly, the ef-

fect of spatial uncertainty on 1st mode saccades was cancelled in Experiment

3, when the distribution of FP duration was manipulated explicitly, and in

Experiment 4, when the FP distribution was manipulated implicitly (see the

corresponding 'EARLY1st' labels in Fig. 5.1). Therefore, it could be hypoth-

esized that the anticipated FP variability could also engage a “do not bet

on the unknown” strategy, globally increasing oculomotor inhibition, even

when the location of the future ‘go’ signal is known.

Interestingly, a separate effect of FP duration on 1st mode saccades was

shown in Experiment 2. Impulsive saccades were most frequently observed

for the shorter FP (400 ms; see the 'EARLY1st' label in Fig. 5.1). It is possible

that a shorter foreperiod duration could have increased the propensity to re-

spond quickly compared to longer FP durations (900 ms, 1400 ms, 1900 ms).

Alternatively, the temporal proximity of the ‘go’ signal could have induced a

relatively early release of inhibition. For short FPs, the correct visually guided

saccade must be executed almost immediately after the warning signal ex-
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tinction. The deployment of a fast and correct visually guided saccade could

be therefore made at the cost of the increased amount of impulsive responses,

especially in the absence of negative reinforcement or feedback.

In Experiment 1, the mean of 2nd mixture component approached the du-

ration of the FP. In Experiment 2, the mixture analysis was conducted sep-

arately for each FP duration and the latency and standard deviation of 2nd

mode saccades increased with the duration of the FP (see Fig. 2.8A). Further,

in Experiment 4, when the anchor FP distribution could be either 1600 ms or

2400 ms, the mean of 2nd mode saccades followed the anchor duration and

the standard deviation of 2nd mode increased for longer foreperiods. The in-

creasing slope of the latency distribution of 2nd mode saccades approaching

the mean duration of the FP in a given condition strongly suggests that the

occurrence of anticipatory saccades is dependent on temporal expectation.

Changes in the standard deviation of 2nd mixture component also suggest

that anticipatory saccades could obey the scalar property of variance. This is

interesting, especially as the results of Experiment 4 indicated that the vari-

ance of visually guided saccades did not conform to the scalar property (see

Fig. 4.3). This further highlights the differences between saccades evoked as

a reaction to the ‘go’ signal and the responses driven by intentional temporal

anticipation.

Further, in Experiment 3 when temporal uncertainty was introduced by

manipulating the kurtosis of the FP distribution with the mean of this dis-

tribution constant, parameters of 2nd mixture component were changed ac-

cordingly. The mean of 2nd mixture component remained constant across TU

conditions but the standard deviation increased together with temporal un-

certainty (see Fig. 3.1B). Surprisingly, this relationship between the variance

of anticipatory saccades and the kurtosis of the FP distribution was not con-

firmed in Experiment 4, as there was no difference in the SD of 2nd mode

saccade latency between the B and U distributions, regardless of the anchor

duration tested. Future experiments are needed to establish if this could be a

result of the implicit character of the FP distributions in Experiment 4.
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All three experiments manipulating spatial uncertainty indicated the high-

est number of early saccades (both modes included) for the 'no spatial uncer-

tainty' condition (SU1; see the 'EARLY2nd' label in Fig. 5.1). According to the

‘do not bet on the unknown’ strategy, knowing exactly where to direct a visu-

ally guided saccade could increase subjects' engagement in executing it as fast

as possible. This, in turn, could increase the number of anticipatory saccades

that are a reflection of the anticipation of the timing of the 'go' signal [9]. Con-

sequently, a decrease in the number of early saccades in spatially uncertain

conditions (SU2, SU3, SU4 conditions) could be a reflection of strengthened

oculomotor inhibition put to work when the environment provides ambigu-

ous information about future events.

Further, 2nd mode saccades occurred more often in conditions with higher

explicit (Experiment 3) or implicit temporal uncertainty (Experiment 4, see

the 'EARLY2nd' label in Fig. 5.1). This could be explained by the anticipatory

character of 2nd mode saccades. In both experiments, high temporal uncer-

tainty was created by increasing kurtosis of the FP distribution which de-

creased the frequency of anchor FP duration. If subjects attempted to antic-

ipate the ‘go’ signal at the anchor of the FP distribution, increasing kurtosis

meant that more of those attempts were ill-timed. It is noteworthy, that 1st

mode, impulsive responses were never affected by temporal uncertainty of

the FP (see the 'EARLY1st' label in Fig. 5.1).

It is also worth noting that manipulating the duration of the FP in Experi-

ment 2 further highlighted the distinction between 1st and 2nd mode saccadic

responses. Anticipatory saccades were shown to have generally a larger am-

plitude and higher Vmax compared to 1st mode saccades. In contrast with

1st mode saccades, the Vmax and latency parameters of 2nd mode responses

changed with FP duration.

In summary, all experiments confirmed the bimodal pattern of saccades

during the FP. Impulsive, 1st mode saccades, probably driven by lowered ocu-

lomotor inhibition and a speed imperative, could be evoked by the extinction

of the WS. Impulsive saccades were especially numerous in conditions of ‘no
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spatial uncertainty’ and short foreperiods when the inhibition is levelled by

the certainty of the response direction or the need for a fast oculomotor reac-

tion. 2nd mode, anticipatory saccades were modulated not only by the extent

of spatial uncertainty but also by the length of the foreperiod. The mean la-

tency of 2nd mode moved together with the expected arrival of the ‘go’ signal.

Furthermore, the SD of 2nd mode increasing with FP duration indicated that

the anticipatory saccades could obey the scalar property of variance like in

explicit timing tasks.

Both types of saccades could operate under the 'do not bet on the un-

known' strategy. High spatial predictability of the incoming 'go' signal could

alleviate arousal and promote oculomotor disinhibition. Furthermore, the

gradual increase in the number of anticipatory saccades towards the expected

arrival of the ‘go’ signal (the slope of 2nd mode) seems to reflect the ramp-

ing decision-making activity observed in time neurons and proposed by the

DDM [301] and LATER models [63, 272]. Anticipatory saccades could di-

rectly illustrate how the brain represents the temporal expectation of the event

[64, 280] and advances the oculomotor preparation according to that repre-

sentation [84].

5.1.5 Pupillary responses reflect two distinct decision making strategies

First and foremost, alterations of pupil size maintain a high quality of vision

by changing the amount of light that enters the eye. However, the psycho-

sensory pupil response, or 'PPR' is hypothesised to also reflect the prediction

process related to changes in the environment [264, 98]. A larger pupil di-

lation could be the result of increased arousal evoked by a novel surprising

event. Consequently, the arrival of a non-surprising event that already fits

existing internal expectations about the environment would make the pupil

comparably less dilated [278, 403, 187, 202, 296, 4].

However, it has been reported that there could be a negative correlation

between the latency of a saccade evoked by an event and the preceding pupil-

lary response [388, 172, 389, 165]. Jainta et al. [172] showed that pupil size
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preceding a visually guided saccade could be negatively correlated with its

latency. Indeed, in Experiment 1 of the present thesis, trials without spa-

tial uncertainty (SU1 condition) evoked shorter VG saccade latencies and

stronger pupillary dilation (see the 'PUPIL' label in Fig. 5.1). This exper-

imental condition was also related to the highest Vmax and numerous early

saccades. A positive relationship between pre-saccadic pupil size, saccadic

maximum velocity and the number of early saccades was also shown by

Wang et al. [389]. This connection between the pupillary response and sac-

cade characteristics could exist due to the coordination of these behaviors by

the superior colliculus which is a part of the neuronal pathways of both of

those mechanisms (the common drive hypothesis [321, 388]).

The results of Experiment 1 suggested that, as for the Vmax of visually

guided saccades or the number of early saccadic responses, the pupillary re-

sponse could conform to an implicit “do not bet on the unknown” strategy

[287]. When uncertainty is expected (SU2, SU3, SU4 conditions) and no ad-

ditional reward is granted for risking a fast response, then the oculomotor

system (including pupil size control) could lean towards a cautious response

strategy and increase oculomotor inhibition. Therefore, pupil dilation, sac-

cadic Vmax, and impulsive responses could be diminished.

However, Experiments 2 and 3 indicated that this effect of spatial un-

certainty on the pupillary response was reduced by temporal variability be-

tween blocks of trials (blocked variable foreperiod in Experiment 2 and cued

temporal uncertainty in Experiment 3; see the 'PUPIL' label in Fig. 5.1). It

could be suggested that in these two experiments, the pupillary response was

dominated by temporal uncertainty between blocks. This observation sug-

gests an independence of the impact of the two sources of uncertainty on

pupil size.

When it comes to time-related effects on the pupillary response, previous

studies indicate that pupil size could reflect decision-making under changing

temporal expectations [203, 296, 261, 395, 46]. Crucially, in variable foreperiod

tasks, pupil dilation could occur earlier for temporally imminent stimuli [2].
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In the current project, similar effects were observed for Experiments 2 and 3.

In Experiment 2, a stronger dilation was observed in blocks with shorter FP

durations. In Experiment 3, the pupil was more dilated if the shorter FP du-

ration could occur in a given trial as indicated by the temporal cue. Observed

pupil dilation, increasing more if the movement or decision were imminent,

reinforces the proposed association between pupil size changes and ramping

decision-making activity in DDM models [21]. The behaviour of the pupil

also resembles the slope of 2nd mode, anticipatory saccades, rising as the ex-

pected arrival time of the ‘go’ signal approaches. At the same time, Akdoǧan

et al. [2] did not find any trial-to-trial correlation between pupil dilation and

response latency. In this project, the correlation between the occurrence of an-

ticipatory saccades and pupillary response during the FP cannot be carried

out. Early saccades are a source of noise in the pupil traces and were removed

from the analysis. Future research could answer the question of whether an-

ticipatory saccades and pupillary response could be commonly driven by the

same mechanisms during the FP [388, 321].

To sum up, it could be suggested that, as observed for the saccadic Vmax,

the occurrence of the 'do not bet on the unknown' strategy in the pupillary

response is not dependent on the type of uncertainty (spatial or temporal) but

on the number of different sources of uncertainty presented in a given task.

5.1.6 Neuronal excitability increases for imminent decisions

The contingent negative variation ('CNV') has been proposed to reflect cog-

nitive and/or motor preparation processes that precede the arrival of the 'go'

signal. The CNV is often recorded from fronto-central scalp areas. Its source

could be located in the SMA and/or the pre-SMA [83, 192]. Crucially, those

structures neighbour other brain areas involved in oculomotor control [24].

Previous studies indicated that the amplitude of the CNV recorded dur-

ing stimulus anticipation could be more negative when some aspects of the

incoming stimulus are uncertain [124, 195]. Those results were interpreted

in terms of attention allocation. Unpredictable stimuli could require more
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attentional resources invested into their anticipation and processing. The ex-

tent of this attention allocation could be represented by a lower amplitude of

the CNV (for review, see [248, 192]). At the same time, research on temporal

processing indicated that more negative CNV could be evoked by durations

repeatedly presented during the task [394, 34]. Furthermore, studies showed

that the CNV signal was more negative for trials in which the foreperiod was

generally shorter [209, 91, 34]. This could indicate that the CNV signal rep-

resents a form of cognitive or motor readiness to process an incoming stimu-

lus [136, 84]. Consequently, the CNV signal could illustrate the optimisation

of neuronal excitability that changes as FP elapses. According to this view,

more negative CNV amplitudes would represent a stronger disinhibition of

its source regions and therefore heightened excitability that facilitates the ex-

ecution of movement [189].

The results obtained in Chapter 4 further support the above-mentioned

hypothesis. During the foreperiod, the CNV over fronto-central, central, and

centro-parietal electrodes presented a significantly more negative amplitude

during Ushort than Ulong trials (see Fig. 4.4B). This indicates an increased neu-

ronal excitability for short FPs, evoked by the anticipation of an imminent

'go' signal. Fast-approaching 'go' signal could 'push' the ramping CNV ac-

tivity to reach a predetermined excitation threshold faster compared to trials

with long FPs. This suggests that levels of neuronal excitability required to

achieve optimal motor or perceptual readiness depend on FP duration.

The CNV activity in Experiment 4 resembled not only the assumptions of

the ramping decision-making models but also the pupil-related observations

of Akdoǧan et al. [2]. CNV and pupillary signals appear to develop under

the common rule: favouring the imminent 'go' signals, perhaps illustrating

some aspects of temporal expectation. However, it must be stressed that in

this project, the positive, trial-by-trial correlation between pupil size and the

CNV in Experiment 4 was small (p = 0.033) and therefore requires stronger

empirical evidence. Similarly to the pupillary traces, the CNV signal can also

be artifacted by the occurrence of the early saccades during the foreperiod.

For that reason, a direct correlation between the slope of the CNV and the rise
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of the number of anticipatory saccades during the FP could not be conducted.

In a foreperiod task with [215] and without temporal cue [390], as well

as in a random-dot motion task [42], the latency of response to a 'go' signal

was correlated with the amplitude of the CNV. In both cases, a more negative

amplitude of the slow component predicted shorter latencies. In contrast, Kó-

bor et al. [195] reported no significant correlations between key-press latency

and CNV amplitude in a four-choice reaction time task. In his study, subjects

were presented with predictable and unpredictable streams of targets. The

results showed that the level of target predictability modulated CNV ampli-

tude. Similarly, a detailed regression analysis was executed on the foreperiod

go-no-go task [368]. Dissecting the sources of the latency variability in the

task indicated that only a small part of the latency effects depended on the

amplitude of the CNV.

Previous research suggests that the CNV signal illustrates the optimisa-

tion of neuronal excitability during anticipation. In Chapter 4, a trial-by-trial

relationship between the CNV signal and the latency of VG saccades was

found. The amplitude of the CNV increased together with the latency of vi-

sually guided saccades, but only for the Ushort condition. This indicates that

changes in neuronal excitability illustrated by the CNV are linked to the la-

tency of visually guided saccades. However, this relationship could be ob-

served only when the expected arrival time of the ‘go’ signal is imminent

(Ushort condition). When the overall duration of the FP was longer, this link

could be delayed in time or not required at all. This result provides further

evidence to existing suggestions that the relationship between the CNV and

behavioural performance is not linear but reflects complex resource optimi-

sation processes [57] (for review, see [189]). The absence of scientific con-

sensus on the possible relationship between the CNV signal and behavioural

responses highlights the need for more studies.
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Fig. 5.1 Summary of current findings. In addition to previously published
results [9, 166, 102], the table includes a summary of current findings. Results
of each experiment are presented in a column based on the role of spatial
uncertainty in the experimental design. Rows indicate the type of FP task
used. Coloured pictograms are described in the legend. The summary includes
effects related to the parameters of the VG saccades (latency, variance, Vmax),
the distribution of early saccades and the pupillary response.
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5.1.7 Future directions - Impulsivity testing in health and disease

Differences between impulsive and anticipatory saccades could help to im-

prove the diagnosis of impulsivity-related behaviours. Impulse control dis-

orders ('ICD' [322]) can co-occur with diseases such as Parkinson's disease

('PD' [393, 119, 386, 271]), Major Depressive Disorder ('MDD' [166, 118, 77]),

or dementia [316]. Those conditions are characterised by a non-definite list

of behaviours resulting from impairments of cognitive inhibition: compul-

sive gambling, shopping, hypersexuality, and binge eating [118, 369]. Fur-

thermore, purely motor signs of increased inhibition can be observed, e.g.,

akinesia, bradykinesia, tremor, and rigidity [256, 228].

However, PD can also be characterised by the occurrence of involuntary

movements [333] and impaired decision-making was also demonstrated for

those patients [288, 402]. At its core, PD of idiopathic ('iPD') or genetic origin

[130, 7] is manifested by degeneration of midbrain dopaminergic cells [288].

However, the functional explanation of symptoms is complex. Results sug-

gest that some motor problems related to the progress of PD could not be

due to impairments in the execution of the movement but rather could be a

result of altered motivation and motor inhibition [101, 180, 243]. Oculomo-

tor responses (for the description of saccadic intrusions related to neurode-

generative diseases, see [281]) could serve as a valuable tool to uncover the

impulsivity-related characteristics of the disease. Degos et al. [102] showed

that in iPD patients, temporal uncertainty caused an increase in the prob-

ability of occurrence of impulsive saccade sequences, trial after trial. Fur-

thermore, after introducing dopamine agonists, the number of impulsive sac-

cades was decreased for the benefit of anticipatory ones. The authors suggest

that the increased trial-by-trial probability of executing an impulsive saccade

could be an oculomotor sign of impulsivity [102].

In the work of Hsu et al. [166], MDD patients executed twice the num-

ber of early saccades (∼ 31%) compared to a healthy control group (∼ 14%,

[166]). Early saccades recorded from MDD patients had also shorter latencies.

Those results further indicate that impairments of inhibitory control related
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to diseases such as MDD can be detected by probing oculomotor behaviour.

Future investigation of oculomotor response patterns could improve our un-

derstanding of the underlying mechanism of ICDs and their environmental

triggers. Finally, further research could provide information about future be-

havioural therapies of ICDs.

At the same time, individuals can present non-dysfunctional manifesta-

tions of impulsivity related to personality. One can be described as impulsive

if one tends to act without precaution or foresight, even without the ICD diag-

nosis [118, 89, 24]. The results presented in this project indicate that patterns

of impulsive and anticipatory saccades can also be observed among healthy

control groups. Therefore, the results of the current project not only provide

a comparison for future research on ICD populations but can also inform the

research on personality types.

Importantly, in this project, no correlation was found between the char-

acteristics of oculomotor behaviour and the results of subjective impulsivity

questionnaires (Intolerance of Uncertainty [62, 123]; Barratt Impulsivity [27, 286];

Generalised Anxiety Disorder [342]). Future research is necessary to determine

whether behavioural testing could actually be better than questionnaires.

5.1.8 Conclusions

The current project illustrates several important characteristics of the ocu-

lomotor system under varying levels of spatial and temporal uncertainty.

Firstly, the latency of visually guided saccades repeatedly increases with spa-

tial uncertainty. The logarithmic relationship between saccade latency and

spatial surprise illustrated by Hick's law is suppressed by introducing some

form of implicit temporal uncertainty. However, no evidence was shown for

an interaction effect of explicitly cued spatial and temporal uncertainties on

oculomotor responses. Secondly, the oculomotor system likely represents the

implicit trial-by-trial foreperiod variability as a hazard rate. However, unlike

for manual response tasks, no scalar expectancy is presented for the visually

guided saccadic movement. Next, saccadic velocity and pupil dilation in-
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dicate that, under spatially uncertain conditions and without an additional

reward, the system likely chooses an implicit "do not bet on the unknown"

strategy of resource allocation. Crucially, this strategy is suppressed by in-

troducing some form of temporal uncertainty in the task. While saccadic ve-

locity does not directly reflect changes in foreperiod duration, the pupillary

response selectively illustrates temporal expectation.

Early saccades observed before the 'go' signal had a bimodal distribution

and contrasting characteristics. 1st mode, occurring early into the FP, illus-

trated impulsive responses, sensitive to the fast-approaching arrival time of

the ‘go’ signal. 2nd mode, with a latency adjusted to temporal expectation,

described cognitively driven, anticipatory saccades. Both modes were also

influenced by the top-down inhibitory process deployed in spatially uncer-

tain conditions.

Finally, the CNV observed over fronto-central, central and centro-parietal

brain regions showed more negative amplitudes for fast-approaching 'go' sig-

nals. Those negative amplitudes, representing a strong disinhibition of the

source regions, could illustrate a state of increased motor or perceptual readi-

ness, higher for shorter foreperiods. This hypothesis was strengthened by

the observed positive correlation between CNV amplitude and the latency of

visually guided saccades.

The current doctoral project demonstrated that human oculomotor re-

sponses are sensitive to spatial and temporal uncertainty. The lack of an

additional reward for fast responses made the behavioural tasks presented

in this project similar to everyday situations. Performing a saccadic move-

ment in everyday life is almost never promoted with a reward other than

reduced visual uncertainty. In order to produce optimal and stable oculomo-

tor performance, such as fast and precise saccadic responses, the available

resources must be strategically allocated. Here, we demonstrated that the

cautious strategy used by the oculomotor systems favours increased resource

allocation only in predictable environments. On the other hand, spatially or

temporally uncertain contexts could cause increased oculomotor inhibition.
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6.1 Chapter 2

Table S2.1 Model selection for statistical analyses in Experiment 1. BIC val-
ues derived from REML models.

Outcome Model Formula BICREML

VG saccade full.rs1 latency ∼ SU + (1 | subject) 48787.51
latency full.rs2 latency ∼ SU + (1 + SU | subject) DNC

VG saccade full.rs1 Vmax ∼ SU + (1 | subject) 50897.24
Vmax full.rs2 Vmax ∼ SU + (1 + SU | subject) DNC

pupil size full.rs1 pupil size ∼ SU + (1 | subject) 18841.85
full.rs2 pupil size ∼ SU + (1 + SU | subject) DNC

1st mode full.rs1 count ∼ SU + (1 | subject) 271.67
saccade count full.rs2 count ∼ SU + (1 + SU | subject) 305.94

2nd mode full.rs1 count ∼ SU + (1 | subject) 354.90
saccade count full.rs2 count ∼ SU + (1 + SU | subject) DNC

DNC model did not converge.

Table S2.2 Model selection for statistical analyses in Experiment 2. BIC val-
ues derived from REML models.

Outcome Model Formula BICREML

full.rs1 latency ∼ SU * FP + (1 | subject) 78333.95
VG saccade full.rs2 latency ∼ SU * FP + (1 + SU | subject) DNC
latency full.rs3 latency ∼ SU * FP + (1 + FP | subject) 77864.13

full.rs4 latency ∼ SU * FP + (1 + SU * FP | subject) DNC

full.rs1 Vmax ∼ SU * FP + (1 | subject) 86012.16
VG saccade full.rs2 Vmax ∼ SU * FP + (1 + SU | subject) DNC
Vmax full.rs3 Vmax ∼ SU * FP + (1 + FP | subject) 85891.74

full.rs4 Vmax ∼ SU * FP + (1 + FP | subject) DNC

pupil size full.rs1 pupil size ∼ FP + (1 | subject) 5367.88
full.rs2 pupil size ∼ FP + (1 + FP | subject) DNC

DNC model did not converge.
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Table S2.5 The log-likelihood of the mixture models fitted to the distribu-
tion of early saccades in Experiment 2.

FP duration Log-Likelihood
mix.2 mix.3 mix.4 mix.5

400 ms -1020.63 -1011.12 -1009.66 -1008.95

900 ms -938.54 -926.68 -927.72 -923.98

1400 ms -786.50 -775.42 -776.85 -782.52

1900 ms -794.67 -785.71 -784.53 -776.54

Table S2.6 Model selection for statistical analyses in Experiment 2. BIC val-
ues derived from REML models.

Outcome Model Formula BICREML

full.rs1 latency ∼ mode * FP + (1 | subject) 14203.47
early saccade full.rs2 latency ∼ mode * FP + (1 + mode | subject) DNC
latency full.rs3 latency ∼ mode * FP + (1 + FP | subject) DNC

full.rs4 latency ∼ mode * FP + (1 + mode * FP | subject) DNC

full.rs1 count ∼ mode * FP + (1 | subject) 1001.016
early saccade full.rs2 count ∼ mode * FP + (1 + mode | subject) 977.50
count full.rs3 count ∼ mode * FP + (1 + FP | subject) 980.48

full.rs4 count ∼ mode * FP + (1 + mode * FP | subject) 959.95

full.rs1 Vmax ∼ mode * FP + (1 | subject) 12708.44
early saccade full.rs2 Vmax ∼ mode * FP + (1 + mode | subject) DNC
Vmax full.rs3 Vmax ∼ mode * FP + (1 + FP | subject) DNC

full.rs4 Vmax ∼ mode * FP + (1 + mode * FP | subject) DNC

full.rs1 amp ∼ mode * FP + (1 | subject) 5088.86
early saccade full.rs2 amp ∼ mode * FP + (1 + mode | subject) DNC
amplitude full.rs3 amp ∼ mode * FP + (1 + FP | subject) 5101.63

full.rs4 amp ∼ mode * FP + (1 + mode * FP | subject) DNC

full.rs1 count ∼ mode * SU + (1 | subject) 940.13
early saccade full.rs2 count ∼ mode * SU + (1 + mode | subject) 909.53
count full.rs3 count ∼ mode * SU + (1 + SU | subject) DNC

full.rs4 count ∼ mode * SU + (1 + mode * SU | subject) DNC

full.rs1 Vmax ∼ mode * SU + (1 | subject) 12671.65
early saccade full.rs2 Vmax ∼ mode * SU + (1 + mode | subject) DNC
Vmax full.rs3 Vmax ∼ mode * SU + (1 + SU | subject) DNC

full.rs4 Vmax ∼ mode * SU + (1 + mode * SU | subject) DNC

full.rs1 amp ∼ mode * SU + (1 | subject) 5005.44
early saccade full.rs2 amp ∼ mode * SU + (1 + mode | subject) 5012.19
amplitude full.rs3 amp ∼ mode * SU + (1 + SU | subject) 5050.36

full.rs4 amp ∼ mode * SU + (1 + mode * SU | subject) DNC

DNC model did not converge.

144 |



Chapter 2 | 6.1
Ta

bl
e

S2
.7

Th
e

in
flu

en
ce

of
FP

du
ra

ti
on

an
d

m
od

e
on

th
e

la
te

nc
y

of
ea

rl
y

sa
cc

ad
es

in
Ex

pe
ri

m
en

t
2.

R
EM

L-
ca

lc
ul

at
ed

LM
M

m
od

el
st

at
is

ti
cs

ca
lc

ul
at

ed
us

in
g

Ty
pe

II
IA

N
O

VA
.B

IC
va

lu
es

de
ri

ve
d

fr
om

M
L

m
od

el
s.

M
od

el
B

IC
M

L
Fi

xe
d

te
rm

s
df

F
va

lu
e

p
va

lu
e

R
an

do
m

te
rm

s
σ

su
bj

ec
t

re
si

d

fu
ll.

rs
1

14
20

3.
47

m
od

e
1,

10
31

.3
3

0.
02

0.
00

9
70

.7
7

22
7.

43
FP

1,
10

32
.0

0
42

4.
41

<
2.

22
×

10
−

16

m
od

e
*

FP
1,

10
31

.9
8

36
6.

27
<

2.
22

×
10

−
16

m
od

e.
rs

1
15

02
7.

27
m

od
e

1,
10

31
.7

0
91

3.
06

<
2.

22
×

10
−

16
93

.2
3

34
1.

94

FP
.r

s1
15

01
8.

98
FP

1,
10

28
.0

9
92

6.
99

<
2.

22
×

10
−

16
13

6.
97

33
8.

44

df
de

gr
ee

s
of

fr
ee

do
m

,r
es

id
re

si
du

al
,σ

SD
of

th
e

ra
nd

om
te

rm
s.

Ta
bl

e
S2

.8
Th

e
in

flu
en

ce
of

FP
du

ra
ti

on
an

d
m

od
e

on
th

e
la

te
nc

y
of

ea
rl

y
sa

cc
ad

es
in

Ex
pe

ri
m

en
t

2.
R

EM
L-

ca
lc

ul
at

ed
LM

M
m

od
el

st
at

is
ti

cs
ca

lc
ul

at
ed

us
in

g
Ty

pe
II

IA
N

O
VA

.B
IC

va
lu

es
de

ri
ve

d
fr

om
M

L
m

od
el

s.

Fi
xe

d
te

rm
s

df
F

va
lu

e
p

va
lu

e

m
od

e
1

24
.4

1
2.

99
×

10
−

6

FP
1

57
.4

7
1.

50
×

10
−

11

m
od

e
*

FP
1

34
.6

8
4.

82
×

10
−

8

df
de

gr
ee

s
of

fr
ee

do
m

.

| 145



6 | Supplementary Materials
Ta

bl
e

S2
.9

Th
e

in
flu

en
ce

of
FP

du
ra

ti
on

an
d

m
od

e
on

th
e

nu
m

be
ro

fe
ar

ly
sa

cc
ad

es
in

Ex
pe

ri
m

en
t2

.M
L-

ca
lc

ul
at

ed
G

LM
M

m
od

el
st

at
is

ti
cs

ca
lc

ul
at

ed
us

in
g

th
e

Ty
pe

II
IW

al
d

χ
2

te
st

.

M
od

el
B

IC
M

L
Fi

xe
d

te
rm

s
df

χ
2

p
va

lu
e

R
an

do
m

te
rm

s
σ

su
bj

ec
t

fu
ll.

rs
4

95
9.

95
m

od
e

1
1.

19
0.

27
6

0.
57

FP
1

1.
15

0.
28

4
m

od
e

*
FP

1
11

.6
7

6.
34

×
10

−
4

m
od

e.
rs

4
95

9.
39

m
od

e
1

0.
47

0.
49

3
0.

52

FP
.r

s4
95

9.
47

FP
1

0.
39

0.
53

5
0.

51

df
de

gr
ee

s
of

fr
ee

do
m

,σ
SD

of
th

e
ra

nd
om

te
rm

s.

Ta
bl

e
S2

.1
0

Th
e

in
flu

en
ce

of
FP

du
ra

ti
on

an
d

m
od

e
on

th
e

V
m

ax
of

ea
rl

y
sa

cc
ad

es
in

Ex
pe

ri
m

en
t

2.
R

EM
L-

ca
lc

ul
at

ed
LM

M
m

od
el

st
at

is
ti

cs
ca

lc
ul

at
ed

us
in

g
Ty

pe
II

IA
N

O
VA

.B
IC

va
lu

es
de

ri
ve

d
fr

om
M

L
m

od
el

s.

M
od

el
B

IC
M

L
Fi

xe
d

te
rm

s
df

F
va

lu
e

p
va

lu
e

R
an

do
m

te
rm

s
σ

su
bj

ec
t

re
si

d

fu
ll.

rs
1

12
70

7.
33

m
od

e
1,

10
13

.8
0

14
.5

6
1.

44
×

10
−

4

94
.6

3
10

8.
23

FP
1,

10
14

.8
3

0.
04

0.
85

0
m

od
e

*
FP

1,
10

15
.9

1
6.

94
0.

00
9

m
od

e.
rs

1
12

70
1.

23
m

od
e

1,
10

15
.2

7
8.

04
0.

00
5

95
.0

5
10

8.
53

FP
.r

s1
12

70
9.

20
FP

1,
10

15
.5

8
0.

06
0.

81
1

95
.9

8
10

8.
93

df
de

gr
ee

s
of

fr
ee

do
m

,r
es

id
re

si
du

al
,σ

SD
of

th
e

ra
nd

om
te

rm
s.

146 |



Chapter 2 | 6.1
Ta

bl
e

S2
.1

1
Th

e
in

flu
en

ce
of

FP
du

ra
ti

on
an

d
m

od
e

on
th

e
am

pl
it

ud
e

of
ea

rl
y

sa
cc

ad
es

in
Ex

pe
ri

m
en

t2
.

R
EM

L-
ca

lc
ul

at
ed

LM
M

m
od

el
st

at
is

ti
cs

ca
lc

ul
at

ed
us

in
g

Ty
pe

II
IA

N
O

VA
.B

IC
va

lu
es

de
ri

ve
d

fr
om

M
L

m
od

el
s.

M
od

el
B

IC
M

L
Fi

xe
d

te
rm

s
df

F
va

lu
e

p
va

lu
e

R
an

do
m

te
rm

s
σ

su
bj

ec
t

re
si

d

fu
ll.

rs
1

50
88

.8
6

m
od

e
1,

10
12

.8
5

16
.7

9
0.

03
8

2.
13

2.
71

FP
1,

10
14

.3
6

4.
33

4.
51

×
10

−
5

m
od

e
*

FP
1,

10
15

.6
4

2.
54

0.
11

2

m
od

e.
rs

1
50

86
.1

7
m

od
e

1,
10

13
.9

2
18

.9
4

1.
48

×
10

−
5

2.
20

2.
72

FP
.r

s1
51

03
.8

8
FP

1,
10

14
.6

7
1.

06
0.

30
3

2.
18

2.
74

df
de

gr
ee

s
of

fr
ee

do
m

,r
es

id
re

si
du

al
,σ

SD
of

th
e

ra
nd

om
te

rm
s.

Ta
bl

e
S2

.1
2

Th
e

in
flu

en
ce

of
sp

at
ia

lu
nc

er
ta

in
ty

an
d

m
od

e
on

th
e

nu
m

be
r

of
ea

rl
y

sa
cc

ad
es

in
Ex

pe
ri

m
en

t2
.M

L-
ca

lc
ul

at
ed

G
LM

M
m

od
el

st
at

is
ti

cs
ca

lc
ul

at
ed

us
in

g
th

e
Ty

pe
II

IW
al

d
χ

2
te

st
.

M
od

el
B

IC
M

L
Fi

xe
d

te
rm

s
df

χ
2

p
va

lu
e

R
an

do
m

te
rm

s
σ

su
bj

ec
t

fu
ll.

rs
2

90
9.

53
m

od
e

1
5.

14
0.

02
3

0.
82

SU
3

43
4.

22
<

2.
22

×
10

−
16

m
od

e
*

SU
3

2.
47

0.
48

0

m
od

e.
rs

2
13

18
.6

3
m

od
e

1
3.

96
0.

04
7

0.
69

SU
.r

s2
89

6.
32

SU
3

43
5.

44
<

2.
22

×
10

−
16

0.
77

df
de

gr
ee

s
of

fr
ee

do
m

,σ
SD

of
th

e
ra

nd
om

te
rm

s.

| 147



6 | Supplementary Materials
Ta

bl
e

S2
.1

3
Th

e
in

flu
en

ce
of

sp
at

ia
lu

nc
er

ta
in

ty
an

d
m

od
e

on
th

e
V

m
ax

of
ea

rl
y

sa
cc

ad
es

in
Ex

pe
ri

m
en

t2
.R

EM
L-

ca
lc

ul
at

ed
LM

M
m

od
el

st
at

is
ti

cs
ca

lc
ul

at
ed

us
in

g
Ty

pe
II

IA
N

O
VA

.B
IC

va
lu

es
de

ri
ve

d
fr

om
M

L
m

od
el

s.

M
od

el
B

IC
M

L
Fi

xe
d

te
rm

s
df

F
va

lu
e

p
va

lu
e

R
an

do
m

te
rm

s
σ

su
bj

ec
t

re
si

d

fu
ll.

rs
1

12
72

6.
09

m
od

e
1,

10
10

.9
5

10
.8

6
0.

00
1

93
.0

7
10

8.
00

SU
3,

10
10

.1
7

3.
33

0.
01

9
m

od
e

*
SU

3,
10

06
.8

5
1.

78
0.

15
0

m
od

e.
rs

1
12

70
1.

23
m

od
e

1,
10

15
.2

7
8.

04
0.

00
5

95
.0

5
10

8.
53

SU
.r

s1
12

71
2.

86
SU

3,
10

14
.3

6
3.

42
0.

01
7

93
.8

9
10

8.
55

df
de

gr
ee

s
of

fr
ee

do
m

,r
es

id
re

si
du

al
,σ

SD
of

th
e

ra
nd

om
te

rm
s.

Ta
bl

e
S2

.1
4

Th
e

in
flu

en
ce

of
sp

at
ia

l
un

ce
rt

ai
nt

y
an

d
m

od
e

on
th

e
am

pl
it

ud
e

of
ea

rl
y

sa
cc

ad
es

in
Ex

pe
ri

m
en

t
2.

R
EM

L-
ca

lc
ul

at
ed

LM
M

m
od

el
st

at
is

ti
cs

ca
lc

ul
at

ed
us

in
g

Ty
pe

II
IA

N
O

VA
.B

IC
va

lu
es

de
ri

ve
d

fr
om

M
L

m
od

el
s.

M
od

el
B

IC
M

L
Fi

xe
d

te
rm

s
df

F
va

lu
e

p
va

lu
e

R
an

do
m

te
rm

s
σ

su
bj

ec
t

re
si

d

fu
ll.

rs
1

50
05

.4
4

m
od

e
1,

10
11

.7
9

31
.4

5
2.

64
×

10
−

8

1.
87

2.
57

SU
3,

10
10

.3
5

40
.6

5
<

2.
22

×
10

−
16

m
od

e
*

SU
3,

10
05

.5
9

1.
80

0.
14

7

m
od

e.
rs

1
50

86
.1

7
m

od
e

1,
10

13
.9

2
18

.9
4

1.
48

×
10

−
5

2.
20

2.
72

SU
.r

s1
50

11
.1

1
SU

3,
10

15
.0

8
37

.8
1

<
2.

22
×

10
−

16
1.

87
2.

61

df
de

gr
ee

s
of

fr
ee

do
m

,r
es

id
re

si
du

al
,σ

SD
of

th
e

ra
nd

om
te

rm
s.

148 |



Chapter 3 | 6.2

6.2 Chapter 3

Table S3.1 Model selection for statistical analyses in Experiment 3. BIC val-
ues derived from REML models.

Outcome Model Formula BICREML

full.rs1 latency ∼ SU * TU + (1 | subject) -472.28
VG saccade full.rs2 latency ∼ SU * TU + (1 + SU | subject) DNC
latency full.rs3 latency ∼ SU * TU + (1 + TU | subject) DNC

full.rs4 latency ∼ SU * TU + (1 + SU * TU | subject) DNC

full.rs1 Vmax ∼ SU * TU + (1 | subject) 46567.91
VG saccade full.rs2 Vmax ∼ SU * TU + (1 + SU | subject) DNC
Vmax full.rs3 Vmax ∼ SU * TU + (1 + TU | subject) DNC

full.rs4 Vmax ∼ SU * TU + (1 + SU * TU | subject) DNC

pupil size full.rs1 pupil size ∼ SU + (1 | subject) 10238.40
full.rs2 pupil size ∼ SU + (1 + SU | subject) DNC

pupil size full.rs1 pupil size ∼ TU + (1 | subject) 10221.74
full.rs2 pupil size ∼ TU + (1 + TU | subject) 10257.33

full.rs1 count ∼ SU * TU + (1 | subject) 510.36
1st mode full.rs2 count ∼ SU * TU + (1 + SU | subject) 536.93
saccade count full.rs3 count ∼ SU * TU + (1 + TU | subject) 531.75

full.rs4 count ∼ SU * TU + (1 + SU * TU | subject) DNC

full.rs1 count ∼ SU * TU + (1 | subject) 1037.05
2nd mode full.rs2 count ∼ SU * TU + (1 + SU | subject) 1054.09
saccade count full.rs3 count ∼ SU * TU + (1 + TU | subject) 1063.37

full.rs4 count ∼ SU * TU + (1 + SU * TU | subject) DNC

DNC model did not converge.
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6.3 Chapter 4

Table S4.1 Model selection for statistical analyses in Experiment 4. BIC val-
ues derived from REML models.

Variable Model Formula BICREML
Ushort Ulong

FPn
full.rs1 latency ∼ FPn + (1 | subject) 29952.28 30989.44
full.rs2 latency ∼ FPn + (1 + FPn | subject) DNC DNC

HRrec
full.rs1 latency ∼ HRrec + (1 | subject) 29952.58 30986.09
full.rs2 latency ∼ HRrec + (1 + HRrec | subject) 29961.90 DNC

FPn−1
full.rs1 latency ∼ FPn−1 + (1 | subject) 29993.69 30998.53
full.rs2 latency ∼ FPn−1 + (1 + FPn−1 | subject) DNC DNC

seq full.rs1 latency ∼ seq + (1 | subject) 29970.18 30989.88
full.rs2 latency ∼ seq + (1 + seq | subject) DNC DNC

DNC model did not converge, seq sequence.

Table S4.2 Model selection for statistical analyses of distribution effects on
early saccades in Experiment 4. BIC values derived from REML models.

Outcome Model Formula BICREML

1st mode saccade full.rs1 count ∼ dist + (1 | subject) 344.03
count in short anchor full.rs2 count ∼ dist + (1 + dist | subject) DNC

1st mode saccade full.rs1 count ∼ dist + (1 | subject) 373.53
count in long anchor full.rs2 count ∼ dist + (1 + dist | subject) DNC

2nd mode saccade full.rs1 count ∼ dist + (1 | subject) 562.01
count in short anchor full.rs2 count ∼ dist + (1 + dist | subject) DNC

2nd mode saccade full.rs1 count ∼ dist + (1 | subject) 484.07
count in long anchor full.rs2 count ∼ dist + (1 + dist | subject) DNC

dist distribution, DNC model did not converge.
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Fig. S4.1 Results of the equivalence test in Experiment 4. (A) Equivalence
test results for the SD of VG saccade latency. A black square shows mean dif-
ference (B - U) in raw scores with 98% CI (black horizontal line). (B) Equiv-
alence test results for the FPn−1 effects on the VG saccade latency. Coloured
dot shows the mean effect size in standardised scores with 98% CI (horizontal
coloured line).
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