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Abstract

A sense of agency (SoA) refers to an individual’s awareness of their control over their voluntary
actions and the sensory consequences of those actions. Experiencing a veridical SoA is imperative
to basic functioning as it facilitates effective goal-directed action. Despite this, a consensus on the
trajectory at which the capacity to experience a SOA develops from childhood to adulthood has
remained absent from past literature. To resolve this issue, SOA development was investigated by
evaluating the influence of age on the functional efficiency of the forward model; the cognitive
framework believed to generate a SOA. More specifically, the current research examined the extent
to which children, adolescents and adults could, i) accurately predict the outcome of their action,
and ii) update their action-outcome knowledge following post-action feedback; two skills

indicative of a precise forward model.

A synchronisation-continuation task (chapter 3) was used to assess the impact of age on
both the capacity to form veridical action-outcome predictions and update action-outcome
knowledge in children, adolescents and adults. To isolate the effect of age on action-outcome
prediction, a cued reaction time task (chapter 4) and a goal-switching task (chapter 5) were also
administered to children, adolescents, and adults. Likewise, an outcome learning task (chapter 6)
was used to assess how post-action learning changes from adolescence to adulthood. It was
revealed that the frequency at which individuals engage in action-outcome prediction (chapter 4)
and the quality of those predictions (chapters 3 and 5) improves with age. Similarly, the accuracy
(chapter 3) and magnitude (chapter 6) to which individuals can update action-outcome knowledge
in response to feedback was also found to refine with age. Moreover, the results of this thesis
extend prior knowledge by suggesting that forward model precision, and thereby, the capacity to

experience a SOA, develops with age across childhood, adolescence, and young adulthood.
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Covid-19 Impact Statement

In March 2020, the UK government announced restrictions on all non-essential contact in response
to the Covid-19 pandemic. This included the immediate suspension of all face-to-face data
collection and teaching activities (Brown & Kirk-Wade, 2021). The following statement will

outline the implications of these restrictions for the current research.

As will be discussed within the empirical chapters, the current research primarily consisted
of online behavioural experiments. However, the presented studies are not reflective of the original
research plan for this project. In 2019, preparations had been made to run in-person behavioural
experiments exclusively. More specifically, offline versions of the synchronisation-continuation
task (see chapter 3) and cued RT task (see chapter 4) had been designed in MATLAB using
Psychtoolbox (Kleiner et al., 2007). An electroencephalogram (EEG) was also intended to be used
to record participants’ contingent negative variation (CNV) during the cued RT task, as
implemented in prior developmental research (e.g., Bender et al., 2005; Thillay et al. 2015). The
CNV is believed to be indicative of stimulus expectancy and motor preparation (Kononowicz &
Penney, 2016), and hence, would have provided an additional measure of participants’ capacity to
form outcome predictions. Furthermore, there was a plan to run an experiment to explore
participants’ sensory adaptation, or in other words, their ability to adjust the direction of their
reaching movements in response to sensory feedback. This would have involved using a hand-held
robot manipulandum device to exert artificial perturbations on participants’ expected action-

outcome contingencies, similar to the device used in research by Kim et al. (2019b).

In response to the announced restrictions on in-person contact, the current research
underwent a complete shift in focus from offline behavioural experiments to online behavioural
studies, i.e., experiments that could be completed remotely without face-to-face contact with a
researcher. As a result, the synchronisation-continuation task and cued RT task were entirely
reprogrammed within PsychoPy to facilitate the online data collection. To achieve this, a
considerable amount of time was spent completing self-paced online courses in Python; the
programming language needed to recreate the planned tasks within PsychoPy. In addition, given

that participants were unlikely to have access to an EEG device or a hand-held robot



manipulandum device within their home, plans to utilise a CNV measure in the cued RT task and

conduct a sensory adaptation study were abandoned.

In addition to the suspension of all face-to-face research activities, all UK primary and
secondary schools were closed intermittently throughout 2020, and some of 2021, as part of
government-imposed restrictions on all in-person teaching. This meant that school educators and
pupils had to navigate online teaching and learning for the first time, leading to increases in
perceived workload, stress and burnout for both groups (Beames et al., 2021; Commodari & La
Rosa, 2021; Kim et al., 2022). This caused a considerable delay to the recruitment of individuals
aged 13-17 for all four of the current studies. Attempts were made to contact several high schools
regarding the recruitment of adolescents for the current project during this time. However, quite
understandably, many educators commented that they did not have the capacity or resources
available to support any research studies. Even when schools did reopen, the majority of educators
contacted noted that their workload still left little space to support any external projects, as they
adjusted back to in-person teaching. To speak candidly, this created a great deal of anxiety for me.
As the end of 2021 arrived, it was unclear whether any adolescent participants would be recruited

at all.

Fortunately, at the beginning of 2022, educators at two different secondary schools
confirmed that they were able to facilitate participant recruitment for the current project. However,
it should be noted that the difficulty experienced in gaining access to adolescent participants
restricted the quantity of adolescent participants that were recruited. Likewise, given that all
primary schools were also closed during the pandemic, it was only possible to recruit child
participants via Summer Scientist Month, an event which ran online in 2020 and 2021. Again, this
limited the number of child participants recruited, as well as the diversity of ages that | was able

to collect data for.

Finally, the current research intended to recruit adolescents with Tourette Syndrome for all
four of the present studies. Tourette Syndrome is a developmental disorder associated with
involuntary movements and vocalisations (Cavanna et al., 2009). Previous research has shown that

individuals with Tourette Syndrome exhibit both a deficit in their ability to update their forward



model (Kim et al., 2019b) and an impaired sense of agency (Zapparoli et al., 2020). Therefore, by
comparing the extent to which those with and without Tourette Syndrome could predict the most
probable consequences of their actions and update their action-outcome knowledge, the current
research intended to gain a more comprehensive understanding of how the neurotypical adolescent
forward model system operates. Recruitment of individuals with Tourette Syndrome occurred via
social media and through the charity, Tourettes Action. Unfortunately, an insufficient number of
participants with Tourette Syndrome were recruited. Notably, government-imposed restrictions on
face-to-face contact limited the avenues through which young people with Tourette Syndrome
could be accessed. For instance, many support groups for individuals with Tourette Syndrome
were not operating according to their normal schedule. Moreover, four planned chapters of this

thesis were discarded.

In summary, the Covid-19 pandemic and associated government-imposed restrictions
warranted alterations to the planned research methods and introduced delays and constraints to

participant recruitment. Thank you for taking this consideration when reading this thesis.


https://www.zotero.org/google-docs/?mSI2T3
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Chapter 1: General Introduction

Chapter Summary

Chapter 1 takes the form of a narrative review, beginning with an overview of how sense of agency
has been conceptualised in past literature. Current knowledge regarding how a sense of agency
might develop will then be discussed. Following this, the concept of a forward model will be
introduced and the relevance of forward models to the topic of agency will be outlined. Finally,
past research on how the quality of an individual’s forward model might improve with age will be

discussed, which will then lead to the aims of this thesis.

What is a Sense of Agency?

A sense of agency (SoA) refers to an individual’s awareness of their control over their voluntary
actions and the sensory consequences of those actions (Haggard & Chambon, 2012). Given that
an individual will author numerous voluntary actions over the course of a single day, experiencing
a SOA is imperative to basic functioning (Haggard, 2017). In particular, it enables the individual
to identify and continuously monitor the impact of their own actions upon their environment
(Liljeholm, 2021). Through this knowledge, they can then maintain an up-to-date understanding
of how they can interact with the physical world in order to achieve their goals (Moore & Obhi,
2012). In addition to shaping our knowledge of the external world, possessing a SoA is also
paramount to maintaining an accurate sense of self as it provides a means through which to

differentiate our own actions from those of other agents (David et al., 2011).

When attempting to specify the precise characteristics of an agency experience, it is
important to first acknowledge the idea that SOA can be subdivided into two separate constructs:
a feeling of agency (FoA) and a judgement of agency (JOA; Synofzik et al., 2008). A FoA is
defined as a low-level, internal ‘buzz’ sensation which informs the individual of their control over
their voluntary action and its effect. It has been suggested that a FOA is formed through an internal
computation where the expected consequence of a voluntary action is compared with what actually
occurred after the action was performed. When a match is detected, a FOA is experienced and the

event is classified as self-authored (Synofzik et al., 2013). The FoA has been argued to rely

13



predominantly on the cerebellum and sensorimotor areas, such as the pre-supplementary motor
area (pre-SMA,; Seghezzi et al., 2019) due to their role in predicting the sensory consequences of
intended actions (Seghezzi & Zapparoli, 2020; Welniarz et al., 2021) and detecting disparity
between predicted and observed sensory outcomes (Gabitov et al., 2020; van Kemenade et al.,
2019).

In contrast to the FOA, the JOA is characterised as a higher-order, explicit belief regarding
the most likely cause of an observed outcome. JOAs are believed to be produced through a process
of conscious reasoning where the individual’s personal beliefs regarding their ability to execute
the action, the perceived alignment between their intention and the observed outcome, and their
perception of the contextual information available post-action execution, such as the spatial and
temporal proximity of other potential sources of the sensory event, are taken into account (Desantis
et al., 2011; Weiss et al., 2014). The JoA has been associated with activation in prefrontal areas,
such as the dorsal medial prefrontal cortex (Sperduti et al., 2011), an area linked to the processing
of salient context cues (Moorman & Aston-Jones, 2015) and hypothetical reasoning about others’
motives (Molenberghs et al., 2016), and the ventromedial prefrontal cortex (Subramaniam, 2021),
which has been argued to contribute to self-referential processing and the maintenance of self- vs

other-related cues in working memory (Yin et al., 2021).

Evidently, where a FOA is merely concerned with establishing whether or not the individual
themselves was the author of an observed event, a JOA moves a step beyond this and seeks to
establish, if not the agent themselves, then who or what caused the event to happen (Haggard,
2017). Unsurprisingly, researchers grounded in action literature tend to focus exclusively on
examining the FoA, centring their investigations on understanding the cognitive and neural
architecture underlying this internal agency sensation (e.g., Haggard & Clark, 2003). Whereas,
phenomenological and social psychologists tend to be more concerned with understanding the JoA
than the FoA, often framing their findings in the context of moral and legal responsibility (Lacey,
2016; Pulkkinen & Aaltonen, 2003; Sidarus et al., 2020), as well as perceived free-will and
wellbeing (Bandura, 1989; Saarikallio et al., 2020).

14



Research directly focused on determining the maturation of either facet of agency is
notably lacking from past literature (Choudhury et al., 2007). Furthermore, of the research that has
explicitly investigated SoA development, it may be argued that the primary focus has been on
understanding children’s and adolescents’ JoA (e.g., Nobusako et al., 2020, 2022; van Elk et al.,
2015; Weijs et al., 2021) with relatively few studies concerned directly with revealing the nature
of their FOA (e.g., Cavazzana et al., 2014, 2017). Arguably, this is likely the result of the relative
ease with which a JoA can be measured in comparison to a FOA (Synofzik et al., 2013). To examine
the accuracy of an individual’s JoA, a researcher will often manipulate the visual feedback
available after a participant’s action, either temporally (Nobusako et al., 2020) or spatially
(Metcalfe et al., 2010). They then need only ask the participant the extent to which they attribute
the observed event to their own action or to that of another agent (Saito et al., 2015). Whereas, a
FoA is not directly observable as it occurs internally and is thus harder for researchers to quantify
(Haggard, 2017).

The lack of direct research into the developmental trajectory of the FOA is a prominent
issue given that a FOA is arguably more commonly experienced than a JoA and is therefore of
greater use in everyday life (Haggard, 2017). Individuals are rarely required to make explicit
evaluations regarding their sense of control over their actions in day-to-day life. Whereas, an
internal experience of the fluidity between a planned action and its external effect is frequently
experienced (Kihn et al., 2013). In addition, given that the FOA has been suggested to rely on
different brain regions than the JoA, it follows that these two constructs will likely develop at
differing rates (Saito et al., 2015). Indeed, research examining brain development from childhood
to adulthood has consistently shown that cortical grey matter develops in a region-specific manner
with motor and sensory systems maturing earliest and higher-order areas demonstrating a
protracted development period (Gogtay et al., 2004; Lenroot & Giedd, 2006), thus suggesting that
the FOA may develop at a faster rate than the JoA. Therefore, the current research aimed to
determine the developmental trajectory of the FOA, as its presence, or lack thereof, is essential to
individuals’ everyday interactions with their environment. For simplicity and to remain consistent
with previous action literature (e.g., Haggard et al., 2002), the term SoA will be used to refer to

the FoA exclusively throughout the remainder of this thesis.
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The Development of Agency

We will now turn to current knowledge regarding how a SoA might develop. Despite being
essential for daily life, few studies have directly investigated how SoA reaches an adult-like level
of precision (Choudhury et al., 2007). Furthermore, of the research that has explicitly investigated
SoA development, the primary focus has centred on comparing the experiences of children with
those of adults (e.g., Cavazzana et al., 2014, 2017), thereby omitting adolescence from the
discussion. Notably, of the two studies which have examined how an experience of agency differs
in childhood relative to adulthood, both concluded that children have a reduced SoA compared to
adults (Cavazzana et al., 2014, 2017). This implies that SoA develops linearly with age, meaning
that adolescents will likely outperform children but perform comparatively worse than adults.
Indeed, this idea is consistent with past neuroimaging research, which has highlighted adolescence
as a critical development period featuring significant maturational changes in regions of the brain
previously linked to SoA, such as the pre-SMA, the parietal cortex and the cerebellum (Blakemore
et al., 2012; Fuhrmann et al., 2015; Shaw et al., 2008; Sowell et al., 1999; Wierenga et al., 2014;
Zito et al., 2020).

Thus far, this assertion of an age-related improvement in SOA across adolescence has not
been supported. To date, only two studies have directly examined SoA in adolescence (Aytemur
etal., 2021; Aytemir & Levita, 2021). In research by Aytemir and Levita (2021), children (9-10),
mid-adolescents (13-14), late-adolescents (18-20) and adults (25-28) were instructed to make a
keypress at any time of their choice whilst viewing an analogue clock. After a delay, a tone was
delivered and participants were asked to report the time on the clock at the moment which the tone
was heard. The extent to which participants exhibited the outcome binding effect was then
recorded. The outcome binding effect refers to a phenomenon in which an individual judges a
sensory event to have shifted temporally towards their action. This effect is believed to only occur
when the individual believes that their action caused the event to transpire (Render & Jansen,
2021). Hence, the outcome binding effect has been suggested to measure the extent to which an
individual experiences agency over a given event (Borhani et al., 2017). Aytemiir and Levita
(2021) found that the outcome binding effect declined from childhood to late-adolescence before

returning to a level similar to that observed in children at adulthood. Therefore, contrary to the
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proposed notion of a linear improvement in SOA with age across ontogeny, this finding suggests

that SoA development follows a U-shaped trajectory, with a marked decrement in adolescence.

Intriguingly, when the same researchers measured the outcome binding effect again in mid-
adolescents (13-14), late-adolescents (18-20) and adults (25-28) using a near identical task, they
failed to replicate their previous findings (Aytemdir et al., 2021). It was found that the outcome
binding effect was greater in mid-adolescents compared to adults, whilst outcome binding in late-
adolescents did not differ from the levels of binding observed in mid-adolescents or adults.
Initially, this appears to directly contradict their previous conclusion of a poorer SOA amongst
adolescents relative to adults. However, Aytemir et al. (2021) argued that the reason for the
disparity between the findings of their two studies was that they had implemented a longer delay
of 450ms between participants’ actions and the tone in the current task compared to the 250ms

delay used in Aytemdir and Levita (2021).

In support of the idea proposed by Aytemir et al. (2021) to explain their results, previous
research has argued that there is a cognitive mechanism, known as a temporal binding window,
which determines the maximum delay that can exist between an action and an effect for the two to
still be perceived as causally related (Jaime et al., 2014). It has been shown that the temporal
binding window narrows with age through childhood, adolescence and young adulthood (Hillock-
Dunn & Wallace, 2012; Nobusako et al., 2018). Therefore, the results obtained by Aytemdr et al.
(2021) demonstrate that mid-adolescents are more willing to accept a longer delay between an
action and an effect than adults. Arguably, this tendency suggests that adolescents are more likely
to incorrectly bind unrelated actions and effects together, and thereby falsely perceive an event as
self-produced compared to adults. This interpretation then implies that the results of Aytemdr et
al. (2021) are indeed consistent with the conclusion drawn by Aytemdir and Levita (2021), as it

suggests that adolescents have a less precise and more error-prone SoA compared to adults.

Alternatively, if it were the case that adolescents’ expanded temporal binding window
meant that they were more likely to perceive a tone that occurred 450ms after their action as self-
caused than adults in research by Aytemir et al. (2021), then it is unclear why adolescents in

research by Aytemir and Levita (2021) were less able to perceive a tone that onset 250ms after
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their action as self-produced compared to adults. Intuitively, it follows that, if adolescents’
temporal binding window can accommodate a 450ms delay between an action and its effect, then
a shorter 250ms delay should fit adequately within that same window. For this reason, it can be
argued that the explanation that was proposed by Aytemir et al. (2021) to explain their findings
was specious, as it is incompatible with the results of Aytemir and Levita (2021). Subsequently,
given that adolescents’ experience of agency has only been investigated in two prior studies with
arguably contradictory results, the precise manner through which SoA matures across this
development period remains ambiguous. Hence, the ultimate goal of the current research was to
determine whether SOA matures at a linear rate across ontogeny, as suggested by past child studies

(e.g., Cavazzanaet al., 2014; 2017) and neuroimaging research (e.g., Blakemore et al., 2012).

Notably, all four of the noted studies that have sought to determine the developmental
trajectory of agency have employed a version of the intentional binding effect to measure SoA
(Cavazzana et al., 2014, 2017; Aytemir et al., 2021; Aytemir & Levita, 2021). The intentional
binding effect refers to a temporal compression which occurs between the perceived timing of an
action and its sensory effect when the effect is thought to be self-authored (Haggard, 2017). To
clarify, the outcome binding effect recorded by Aytemir and Levita (2021) and Aytemdr et al.
(2021) is often conceptualised as a subcomponent of the intentional binding effect that focuses
exclusively on the perceived shift in the timing of the sensory effect relative to the voluntary action
(Render & Jansen, 2021). It has been argued that the intentional binding effect is reliant on the
same cognitive system as a SOA, as creating a mismatch between the expected and actual timing
of the action consequence via the addition of a temporal delay has previously been found to
diminish the intentional binding effect (Wen, 2019). For this reason, the intentional binding effect

has commonly been used as a measure of agency within past research (Haggard, 2017).

In criticism of the noted reliance on the intentional binding effect in past studies, it has
been argued that this effect may not measure SoA exclusively (Suzuki et al., 2019). This can be
said as it has also been associated with causal inference and multisensory integration in absence
of any volitional action (Kirsch et al., 2019; Lorimer et al., 2020; Suzuki et al., 2019). Therefore,

by studying how the functionality of the cognitive framework underlying SoA changes with age
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across childhood, adolescence and young adulthood, it will be possible to gain a more direct

understanding of SoA development than has been achieved in prior intentional binding studies.

Forward Models and Their Relevance to Agency

The internal computation through which predicted and observed action outcomes are compared in
order to produce a SoA is believed to occur within a cognitive framework, known as a forward
model (Haggard & Chambon, 2012). Forward models were originally conceptualised in the
context of optimal motor control (e.g., Wolpert et al., 1995). Our environment is an inherently
dynamic space. Hence, the brain often receives sensory input from multiple different sources
simultaneously (Wolpert & Flanagan, 2001). Therefore, in order to regulate the impact of our
motor actions on the environment, it has been argued that the brain maintains two classes of
internal, computational model: forward sensory models and forward dynamic models (Wolpert et
al., 1995). When an individual intends to perform an action, the brain first generates a motor
command. This motor command contains instructions for the muscles on how to manipulate the
current body state in order to execute the desired action. A forward sensory model uses an
efference copy of the motor command to form a prediction regarding the most probable sensory
consequences of the intended action. Whereas, a forward dynamic model uses the motor command
to predict the most likely end body state that will be reached post-action execution (Wolpert &
Ghahramani, 2000).

When these internal models were first conceptualised, the precise mechanism through
which these predictions are created was not explicitly specified (e.g., Wolpert et al., 1995). Given
that our sensory receptors are unable to perceive sensory events with perfect acuity, it has been
suggested that each signal arriving into the brain will be corrupted by a degree of perpetual and
neural noise (van Beers et al., 2002; Neri, 2010; Wallace & Stevenson, 2014). Outside of the action
context, perception researchers have argued that the brain is able resolve the uncertainty introduced
by this noise and thereby, predict probable future sensory events, by weighting relevant knowledge
gained from past experience against current contextual information using Bayes’ theorem (Vilares
& Kording, 2011; see equation 1.1, as outlined by Shi et al., 2013). For example, when faced with
an unidentifiable figure in a dimly lit room, pre-acquired knowledge, such as the identity of all the
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other occupants in the house, is combined with contextual information, such as the physical stature

of the figure, in order to presume the identity of the mystery individual.

To briefly explain the notation shown in equation 1.1, E,, refers to an average estimate of
the sensory evidence accumulated from past experience, otherwise known as the prior. Whereas,
E;; refers to the likelihood, or in other words, the individual’s perceptual estimate of the available
contextual cues. W, and W;; represent the weight awarded to the prior and the likelihood,
respectively. Finally, Posterior refers to the prediction produced as a result of the weighted

combination of the prior and the likelihood.

Posterior = (W, * Ep) + Wy * Ey)
(1.1)

Crucially, in order to minimise the level of noise present in the final prediction, it has been
argued that the likelihood and the prior are not necessarily integrated with an equal weighting to
produce the posterior (Moore & Fletcher, 2012). For instance, if the individual’s sensory system
is unable to make a reliable estimate of one or more sensory cues available in the environment,
then less weight will be awarded to the likelihood information relative to the prior evidence (Ernst
& Banks, 2002; Yon & Frith, 2021). On the other hand, if the individual’s prior knowledge is
unreliable due to a lack of relevant experience, then the computed posterior will be based more on
the likelihood than on the prior (Knill & Pouget, 2004). Therefore, it is believed that by attuning
the weight assigned to the prior and likelihood, the veridicality of the posterior prediction is

maximised.

Subsequent literature has also sought to apply Bayes’ theorem to action research, thus
suggesting that the predictions of forward sensory models and forward dynamic models are formed
through a weighted combination of a prior and a likelihood (e.g., Faisal et al., 2008; Franklin &
Wolpert, 2011; Legaspi & Toyoizumi, 2019). In the context of the forward sensory model, a prior
refers to a belief regarding the typical result of the intended action, based on an average estimate

of all previous iterations of the planned action. Whereas, a likelihood refers to an estimate of the
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sensory information available in the environment before action execution, such as the perceived
properties of an encountered object (Berniker & Kording, 2011; Di Luca & Rhodes, 2016).
Therefore, from a Bayesian perspective, the predictions of a forward sensory model are formed
through the combination of both internal prior knowledge cues and external likelihood cues
(Moore & Fletcher, 2012).

After the motor action has been completed, it is believed that a comparator mechanism
within the forward sensory model then compares the predicted outcome with the actual sensory
information observed (Carruthers, 2012). If a disparity is detected between the expected and
observed outcomes, then one of two consequences occurs: either the forward sensory model is
updated or the model remains unchanged and instead, a different action is chosen for any
subsequent movements (Chambon et al., 2014). The magnitude to which the forward sensory
model is modified varies according to the outcome of the comparator mechanism. The larger the
discrepancy detected by the comparator, the greater the extent to which the probabilistic
associations between the action and its potential effects are altered. The updated model is then
used to generate new outcome predictions when the individual performs the target action again in
the future (Franklin & Wolpert, 2011).

A SOA is believed to arise as a by-product of the internal computation that occurs at the
comparator mechanism; the greater the alignment between expectations and observations, the
greater the probability that a SoA will be experienced (Sato & Yasuda, 2005). Subsequently, the
accuracy with which an individual can experience a SOA over an observed sensory event is
dependent on the precision of their forward model prediction. In turn, the veridicality of those
predictions is thought to be reliant on the individual’s ability to utilise the information gained from
past action to maintain an up-to-date conceptualisation of the action-outcome contingencies

relevant to the current context (Asai, 2017).

In support of the assertation that both the optimisation of motor control and SoA rely on
the precision of the forward sensory model, past research has shown that both processes rely on
the same areas of the brain, such as the cerebellum, the pre-supplementary motor area, and the

angular gyrus (Tanaka et al., 2020; Welniarz et al., 2021). Similarly, past research has
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demonstrated that introducing a spatial or temporal discrepancy between a voluntary action and its
outcome creates an incongruency between the anticipated and actual consequence of the action,
and thereby diminishes the individual’s sense of control over the observed event (Haggard et al.,
2002; Kirsch et al., 2016; Ruess et al., 2018). Taken together, these findings suggest that through
studying the functionality of the forward sensory model, it will be possible to obtain a proxy
measure of a participant's SoA. For simplicity, the forward sensory model will be referred to as

the forward model for the remainder of this thesis.

Incidentally, it should briefly be acknowledged that some past studies have adopted a
Bayesian account to describe how outcome feedback can alter a learned action-outcome
association (e.g., Berniker & Kording, 2011; Hohwy, 2017; Kérding & Wolpert, 2006). Yon et al.
(2020) argued that both the predicted and actual sensory information are entered into a weighted
comparison. When the individual’s perceptual estimate of the observed outcome is more precise
than their expectation, greater weight is assigned to this new evidence over their prediction. Their
prior action-outcome knowledge will then remain unchanged and a new action will be selected for
any subsequent actions. Whereas, when a prediction is less reliable than the sensory feedback
observed, less weight is attributed to the prediction relative to the observed feedback. As a result,
the individual will then incorporate the incoming sensory feedback into their prior estimate. Given
that the prior is believed to be an average estimate of a range of past observations, it has been
argued that, the larger the dissimilarity between the newly observed outcome and this distribution
of past observations, the greater the extent to which the prior estimate is altered by this new
outcome information (Berniker & Kording, 2011; Hohwy, 2017). Evidently, this Bayesian account
of motor control appears to be compatible with the more traditional comparator mechanism
account; larger discrepancies between predicted and observed outcomes result in more substantial

changes to the conceptualised action-outcome relationship.

On a similar note, some studies have also taken a Bayesian approach to explain the manner
in which a SoA can emerge (e.g., Legaspi & Toyoizumi, 2019). It has been argued that, the higher
the probability that the expected and perceived outcomes were produced from the same prior
estimate, the greater the individual’s SoA over the observed event (Legaspi & Toyoizumi, 2019).

Again, it appears that this Bayesian perspective of SoA production is in agreement with the
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traditional comparator mechanism account; the higher the correspondence between an anticipated
and an observed outcome, the greater the probability that a SoA will be experienced. Ergo, this
reinforces the decision to measure the functionality of the forward model as an index of one’s

capacity to experience agency within this thesis.

The Development of the Forward Model

Attention will now turn to current knowledge regarding the developmental trajectory of the
forward model, given its suggested role in constructing a SoA. In particular, this subsection will
discuss how the ability to i) appropriately update action-outcome knowledge in response to
incoming action feedback and ii) form accurate action-outcome predictions matures with age, as

both abilities demonstrate the precision of the forward model (Desmurget & Grafton, 2000).

In order to predict the consequence of a planned action, it has been suggested that an
individual must first be able to conceptualise the causal associations between their own actions
and observed sensory events (Assaiante, 2012). This action-outcome knowledge is not innate;
infants will often flail their limbs in the absence of a distinct goal (Adolph & Franchak, 2017).
However, these initial explorative movements provide infants with the opportunity to build
associations between specific actions and their effects (Paulus et al., 2012). Indeed, it has been
demonstrated that the capacity to learn about action-effect contingencies after repeated exposure,
and use this knowledge to guide further action, is present from early infancy (Gredeback et al.,
2018; Kretch & Adolph, 2012). For example, Watanabe and Taga (2006) demonstrated that, when
the previously observed result of their leg kick suddenly became absent, 2-month-old infants
increased the frequency of their subsequent kicking movements. This suggests that, from 2-
months-old, infants can acquire an understanding of the relationship between their kick and its
effect from past action feedback. Not only this, but this also illustrates that infants can use this
knowledge to predict the outcome of their action, as evidenced by their increased leg-kicking
frequency when their expectation was violated. Therefore, this suggests that individuals can

construct and operationalise a forward model from early infancy.

Given evidence to suggest that the capacity to produce and utilise a forward model to

support goal-directed action is already present from as early as 2-months-old (Watanbe & Taga,
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2006), one could conclude that the objective of this thesis is redundant. However, the mere
presence of a forward model does not guarantee that the model will operate with adult-like
precision. Indeed, although it has been demonstrated that children can combine learned knowledge
and new sensory evidence to generate causal predictions (Bejjanki et al., 2020; Griffiths et al.,
2011; Sobel & Munro, 2006), it has been argued that the accuracy of those predictions are poorer
compared to those of adults (Klevberg & Anderson, 2002; Plumert, 1995). For example, when
younger children (aged 4-7 years), older children (8-11 years), and adults were asked to walk
through doorways of varying widths, Franchak (2019) found that participants’ accuracy in
predicting whether or not they could fit through the available doorway space improved with age.
This supports the idea that children possess a less sophisticated forward model compared to adults,
as this finding suggests that children are less able to form accurate predictions regarding the most

likely outcome of their action.

One potential reason for the noted lack of precision in children’s outcome predictions is
that the quantity of information that they are able to incorporate into their prior estimate has been
argued to be poorer compared to that of adults (Chambers et al., 2018; Gopnik & Bonawitz, 2015).
For example, in research by Barash et al. (2019), children aged 5-8 and adults drew yellow and
green balls from an urn with replacement. Before each ball was drawn, participants predicted the
ball’s colour. It was found that, compared to adults, children tended to base their predictions on
the outcome of only the most recent trials, as opposed to an average estimate of all the balls seen
so far. As a result, it was reported that children demonstrate poorer choice accuracy than adults.
This suggests that, relative to adults, children are less able to appropriately update their prior
action-outcome knowledge to incorporate new outcome evidence, thus resulting in erroneous
subsequent predictions. Consequently, this implies that children’s inferior prediction accuracy
results from a poorer ability to learn from post-action feedback when compared to adults.
Therefore, this finding provides further support for the idea that children possess a less developed

forward model system than adults.
As the quantity of information that children are able to incorporate into their prior is

believed to be relatively limited compared to that of adults, it has been suggested that their

predictions will often be biased towards the likelihood (Chambers et al., 2018). As previously
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noted, the sensory system is not an infallible machine able to perceive sensory events with
impeccable acuity (Wolpert & Flanagan, 2001). This is particularly evident in children; adults have
been shown to outperform children on tasks where they are asked to discriminate between different
auditory and visual stimuli based on perceptual features, such as intensity, frequency, and duration
(Bishop et al., 2011; Droit-Volet et al., 2007; Jensen & Neff, 1993; Zélanti & Droit-Volet, 2012).
Likewise, it has been reported that children below the age of 10 are unable to integrate multiple
sensory cues in an optimal manner (Ernst & Banks, 2002). Taken together, this suggests that
children are less able to access an accurate perceptual estimate of the sensory information present
within their environment compared to adults. Therefore, in addition to an unreliable prior,
children’s poor prediction accuracy can also be attributed to a tendency to over-rely on imprecise
likelihood information. Additionally, this lack of perceptual acuity can also be suggested to
undermine their capacity to evaluate the congruency between predicted and actual feedback and
thereby, update action-outcome knowledge. Ergo, this provides further evidence in support of the

idea that children have a less precise forward model system than adults.

Gaps in the Current Literature

In parallel to previous SoA literature (e.g., Cavazzana et al., 2014, 2017), the majority of past
studies which have contributed to our understanding of forward model development have tended
to compare how children and adults differ in their ability to predict action consequences (e.g.,
Franchak, 2019; Perchet & Garcia-Larrea, 2005) and adapt behaviour in response to sensory
feedback (e.g., Wilson & Hyde, 2013; Tahej et al., 2012; Scheerer et al., 2016). In contrast,
relatively few studies have explicitly examined the manner in which the forward model system
develops in adolescence (Quatman-Yates et al., 2012; Barlaam et al. 2012; Dahl et al. 2018).
Hence, the objective of the current thesis was to determine the full trajectory at which the forward

model develops from childhood to adulthood, including across adolescence.

Adolescence is a developmental period which spans from the onset of puberty to the start
of adulthood, typically occurring between the ages of 13-17-years-old (Jaworska & MacQueen,
2015). This period is believed to be marked by substantial structural and functional changes within
the brain (Sisk & Gee, 2022; Smith et al., 2011) as a result of increased synaptic pruning and

myelination (Whitford et al., 2007). These maturational changes have been argued to cause a
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progressive shift throughout adolescence from a bottom-up, stimulus-driven motor control strategy
to a more top-down, proactive method of action control (Braver, 2012; Decker et al., 2016). In line
with this idea, it has previously been argued that adolescents are better able to prepare appropriate
motor responses in anticipation of target stimuli compared to children (Padilla et al., 2014; Van
Gerven et al., 2016); a skill which necessitates the estimation of probable action-consequences
(Wolpert & Flanagan, 2001). Furthermore, variation in adolescents’ anticipatory motor control has
previously been linked to age-related changes in the structure of their prefrontal cortex
(Vijayakumar et al., 2014), a region of the brain implicated in both the proactive orientation of
attentional resources towards expected stimuli (Bechara et al., 1996; Snyder et al., 2021) and the
anticipatory representation of goal-related information (Chatham et al., 2009). Taken together, this
suggests that the ability to predict the most probable outcome of a planned action should improve

across adolescence, in line with developmental changes occurring within the brain.

In further support of the idea that adolescents’ ability to anticipate action-consequences
improves with age, it may be suggested that adolescents are able to construct more reliable prior
and likelihood estimates compared to children. For instance, past research has shown that
adolescents demonstrate improved sensory perception abilities compared to children, as evidenced
by their enhanced performance on sensory discrimination tasks (Herman et al., 1996; Ladouceur
et al., 2007). This implies that adolescents are better able to form an accurate perceptual estimate
of the sensory information present within their environment than children. Hence, this suggests
that the quality of the likelihood estimate that individuals are able to use when generating their
forward model predictions improves with age from childhood to adolescence. Similarly, it has
been reported that adolescents tended to use a greater volume of past trial outcomes to inform their
subsequent choices on learning tasks compared to children (e.g., Barash et al., 2019; Master et al.,
2020). This suggests that the reliability of individuals’ prior estimate also undergoes age-related
improvements from childhood to adolescence. Therefore, it may be argued that both the quality of
forward model predictions and the ability to appropriately update learned action-outcome

mappings should refine with age in adolescence, before reaching full maturity in adulthood.
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Summary and Research Aims

To summarise, the purpose of this thesis was to rectify the absence of adolescents from prior SoA
development literature, and thereby, establish the full developmental trajectory of a SoA from
childhood to young adulthood. Given that a SOA is believed to be produced via a forward model
(Haggard & Chambon, 2012), and a SoA itself cannot be directly observed (Haggard, 2017), the
proficiency of individuals’ forward model system was chosen as a proxy measure of agency. More
specifically, the functionality of an individual’s forward model system was examined via their
ability to i) accurately predict the outcome of their action, and ii) update learned action-outcome

knowledge in response to post-action feedback; two skills indicative of a precise forward model.

The primary goals of this thesis were twofold:

1. Based on past literature (e.g., Van Gerven et al., 2016), the first goal of this thesis was to
test the idea that the ability to form accurate action-outcome predictions improves with age
from childhood to adulthood.

2. In addition, the second goal of this thesis was to evaluate the suggestion that the ability to
appropriately update learned action-outcome associations in light of post-action feedback
improves with age from childhood to adulthood, as suggested by past research (e.g., Master
et al., 2020).

Evidently, achieving these two initial goals will allow us to attain our ultimate thesis aim:

3. To assess the assertion that SOA matures at a linear rate from childhood to adulthood, as
suggested by past child studies (e.g., Cavazzana et al., 2014; 2017) and neuroimaging
research (e.g., Blakemore et al., 2012), in light of the contradictory evidence presented by
Aytemir and Levita (2021).

The empirical studies within this thesis will address the first and second thesis goals. The
implications of the findings drawn from the reported studies for the third thesis objective will then

be discussed in chapter 7. Furthermore, the next chapter will outline how the first and second goals
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were investigated within this thesis, alongside the relative merits and limitations of the methods

employed to accomplish this endeavour.
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Chapter 2: A Comprehensive Discussion of the Methodology Used in the Current

Research

Chapter Summary

Chapter 2 outlines how prediction accuracy and post-action outcome learning were assessed
empirically within the current research, in addition to the relative merits and limitations of the
methods used to achieve these goals. More precisely, this chapter begins by briefly discussing the
specific online behavioural tasks that were employed across this thesis and how they facilitated
the quantification of participants’ prediction accuracy and post-action outcome learning. Next, the
disadvantages of conducting behavioural experiments online are discussed, alongside their
implications for the robustness of the current research and how the identified issues were mitigated.
Following this, the parent- and self-report scales that were used to assess participants’ level of trait
impulsivity are described and their use in the current research supported with appropriate prior
evidence. The benefits and challenges that were encountered when recruiting participants for the
current online studies are then discussed. Finally, the approach to data analysis taken throughout

this thesis is outlined and justified.

The Specific Behavioural Tasks Implemented Within the Current Research

Across chapters 3 - 6 of this thesis, four online behavioural tasks are presented, each of which were
used to assess how the forward model reaches an adult-like level of precision. A relatively brief
overview of each task, including their relevance to the forward model and why they were chosen
for the current research, will now be presented. A more detailed discussion of how prediction
accuracy and/or post-action outcome learning were quantified in each task can be found within

each individual empirical chapter.

Chapter 3 - The Synchronisation-Continuation Task

The study described in chapter 3 used a synchronisation-continuation task to measure the accuracy
and consistency of sensorimotor continuation in participants aged 4-25. Sensorimotor continuation
refers to an individual’s ability to maintain a specified temporal interval between each of their

motor responses (McPherson et al., 2018). In keeping with past synchronisation-continuation
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studies (Repp & Su, 2013), participants were first instructed to press the spacebar in synchrony
with a series of isochronous tones that were delivered at either a high, medium or low frequency.
They were then required to continue pressing the spacebar at the same pace after the tones had
been removed. The accuracy and consistency with which participants could maintain the same
temporal interval between each of their keypresses as was present between the tones was then

recorded as an indicator of their sensorimotor continuation skill.

Previous research has argued that effective sensorimotor continuation is dependent on the
precision of the forward model (Maes, 2016). In order to accurately and consistently reproduce the
target response pace, participants must use their prior knowledge of the target inter-response-
interval to predict the optimal time at which to make their next response. They must then monitor
for, and correct, any disparity between their produced inter-response-interval and the target inter-
response-interval (Maes, 2016). Evidently, the greater the accuracy and consistency with which
participants could maintain the target response pace, the better both their prediction accuracy and
their post-action outcome learning. Therefore, the results of chapter 3 are relevant to both the first

and second objectives of this thesis.

Aside from providing an effective method of indexing forward model precision, the
synchronisation-continuation task was also selected for the current research because it is believed
to be sufficiently simplistic for young children to understand, as demonstrated by its
implementation in previous developmental studies (e.g., Monier & Droit-Volet, 2019). In addition,
despite the fact that synchronisation-continuation tasks have only been run in offline contexts
within prior research (e.g., Drewing et al., 2006), the task was also chosen because it was
reasonably effortless to implement online. This can be said as no additional hardware was needed
for participants to complete the study; only access to a keyboard and a stable Wi-Fi connection
were required. Therefore, the synchronisation-continuation task was an ideal paradigm to utilise

in the current research.
Chapter 4 - The Cued Reaction Time Task

Chapter 4 details an experiment in which a cued reaction time (RT) task was used to assess

predictive motor timing in participants aged 4-25. Predictive motor timing refers to the ability to
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manipulate the timing of an intended action such that its occurrence aligns with the predicted onset
of an imminent stimulus (Debrabant et al., 2012; Tanaka et al., 2021). Inspired by the tasks
implemented in research by Brown (2019) and Burnett Heyes et al. (2012), participants were first
presented with a red stimulus for a fixed interval during the cued RT task. After this, an amber cue
stimulus was presented for a variable interval. Finally, the amber cue stimulus was replaced by a
green target stimulus. Participants’ objective was to make a mouse click response as soon as the

target stimulus became visible.

Crucially, participants could achieve the task objective by either making an anticipatory
response or a reactive response (Burnett Heyes et al., 2012). Anticipatory responses required
participants to predict the most likely onset time of the target stimulus and thus, when best to
respond such that their keypress temporally aligned with the target stimulus’ onset. Whereas,
reactive responses were triggered by the onset of the target stimulus, and thus, required no internal
action preparation via the forward model in advance of the target stimulus’ arrival (Braver, 2012).
The ratio of anticipatory to reactive responses produced by each participant was recorded.
Intuitively, anticipatory responses were more advantageous than reactive responses, as an
anticipatory response would achieve faster reaction time relative to a reactive response.
Consequently, the higher the anticipatory to reactive response ratio, the greater the participant’s
predictive motor timing, and thereby, the better their ability to form forward model predictions.
Hence, unlike the synchronisation-continuation task described in chapter 3, the cued RT task was
used to measure participants’ prediction accuracy exclusively. Therefore, the results of chapter 4

address the first goal of this thesis.

Evidently, it can be argued that the objective of the cued RT task was fairly straightforward
for both younger and older participants to understand, as evidenced by prior developmental
research (e.g., Brown, 2019). This simplicity minimises the potentially confounding impact of age-
related differences in task comprehension on the results, thus making it an ideal paradigm for the
current research. Furthermore, past research has demonstrated that the cued RT task can easily be
framed as a car race, given that the roles of the cue and target stimuli mirror those of real-world

amber and green traffic lights (Burnett Heyes et al., 2012). Therefore, the cued RT was believed
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to be effective in maintaining the attention of younger participants, thus further justifying its

suitability for the current research.

Chapter 5 - The Goal-Switching Task

The study outlined in chapter 5 used a goal-switching task to measure task-switching in
participants aged 5-21. Task-switching refers to an individual’s ability to flexibly shift between
two or more different task objectives (Barcelo et al., 2006). Inspired by the task administered by
Jung et al. (2015), on each trial of the goal-switching task, participants were presented with either
a red or green stimulus positioned on the left or right side of the screen. When the stimulus was
green, participants had to perform a pro-saccade, which involved moving their gaze towards the
side of the screen that contained the stimulus. Whereas, when the stimulus was red, an anti-saccade
was required; participants needed to move their gaze to the opposite side of the screen, away from
the presented stimulus. Whether or not participants shifted their gaze in the correct direction was
recorded for each trial. Hence, the goal-switching task required participants to shift between

performing pro-saccades and anti-saccades across the trials.

To make a correct response on the goal-switching task, the participant needed to combine
their prior knowledge of the causal action-outcome associations with the colour of the presented
stimulus in order to determine how best to respond. Therefore, similar to chapter 4, the results of
chapter 5 also address the first goal of this thesis. Switch costs and mixing costs were calculated
for both pro-saccade trials and anti-saccade trials based on participants’ response accuracy. Switch
costs revealed the cost to accuracy of having to switch between action-outcome pairings when
assessing how best to respond. Whereas, mixing costs demonstrated the cost to accuracy of having
to maintain, and select between, different action-outcome associations (Manzi et al., 2011).
Moreover, both switch costs and mixing costs provide an effective means through which to
quantify an individual’s ability to use appropriate prior knowledge to guide their current actions
and suppress incorrect, automatic responses. Similar offline tasks have previously been used to
assess task-switching in developmental studies (e.g., Reimers and Maylor, 2005). Moreover, this

reinforced the decision to utilise the goal-switching task within the current research.
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Chapter 6 - The Outcome Learning Task

Chapter 6 describes an experiment in which an outcome-learning task was administered to
participants aged 14-24. Outcome learning refers to an individual’s ability to alter their knowledge
of the action-outcome contingencies present within their environment in response to post-action
feedback (Kawato & Wolpert, 2007). In keeping with the task used by Browning et al. (2015),
participants selected between two boxes during the outcome-learning task, one of which contained
a reward. The task contained two conditions. In the stable condition, the relative probability that
each box would lead to a reward outcome was fixed. Whereas, in the volatile condition, these
probabilities shifted between the two boxes over time. Each participant’s choices were then
recorded. From this, one learning rate was calculated per condition for each participant. The
learning rate revealed the extent to which the participant’s action-outcome knowledge, and
subsequent choice behaviour, was modified in response to the most recently observed trial
outcomes. The higher the learning rate, the greater the influence of recent outcomes on learned

action-outcome knowledge, relative to the wider history of observed feedback.

To maintain an up-to-date understanding of the probabilistic associations between actions
and their effects, an individual must incorporate observed action feedback into their prior estimate
(Berniker & Kording, 2011). Crucially, the rate at which these modifications to prior knowledge
are made must be modulated according to the volatility of the current context (Behrens et al.,
2007). In arelatively stable context, where probabilistic action-outcome relationships remain fixed
over time, it is optimal to possess a low learning rate. As a result, each action outcome will only
trigger a minor update to the individual’s action-outcome knowledge (Behrens et al., 2008).
Whereas, in a more volatile context, where action-outcome associations are subject to frequent
change, a high learning rate is favourable. Consequently, a recent action outcome will trigger a
substantial update to one’s action-outcome knowledge (Browning et al., 2015). Therefore, this
suggests that, by examining an individual’s ability to optimally modify their learning rate
according to the relative stability of the current context, it is possible to measure their capacity to
make appropriate updates to their forward model. Hence, the results of chapter 6 address the
second objective of this thesis. Notably, similar learning tasks have been used to assess
individuals’ capacity to update action-outcome knowledge in prior developmental research (e.g.,

Eckstein et al., 2020), making this task ideal for the current research.
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Brief Summary

To summarise, participants’ performance on a synchronisation-continuation task, a cued RT task
and a goal-switching task were used to quantify their ability to predict the consequences of their
own actions. Additionally, the synchronisation-continuation task and an outcome learning task
revealed participants’ capacity to update their action-outcome knowledge in response to past action
feedback. All four tasks were selected for the current research based on their relative simplicity,
thus meaning that they were easy for young participants to understand and straightforward to

implement online.

Online Behavioural Experiments

Attention will now turn to establishing, more generally, the implications of conducting behavioural
experiments in an online space and the specific impact that this had on the current research. An
online behavioural experiment typically refers to a behavioural task, which has been programmed
to run within a web browser. Online tasks are typically stored on a server, from which participants
can access the task remotely via their own computer. Participants’ responses are then uploaded to
the same server and made available to the researcher (Grootswagers, 2020). For context, each of
the four tasks outlined within this thesis were programmed using PsychoPy software and hosted
online via Pavlovia. PsychoPy is a free, open-source application, which allows researchers to
design behavioural experiments for both offline and online use (Peirce et al., 2019). Whereas,
Pavlovia is a web-based platform through which researchers can upload behavioural experiments
created using PsychoPy to a secure server and collect data from participants remotely (Peirce et
al., 2022).

It has been argued that the robustness of the data collected via online behavioural tasks is
determined by the functioning of numerous interconnected technological systems. These can
include: the server, which hosts the task; the internet service provider, which delivers the required
task files from the server to the participant’s computer; and the browser, which presents the stimuli
to the participant and records their responses (Anwyl-Irvine et al., 2020). Subsequently, it has been
suggested that any delay in the operating of these technologies can undermine the accuracy of both
stimulus presentation times and recorded reaction times (Jia et al., 2018). For instance, when a task

requires that new stimuli files be continuously downloaded from a server prior to their
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presentation, any lag in a participant’s internet connection speed can cause alterations in the
intended stimulus display times (Anwyl-Irvine et al., 2020). This was a particularly pertinent issue
for the current research given that both the synchronisation-continuation task and cued RT task
were dependent on precise stimulus onset timings and response time recordings. Therefore, this
implies that the reliability of the current results was likely confounded by fluctuations in the

efficiency of the computer, internet service provider, and browser used by each participant.

Contrary to the idea that results obtained through browser-based tasks are inherently
unreliable due to high levels of variation in temporal precision, recent studies have reported precise
stimuli and response timings across various software packages available for conducting online
behavioural experiments (Anwyl-Irvine et al., 2021). For instance, Bridges et al. (2020) directly
compared the precision at which five different software packages commonly used for online study
implementation were able to present visual stimuli durations online. It was found that the majority
of the tested packages had an inter-trial variability of less than 5ms, regardless of the browser or
operating system that was used to run the task. Similarly, across all of the tested browser and
operating system combinations, all five software packages demonstrated an inter-trial variability
of under 10ms for recorded response times. Taken together, this suggests that online behavioural
experiments demonstrate minimal temporal delays in their stimuli and response timings. In support
of this idea, several past studies have reported comparable reaction times between lab-based and
browser-based studies (Armitage & Eerola, 2020; Barnhoorn et al., 2015; Crump et al., 2013;
Gould et al., 2015; Hilbig, 2016; Kim et al., 2019a; De Leeuw & Motz, 2015), even when online
studies are completed within domestic settings (Miller et al., 2018). Ergo, this suggests that the
robustness of the data obtained from the current online studies was unlikely to be compromised by

any unintended temporal delays.

Aside from deviations in presentation and response timings, it has also been argued that
the quality of the data collected via online behavioural experiments can be jeopardised by a lack
of control over potential distractors (Sauter et al., 2020). Traditional lab-based experiments tend
to be conducted within a standardised environment where potential distractors are minimised, thus
facilitating participants’ ability to attend to the task. Whereas, online tasks are usually completed

within participants’ own home or school where it is often not possible for the researcher to control,
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nor even observe, the influence of distractors on participants’ attention (Kochari, 2019). Indeed,
when examining data from 16 studies, Drody et al. (2023) found that participants frequently
engaged in media-based multitasking whilst completing an online study within their home
environment, such as watching a television or listening to music, with an average prevalence rate
of 38%. Multi-tasking in this manner has previously been suggested to limit individuals’ attention,
and thereby, diminish their task performance (Aagaard, 2019). Taken together, this raises concern
over the reliability of the current findings, as they may be more reflective of variation in the

distractive nature of participants’ surroundings, as opposed to the precision of their forward model.

In order to mitigate the suggested confounding effect of distractors on the quality of the
collected data, several methods of promoting participants’ attention were implemented in the
current research. For example, in accordance with the recommendations outlined by Rhodes et al.
(2020), each of the current tasks was framed as a game with age-appropriate animations and images
used to maintain participants’ focus on the task objective. In addition, text-based prompts were
used to stimulate participants’ attention following trials where no response was given, as suggested
by Crump et al. (2013). Alternative options were also considered, such as requiring the researcher
to remain present via a video call whilst participants completed the task in order to give
encouragement and monitor their attention level (Forsberg et al., 2021). However, it was decided
that the researcher’s presence would have introduced additional technical and ethical challenges
(Howlett, 2022), which ultimately rendered this approach unsuitable for the current research.
Admittedly, it would have been beneficial to also include a series of attention-check questions at
regular intervals during the tasks. In doing so, it would be possible to monitor variation in
participants’ attention and evaluate whether the methods used to boost participants’ attention were

effective (Peer et al., 2022).

Given the suggested issues in regard to variable timing accuracy and insufficient control
over distractors, it may be queried as to why online behavioural experiments were selected for the
current research over more traditional lab-based experiments. In truth, the initial research plan did
not include any online behavioural experiments. In 2019, preparations had been made to run in-
person behavioural experiments exclusively. However, in March 2020, the UK government

announced restrictions on all non-essential contact in response to the Covid-19 pandemic,
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including the immediate suspension of all face-to-face data collection (Brown & Kirk-Wade,
2021). To adapt to this change, the planned offline behavioural experiments were reprogrammed
into online behavioural studies (see the Covid-19 impact statement for more information about
these changes). Strikingly, few prior studies have used online behavioural tasks to assess motor
optimisation (e.g., Hammerschmidt et al., 2021), or even SoA directly (e.g., Garaizar et al., 2016;
Vilaza et al., 2014). Therefore, whilst the current research had not originally intended to utilise
online behavioural experiments, this unexpected change provided a novel opportunity to establish
the domains in which the forward model, and thereby agency, can be reliably measured within an

online context.

Brief Summary

In summary, it has been argued that the results obtained from online behavioural experiments can
be undermined by unintended deviations in stimulus and response timings and a lack of control
over distractors. However, recent studies have reported that lab-based and web-based tasks show
comparable precision in stimuli display durations and response time recording. This suggests that
online behavioural tasks feature only minimal temporal delays in their stimuli and response
timings. Furthermore, steps were taken to mitigate the confounding impact of distractors on
participants’ task performance, such as gamifying the behavioural tasks. Ergo, the results gained
through the current research are unlikely to have been confounded by timing inaccuracies or

participant inattention.

Parent- and Self-Report Scales

Impulsivity refers to a tendency to act prematurely without prior consideration for the
consequences of one’s actions (Bakhshani, 2014). In line with this definition, previous learning
studies have shown that individuals with higher levels of impulsivity are less likely to use
knowledge of past action outcomes to guide their subsequent choices compared to those with lower
impulsivity levels (Céaceres & San Martin, 2017; Franken et al., 2008; Hogarth et al., 2015; Lim et
al., 2015). This suggests that high levels of impulsivity are associated with reduced outcome
learning and less premeditated action, and thus, diminished use of an appropriate forward model.
Notably, impulsivity has been suggested to interact with age; declining from childhood to
adulthood (Forrest et al., 2019; Harden & Tucker-Drob, 2011). For this reason, the influence of
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impulsivity on participants' task performance was controlled for in each of the current empirical
studies. To achieve this, parents of all participants aged 4-12 completed the Strengths and
Weaknesses of Attention-Deficit/Hyperactivity-symptoms and Normal-behaviours rating scale.
Similarly, the UPPS-P short-form was administered to all participants aged 13-25. Both of these

measures will now be described and their inclusion in the current research will be justified.

The Strengths and Weaknesses of Attention-Deficit/Hyperactivity-symptoms and Normal-
Behaviours (SWAN) Rating Scale

The SWAN rating scale is an 18-item parent-rated questionnaire designed to measure ADHD
symptomology in individuals aged under 18 (Swanson et al., 2001). Parents of the child
participants are asked to compare their child’s tendency to perform certain behaviours over the
past month to other children on a 7-point Likert scale. Examples of items include, “stay seated”
and “listen when spoken to directly”. The SWAN scale includes an inattention subscale and a
hyperactivity/impulsivity subscale. The current research analysed data only from the
hyperactivity/impulsivity subscale in order to quantify each child participant’s trait impulsivity.

Higher SWAN-hyperactivity/impulsivity subscale scores indicate greater impulsivity.

The SWAN-hyperactivity/impulsivity subscale was used to assess impulsivity in the
current research because this measure has previously been shown to have moderate internal
consistency (Cronbach’s a =.7) and test-retest reliability (r = .66) when used with children (Lakes
et al., 2011). Additionally, the SWAN-hyperactivity/impulsivity subscale has also been found to
positively correlate with similar self-report (Lakes et al., 2011) and behavioural (Figueroa-Varela
etal., 2010) measures of impulsivity in developmental studies, thereby indicating good convergent
validity. Taken together, this suggests that the SWAN-hyperactivity/impulsivity subscale provides
a reliable and valid measure of impulsivity in children, both of which qualify this measure as ideal

for use with participants aged 4-12 in the current research.

In favour of complete transparency, it should be noted that the decision to adopt the
SWAN-hyperactivity/impulsivity subscale as a measure of impulsivity was not made solely on the
basis of the reported reliability and validity of this tool. On the contrary, this choice was also

guided by convenience. Throughout the current research, all participants aged 4-12 were recruited
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via an annual online event (see the online recruitment subsection of this chapter for more detail).
When registering their child for the event, parents and careers were asked to complete the SWAN
rating scale by the event organisers. The parent-reported data was then shared with the researchers
after the event. Therefore, alongside its suggested reliability and validity, the SWAN-
hyperactivity/impulsivity subscale data was also selected as an index of impulsivity due to its

availability during the collection of the behavioural task data.

The UPPS-P Short-Form

The UPPS-P short-form is a 20-item self-report questionnaire used to measure self-reported trait
impulsivity (Cyders et al., 2014). The UPPS-P contains 5 subscales, including negative urgency,
lack of perseverance, lack of premeditation, sensation seeking, and positive urgency. Negative
urgency and positive urgency refer to a tendency to engage in impulsive behaviour when
experiencing negative and positive emotions, respectively. Lack of premeditation indicates an
individual’s tendency to act without prior planning. Lack of perseverance is often defined as a
tendency to leave tasks incomplete. Sensation seeking refers to an individual’s propensity to
engage in thrill-seeking behaviours (Cyders & Smith, 2008). Participants are instructed to indicate
the extent to which they agree with each item on a 4-point Likert scale. Example items include, “I
quite enjoy taking risks” and “When I am upset I often act without thinking”. Higher UPPS-P

scores show greater self-reported trait impulsivity.

Similar to the SWAN-hyperactivity/impulsivity subscale, the UPPS-P short-form was used
as a measure of impulsivity within the current research because it has been shown to have good
internal consistency and good test-retest reliability when administered with both adult (Dugré et
al., 2019; Xue et al., 2017) and adolescent (Donati et al., 2021) samples. In addition, the UPPS-P
short-form has also been reported to have good convergent validity, as scores from this scale have
been found to positively correlate with scores from other self-report measures of impulsivity
commonly used within past literature, such as the Barratt Impulsiveness Scale-11 (BIS-11; Xue et
al., 2017). This suggests that the UPPS-P short-form is a reliable and valid means through which
to quantify participants’ impulsivity, and thus, suitable for the present research. Furthermore, when
collecting self-report data online, it is imperative to limit the time required for participants to

complete the administered scales as this can prevent high participant drop-out rates (Galesic, 2006;
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Hoerger, 2010). Notably, the UPPS-P short-form has been shown to be just as effective in
measuring impulsivity as the original UPPS-P, yet requires less time to complete (Lozano et al.
2018). Ergo, the short length of the UPPS-P short-form further reinforced the decision to

implement this scale within the current research.

Brief Summary

To summarise, the SWAN-hyperactivity/impulsivity subscale and the UPPS-P short form were
used to assess participants’ trait impulsivity throughout this thesis. This controlled for the influence
of variation in participants’ impulsivity on the findings. These two scales were selected for the
current research because they have demonstrated good reliability and validity within past research.
They were also chosen because they are relatively quick to complete, thus reducing the chance of

high participant drop-out rates.

Online Recruitment

Moving forward, the manner in which participants were recruited and given access to the online
tasks will now be outlined. Following this, the benefits and challenges that were encountered when

recruiting participants online for the current research will be discussed.

In general, the current research attempted to recruit participants between the ages of 4 - 25-
years-old. To achieve this, participants aged 4-12 were recruited from Summer Scientist Month
(SSM) 2020 and 2021, two online events hosted throughout August by the University of
Nottingham. At the event, children were encouraged to play games designed by the researchers in
the School of Psychology and learn about the brain and human behaviour. The event website
contained links to the current tasks hosted on Pavlovia. Participants could simply click on any of
the links to participate. Participants had the opportunity to receive one point in exchange for each
study that they participated in. Points could be earned throughout the online event and attendees
were encouraged to earn as many points as they could. Informed consent, demographic information
and the SWAN rating scale data were obtained from parents or carers by the event organisers when

registering their child for the event.
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For all four studies, participants aged 13-17 were recruited from two high schools in the
Nottinghamshire and Derbyshire areas from January 18th 2022 - 16th March 2022. Informed
consent was first gained from the headteacher of the school. After this, informed parental consent
was obtained via letters distributed by each school’s Head of Psychology. Amongst school pupils
whose parents had consented to their participation in the research, the current studies were
advertised via a poster distributed by their psychology teacher. The poster contained a link to each
behavioural task and information on what each experiment involved. Additionally, the poster also
contained a link to an online Qualtrics form where participants provided their informed consent
and demographic information and completed the UPPS-P short form. In line with
recommendations from Mackenzie et al. (2021), school pupils were also provided with an
animated video which explained what each task involved and how they could participate. The
video was designed to improve participants’ comprehension of what the research involved, and
thus, facilitate their ability to provide their own informed consent to participate in the studies. For
each study that participants took part in, they were given the opportunity to enter into a prize draw

to win an Amazon voucher.

Finally, participants aged 18-25 were recruited either through the University of Nottingham
School of Psychology’s Research Participation Scheme (RPS) or through recruitment posters
published on social media (see each empirical chapter for details of the specific recruitment dates
for each study). The RPS website contained a separate link for each of the current studies,
alongside information on what each experiment involved. The same links and information were
also presented on the recruitment posters shared via social media. Each link first directed
participants to an online Qualtrics form where they provided their informed consent and
demographic information. They then completed the UPPS-P via the same online form, before
being redirected to the task hosted on Pavlovia. For each study that participants took part in, they
were given the opportunity to enter into a separate prize draw to win an Amazon voucher. In
addition to entering a prize draw, participants recruited through RPS also had the option of
receiving course credit for each of the studies that they volunteered to take part in. See each
empirical chapter for additional information on how the participants within each sample were

recruited.
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It has been argued that one benefit of conducting online experiments, relative to offline
studies, is that a greater number of participants can be recruited within a smaller time frame (Sauter
et al., 2020). As the research materials are stored digitally on a server in an online study, multiple
participants can all access the experiment, download the necessary materials onto their own
computer, and complete the study simultaneously (Grootswagers, 2020). Whereas, in a traditional
offline experiment, the research materials cannot be accessed directly by participants, meaning
that the researcher must test each participant face-to-face, one at a time (Anwyl-Irvine et al., 2020).
Therefore, it can be said that online studies are less time-consuming to conduct compared to offline

studies.

The increased time-efficiency offered by online experiments was particularly valuable for
the current research, as it meant the current research was easier for school educators to
accommodate. As noted earlier within this chapter, the current research was conducted during the
Covid-19 pandemic. As a result of the pandemic, all UK secondary schools were closed
intermittently throughout 2020, and some of 2021, as part of government-imposed restrictions on
face-to-face interaction (Brown & Kirk-Wade, 2021). This meant that school educators and pupils
had to navigate online teaching and learning for the first time, leading to increases in perceived
workload, stress and burnout for both groups (Beames et al., 2021; Commodari & La Rosa, 2021;
Kim et al., 2022). Therefore, as the current tasks could be completed by multiple students at once,
and at any time, this meant that the current research caused minimal disruption to planned
educational activities (Gu et al., 2016), and thereby required relatively little additional work from
educators. As a result of this increased flexibility, it can be argued that teachers were more willing
to allow pupils to participate in the current research, compared to if the current research had been

run offline.

In opposition to the suggestion that online studies are more appealing to school educators
than offline experiments due to their increased flexibility, it can be argued that participating in
online research holds less educational value for school pupils than in-person studies (Alibali &
Nathan, 2010). When a study is run offline, pupils are able to observe the researcher as they
administer the behavioural task. Subsequently, they gain the opportunity to learn, first-hand, how

scientific research is conducted (Bartlett et al., 2017). Whereas, in an online study, the researcher

42



is often absent when the task is completed. Hence, from the educator’s perspective, online
experiments offer less educational benefit for their pupils, relative to offline studies (Alibali &
Nathan, 2010). For this reason, it can be suggested that educators would be less willing to support
the recruitment of their pupils for an online study compared to an offline study. Therefore, in order
to mitigate this issue and ensure that the current research was educational, the researchers
collaborated with school educators to deliver webinars to school pupils explaining how the current

studies were implemented and the significance of the findings for current literature.

In addition to offering greater time-efficiency than lab-based studies, it has been argued
that the results acquired through online studies are more generalisable to the wider population than
the data obtained via offline studies (Grootswagers, 2020). Given that recruitment is not limited
by location or office hours, it has been argued that online studies are able to recruit a larger (Adjerid
& Kelley, 2018) and more diverse range of participants (Casler et al., 2013) than is often viable
through offline, lab-based experiments (Mason & Suri, 2012). Therefore, this heightens the
probability that the current results are reflective of young people’s genuine forward model
development (Berinsky et al., 2012). In support of this idea, in all of the current studies, an
adequate number of participants was recruited such that the performed analyses were sufficiently

powered.

Aside from providing access to a greater and more diverse sample, it has been suggested
that online developmental studies overcome some of the ethical concerns associated with offline
developmental experiments (Barchard & Williams, 2008). For instance, online experiments offer
participants a greater level of anonymity than is feasible within an offline study. Offline data
collection often involves face-to-face interaction between the researcher and participant.
Inevitably, some of the participant’s identifying characteristics will be perceivable to the
researcher during this interaction, such as their first name, facial features, and voice (Mackenzie
et al., 2021). In contrast, online studies can be completed without any direct communication
between the researcher and participants, meaning that none of these characteristics need to be
shared (McCabe, 2004). In the context of developmental research, it has been suggested that
increased anonymity can encourage parents to allow their child to complete an online study

(Dworkin et al., 2016), thus enhancing participant recruitment. Although, this lack of direct
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communication can also present unique ethical challenges, particularly when recruiting young
people as in the current studies, as the researcher cannot know whether participants were coerced

into participation by a teacher, parent or other authority figure (Friedman et al., 2016).

In addition to greater anonymity, it has been argued that it is easier for younger participants
to withdraw from an online study, relative to an offline study (Mackenzie et al., 2021). In an offline
study, the researcher is often present whilst the child or adolescent completes the experiment. It
has been suggested that the inherent imbalance in authority status between the young participant
and the adult researcher can cause participants to feel obligated to complete the full task
(Birnbaum, 2004). Whereas, as the researcher is often absent during an online experiment, it has
been posited that child and adolescent participants will not experience this same social pressure
and thus, will feel more comfortable exerting their right to withdraw from the study (Mackenzie
et al., 2021). Whilst this increased ease through which participants can exit the study does make
the research more ethical, it can also lead to greater rates of attrition (Barchard & Williams, 2008).
Hence, the current tasks were gamified in order to increase participant engagement and prevent
withdrawals due to boredom (Looyestyn et al., 2017), as achieved in past studies (Vilaza et al.,
2014).

Brief Summary

In summary, participants were recruited for the current research via an online event, through local
high schools, via the university’s RPS scheme, and through social media. Notably, the use of online
experiments was beneficial for the current research as it meant that data could be collected from a
larger and more diverse sample at a rapid rate. Additionally, online studies also offer the participant
greater anonymity than offline studies, which has been suggested to enhance participant
recruitment. Evidently, online experiments are likely to encounter greater rates of attrition than
offline studies. They can also be perceived as holding less educational value than offline studies
by gatekeepers, which can restrict researchers’ access to participants. Notably, these highlighted
issues were addressed in the current research by gamifying experiments and collaborating with

educators to deliver educational webinars.
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Data Analysis Approach

The approach taken to data analysis throughout this thesis will now be outlined and justified. More
specifically, the manner in which age was conceptualised will be addressed, in addition to the
statistical tests and outlier detection methods employed.

The Use of Stepwise Multiple Linear Regression Analysis

As age was treated as a continuous variable throughout this thesis, stepwise multiple linear
regression analysis was used to assess the influence of age on the dependent variables within each
of the current studies. More specifically, in each regression, impulsivity and sex were entered in
an initial block as nuisance variables and age was entered alone in a second block. The reason for
including impulsivity as a nuisance variable was described above within the parent- and self-report
measures subsection. In regard to the inclusion of sex as a nuisance variable, the rate at which
structural and functional maturation occurs within the brain has been shown to vary between males
and females (De Bellis et al., 2001; Koolschijn & Crone, 2013; Sumich et al., 2012). Hence, sex
was also included as a nuisance variable in the current research. Additional evidence regarding the
effect of impulsivity and sex on participants’ performance on each of the current tasks can be found

within each empirical chapter.

In a stepwise multiple linear regression analysis, predictor variables are added or subtracted
from the final regression model in an iterative process. At each step, a predictor variable is added
to the model if it independently explains a significant proportion of the variance in the dependent
variable. The order in which predictor variables are considered for addition into the model is
determined by a specified criterion, such as p < .05 (Armstrong & Hilton, 2010). In contrast to a
stepwise regression, the hierarchical regression requires that the researcher specify the order to
which predictor variables are added to the model according to a theory (Leech et al., 2003).
Notably, in each analysis conducted throughout this thesis, there was no theoretical reason to
believe that impulsivity would explain a greater proportion of the variance in the dependent
variable than sex, or vice versa. Therefore, the stepwise multiple linear regression was believed to
be most suitable for the current research compared to alternative linear regression techniques, such

as hierarchical multiple linear regression.
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Admittedly, it is not a given that forward model development should follow a linear-shaped
development trajectory. In contrast, an alternative model, such as a phase-change or quadratic
model, may have been a more suitable fit for the data across the current tasks. Subsequently, in
order to verify that the forward model does, indeed, follow a linear development trajectory, one
would need to compare how well participants’ data fit to a linear model relative to alternative
development models (i.e., linear, quadratic, phase-change, sigmoid). From this, it would then be
possible to draw more concrete conclusions on the true trajectory at which the forward model
develops throughout childhood, adolescence and young adulthood. Notably, this raises concern

over the legitimacy of the current findings and hence, the results should be interpreted with caution.

The Conversion of Linear Age to Logarithmic Age

In line with past research that has focused on understanding developmental changes in the brain
(i.e., Bethlehem et al., 2022), participants’ chronological age was converted to natural logarithmic
age across all four empirical studies. The theoretical basis for this adjustment was grounded in the
idea that time itself is logarithmic (George, 2016). It may be argued that a greater developmental
difference exists between a 4-year-old and an 8-year-old compared to a 21-year-old and a 25-year-
old. Compared to adulthood, childhood is marked by significant advancements in the development
of cognitive and motor skills (Brocki & Bohlin, 2004; Bolger et al., 2021). As the two pairs of
individuals are 4 years apart in chronological age, expressing age on a traditional linear scale would
not give an accurate representation of these differing developmental discrepancies. Whereas,
adjusting age to a logarithmic scale provides an effective means for capturing this phenomenon
(George, 2016). The difference between a 4-year-old and an 8-year-old on a logarithmic scale
(In(8) — In(4) = .69) is larger than the difference between a 21-year-old and a 25-year-old on
the same scale (In(25) — In(21) = .17). Therefore, comparing participants’ task performance
against their logarithmic age provides a more accurate representation of the developmental

trajectory of the forward model compared to if a linear age scale were used.

The Implementation of Tukey’s Fences Method for Outlier Detection
To exclude any potentially confounding anomalous data, the Tukey’s fences method for outlier
detection (Tukey, 1977) was applied to the data collected within each empirical chapter. Using the

Tukey’s fences method, any data points that are more than 1.5 interquartile ranges outside of the
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lower and upper quartiles are identified as outliers (Tukey, 1977). This method was chosen for the
current research as the interquartile range is not distorted by the presence of large outliers, unlike
alternative methods of outlier detection that are based on the mean and standard deviation, such as
the two standard deviation rule (Schwertman et al., 2004). Therefore, it can be argued that the
Tukey’s fences method provides a more reliable method of identifying outliers compared to

alternative techniques, such as the two standard deviation rule.

Brief Summary

To summarise, throughout the current research, age was converted to a logarithmic scale. Given
that age was treated as a continuous variable, stepwise multiple linear regression analyses were
employed throughout this thesis to explore the impact of age on participants’ task performance.
Stepwise regression analysis was chosen over alternatives, such as hierarchical regression analysis,
because neither of the two nuisance variables were suspected to be a larger predictor of task
performance relative to the other. Finally, Tukey’s fences method for outlier detection was
implemented across all four studies because this method is less likely to be influenced by large

outliers compared to alternative outlier detection tests, such as the two standard deviation rule.

Conclusion

To conclude, the current thesis explored the influence of age on participants’ prediction accuracy
and action-outcome learning using four online behavioural experiments. Within these experiments,
four tasks were employed: a synchronisation-continuation task, a cued RT task, a goal-switching
task and an outcome learning task. These tasks were chosen due to their simplicity, as this meant
that they were both suitable for use with young participants and easy to implement online. In
addition to these behavioural tasks, the SWAN-hyperactivity/impulsivity subscale and the UPPS-
P short form were used to assess participants’ trait impulsivity, and thereby, control for the effect
of impulsivity on participants’ task performance. These two scales were selected because they
have demonstrated good reliability and validity within past research. Notably, the use of online
experiments meant that data could be collected from a larger and more diverse sample at a rapid
rate. Furthermore, steps were taken to mitigate the confounding impact of distractors on

participants’ task performance, such as gamifying any behavioural tasks.
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Chapter 3: An Investigation into the Influence of Age on Sensorimotor Continuation from
Childhood to Adulthood

Chapter Summary

Chapter 3 details an experiment where the aim was to investigate how sensorimotor continuation
changes with age from childhood to adulthood. To achieve this, participants aged 4-25 years
completed a synchronisation-continuation task where they synchronised their keypresses with a
series of isochronous tones played at either a high, medium or low frequency. Participants then
continued making keypresses at the same pace after the tones were removed. It was found that the
accuracy and consistency of participants’ sensorimotor continuation improved with age. Crucially,
sensorimotor continuation is believed to rely on an individual’s capacity to 1) predict when to
respond using a forward model and ii) adjust their forward model in light of sensory feedback.
Hence, the results suggest that the forward model becomes more functionally efficient as

individuals mature from childhood to adulthood.

Introduction

Sensorimotor synchronisation refers to an individual’s ability to align the timing of their own
actions with the occurrence of an external stimulus (Schwartze et al., 2011). Whereas,
sensorimotor continuation is defined as an individual’s ability to maintain this entrainment to the
presented tempo after the external stimulus has been removed (McPherson et al., 2018). Both
abilities are believed to rely on a forward model system (Maes, 2016). The development of
sensorimotor synchronisation has previously been investigated in past literature, with most studies
concluding that this ability improves with age across childhood, adolescence and adulthood (e.qg.,
Mu et al., 2018; Thompson et al., 2015; although see Drewing et al., 2006 for an alternative
account). Conversely, the developmental trajectory of sensorimotor continuation across ontogeny
has received relatively less attention in past research (e.g., McAuley et al., 2006). For this reason,
and in the interest of brevity, the current study will focus exclusively on understanding the
developmental trajectory of sensorimotor continuation and the conclusions that can be drawn from

this regarding the maturation of the forward model.
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Sensorimotor continuation has often been investigated using synchronisation-continuation
tasks in past research (e.g., Schwartze et al., 2011). These tasks typically involve presenting
participants with sequences of isochronous auditory tones, each with a varying inter-tone-interval.
Each trial tends to have an initial synchronisation phase and a subsequent continuation phase. In
the synchronisation phase, participants are asked to tap their finger in time with each of the tones.
During the continuation phase, participants are then instructed to carry on tapping their finger at
the same pace in absence of the tones. The accuracy and consistency with which the participant
can maintain the response pace adopted during the synchronisation phase is then recorded as an

index of their sensorimotor continuation skill (Repp & Su, 2013).

It has previously been argued that performance on the continuation phase of the
synchronisation-continuation task is reliant on the forward model (Maes, 2016). On the
continuation phase of the task, it has been suggested that participants need to use their forward
model to predict the precise time at which to make their next response. This prediction is believed
to be formed through a weighted combination of their prior and likelihood (Berniker & Kérding,
2011). In this instance, the prior is believed to include their memory of the inter-tone-interval
presented during the synchronisation phase (Lewis et al., 2004; Witt & Stevens, 2013). Whereas,
the likelihood refers to their perception of the time elapsed since the tactile feedback from their
last tap was perceived (Narain et al. 2018). Furthermore, after each response has been made, it has
been argued that the comparator mechanism within the forward model assesses whether the time
interval between their taps matches with the interval that they intended to produce, which should,
in turn, align with their memory of the target inter-tone-interval. If the two are incongruent, and
hence their prediction of when to act was erroneous, participants then need to adjust the timing of
their subsequent responses to ensure that the target response pace is achieved (Maes, 2016).
Therefore, an individual’s sensorimotor continuation ability demonstrates the capacity of their
forward model to both predict the outcome of their action, and thereby, when best to respond, and

adjust the timing of any subsequent responses in light of observed sensory feedback.
In support of the role of the forward model in determining performance on the continuation

phase of the synchronisation-continuation task, previous research has suggested that responses

made during this phase can be shaped by prediction errors. Participants have been found to adapt
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their tapping pace in response to artificial perturbations in the timing of the sensory feedback from
their taps (Maes et al., 2014). This suggests that the sensory feedback accrued from executing a
response is indeed used to update the forward model and guide the time at which successive
responses are made. Similarly, individuals with Tourette Syndrome, who have previously been
shown to have an impaired ability to update their forward model (Kim et al., 2019b), have also
been shown to perform worse than neurotypical controls on the continuation phase of the
synchronisation-continuation task (Graziola et al., 2020). Taken together, this reinforces the idea

that participants’ sensorimotor continuation ability is supported by their forward model.

In addition to the accuracy and consistency of participants’ tapping pace, some past studies
have also included a temporal bias measure to quantify the extent to which the participant tended
to respond at a pace that was ahead of or behind the target response pace (e.g., Claassen et al.,
2013). This provides extra qualitative detail regarding the direction of participants’ deviation from
the set response pace. A tendency to respond ahead of the target response pace might indicate that
the participant was prone to underestimating the temporal interval between the presented tones.
Whereas, a tendency to respond behind the target response pace might provide evidence that the
participant tended to overestimate these inter-tone intervals. Crucially, as the goal of the task is to
align one’s response pace with the target response pace and thereby, minimise prediction error,
any deviation from the target pace indicates a less precise forward model, regardless of

directionality.

Notably, evidence on how sensorimotor continuation changes with age is limited within
past literature. Only one previous study has claimed to have examined the development of
sensorimotor continuation across the full lifespan (McAuley et al., 2006). In research by McAuley
et al. (2006), participants aged 4-95 were asked to tap in time with a series of isochronous tones
and then continue tapping at the same pace when the tones were removed. It was found that
participants’ ability to accurately and consistently reproduce the presented tone sequence followed
a quadratic pattern with performance improving with age throughout childhood, peaking in
adulthood, before declining as individuals transitioned into old age. This suggests that

sensorimotor continuation improves with age from childhood to adulthood.
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In criticism of the study conducted by McAuley et al. (2006), it should be noted that
participants’ ages only spanned between 4-12 and 18-95, with no participants aged between 13-
17. Therefore, by concluding that an age-related improvement in sensorimotor continuation occurs
from childhood to adulthood, the researchers appear to assume that a linear development of this
ability must take place between the ages of 12 and 18. Yet, this assertion cannot be conclusively
supported by their findings, as they do not have any data for the adolescent development period.
Consequently, this raises doubt over the idea of a continuous progression in sensorimotor

continuation across adolescence.

Contrary to the idea that sensorimotor continuation improves with age throughout the
transition from childhood to adulthood, alternative research has suggested that this ability is
already fully developed by adolescence. Witt and Stevens (2013) instructed participants aged 12-
43 to complete a synchronisation-continuation task with a target finger tapping pace of 0.75Hz.
No difference was found between adolescents and adults in their ability to accurately maintain the
target response pace. This suggests that sensorimotor continuation, and thus, the forward model,

is already sufficiently developed by adolescence.

In opposition to the conclusions drawn by Witt and Stevens (2013), it may be argued that
the reported lack of an age-related change in sensorimotor continuation can be attributed to
statistical error. The analysis performed by Witt and Stevens (2013) appears to have been
underpowered. According to G*Power software (Faul et al., 2009), at least 72 participants would
have been required to find a medium-sized effect with 80% power and a 5% alpha level in the
mixed factorial ANOVA. This suggests that the absence of an age-related difference in
sensorimotor continuation occurred due to statistical error, as opposed to a genuine lack of any
developmental changes in sensorimotor continuation. Moreover, this suggests that the

developmental trajectory of sensorimotor continuation requires further investigation.

The Current Study

The current research aimed to examine the beneficial influence of increased age on sensorimotor
continuation across childhood to adulthood, as suggested by McAuley et al. (2006), against the
contradictory findings from research by Witt and Stevens (2013). This would determine the
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influence of age on participants’ ability to use the forward model to accurately predict action
outcomes and update the forward model in response to observed sensory feedback. In the current
experiment, participants aged 4-25 years were presented with a synchronisation-continuation task
where they were instructed to make a series of keypresses in time with an external pacing stimulus.
They then had to continue making keypresses at the same pace in absence of the pacing stimulus.
The accuracy and consistency with which participants could maintain the set response pace was
then calculated. In addition, the extent to which participants’ response pace lagged behind or ran
ahead of the target response pace was also recorded. In order to rectify the criticisms raised against
research by Witt and Stevens (2013), a power analysis was conducted prior to participant
recruitment to ensure that all statistical tests were sufficiently powered. To test the findings of Witt

and Stevens (2013), three hypotheses were formed:

1. It was hypothesised that participants’ temporal accuracy would be predicted by age at all
tone frequencies, with a higher temporal accuracy associated with older age.

2. It was hypothesised that participants’ temporal variability would be predicted by age at all

tone frequencies, with lower temporal variability associated with older age.

Method

Design

The current study used a mixed factorial design. The between-subjects independent variables were
age, sex and impulsivity. The within-subjects independent variable was the frequency at which the
tones were presented during each condition of the synchronisation-continuation task. The key
dependent variables were participants’ average temporal error, temporal variability, and temporal
bias on the synchronisation-continuation task. These dependent variables acted as indicators of
participants’ ability to predict and adjust the timing of their movements; skills which necessitate

the use of a forward model.
Participants

212 participants were initially recruited (44 male, 168 female). The age of participants ranged from
4 to 25 years (M=16.86, SD=4.2).
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e 156 participants were right-handed, 16 were left-handed and 35 were ambidextrous, as
measured by the Edinburgh Handedness Inventory — Short Form (EHI-SF; see appendix A for
a full outline of this measure). 5 participants did not complete the EHI-SF.

e 150 participants were White, 12 was Asian, 6 were Black, 5 had mixed/multiple ethnic
identities, 2 had another ethnic identity that was not listed, and 37 did not report their ethnic

identity.

Participants were recruited through one of four avenues: 37 participants were recruited via the
SSM event in August 2020 and August 2021, 23 were recruited from two high schools in the
Nottinghamshire and Derbyshire areas from January 18th 2022 - 16th March 2022, and the
remaining 152 were recruited either through the School of Psychology’s RPS system or through
recruitment posters published on social media between 18th November 2020 - May 15th 2021. For
more detailed information on how participants were recruited from each of these sources and how

informed consent was obtained, please see chapter 2.

The full experimental procedure of the current study was approved by the School of
Psychology ethics committee at the University of Nottingham. Seven participants were excluded
because they self-reported a diagnosis of either Attention Deficit Hyperactivity Disorder (ADHD)
or Autism Spectrum Disorder (ASD). The decision to remove these participants was made on the
basis that (i) the goal of the current study was to establish the neurotypical development trajectory
of the forward model, and (ii) it has been previously demonstrated that individuals with these
conditions tend to show impaired action planning (Gvirts Probolovski & Dahan, 2021; Haswell et
al., 2009). More specifically, past research has shown that autistic individuals tend to attribute
disproportionate weight to the prior, relative to the likelihood (Van de Cruys et al., 2014), leading
to erroneous predictions regarding the sensory consequences of their actions (van Laarhoven et al.
2019). In contrast, individuals with ADHD tend to give excessive weight to the likelihood, rather
than the prior (Gonzalez-Gadea et al., 2015), which again has been found to result in reduced
anticipation of their action consequences (Marzinzik et al., 2012). Therefore, the inclusion of
participants with either of these conditions would have obscured the results regarding the

neurotypical developmental trajectory of the forward model, and hence these participants were
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removed from the sample. All remaining participants were neurotypical. The demographics of the

adjusted sample can be viewed in table 3.1.
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Table 3.1. The demographic characteristics of the adjusted sample.

Age (years)  Sex Ethnicity* Handedness**
Full sample Range= 44 Male 143 White 150 right-handed
(n=205) 41025 161 Female 12 Asian 16 left-handed
M=16.81 6 Black 34 ambidextrous
SD=4.26 5 Mixed/multiple ethnic identities

2 Any other ethnic identity

Note. *Ethnicity information was not collected for 34 participants. **Handedness information was not collected for 5 participants.
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Materials

The Synchronisation-Continuation Task. The synchronisation-continuation task was
used to measure participants’ ability to plan and adjust the timing of their movements. The task
was designed using PsychoPy and ran online via Pavlovia (Peirce et al., 2019, 2022). Auditory
stimuli included three sequences of 20 tones. The frequency at which tones were delivered on each
sequence was either 1.25Hz (low), 1.6Hz (medium), or 2.5Hz (high). Accordingly, the time
interval between each tone was either 400ms, 600ms, or 800ms. Past research has noted that
children tend to have a shorter preferred motor tempo than adults during unpaced finger-tapping
tasks (Hammerschmidt et al., 2021). Notably, the closer a prescribed response pace is to an
individual’s motor tempo, the easier it is for the individual to synchronise their movements with
the target response pace (Monier & Droit-Volet, 2019). Therefore, the frequency of the tone
sequences was varied in order to control for the effect of age-related differences in participants’

preferred motor tempo on their ability to align their movements with the timing of the tones.

Additionally, previous research has suggested that children struggle to match their actions
with tones delivered at frequencies faster than 400ms as a result of underdeveloped motor
coordination (Repp, 2005). Similarly, it has been suggested that data obtained from tasks with tone
frequencies slower than 800ms fail to maintain young children’s attention (Faria et al., 2017).
Therefore, with the child participants in mind, tone frequencies between 400-800ms were chosen
for this task. The pitch of the 10" tone in each sequence was higher than the other tones. This high-
pitched tone acted as a cue, prompting participants to begin responding. Visual stimuli on the child
version of the task included an image of a barn door and 9 images of cartoon farm animals.
Whereas, an image of a wooden door and comical photographs of animals in costumes were
included in the version of the task designed for adolescents and young adults. In both cases, the
visual stimuli were chosen to create an age-appropriate narrative and maintain participants’

attention.

Self-Report and Parent-Report Measures. The following self-report measures and parent-
report measures were also administered in the current study:
e The SWAN-Hyperactive/Impulsive subscale was used to measure child participants’

impulsivity as reported by their parents or carers.
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e The UPPS-P short-form was used to measure adolescents’ and young adults’ self-reported
impulsivity.

Please see chapter 2 for a full outline of the SWAN rating scale and UPPS-P short-form.

Procedure

Two versions of the synchronisation-continuation task were created. One version of the task was
designed with adolescents and young adults (aged approximately 13-25) in mind. This version of
the task was available to participants via the two high schools, RPS, and social media posts. The
second version of the task was designed for children (aged 4-12) and was administered to
participants at the two SSM events. As the two task versions were created with either adolescents
and young adults or children in mind, the procedures through which the two task versions were
given to participants will be referred to as the adolescent and young adult procedure and the child
procedure, respectfully. That being said, it should be noted that, although SSM was aimed at
children aged 4-12, individuals aged between 12-17 were also permitted to take part in the event.

Therefore, it was possible for a participant aged >12 to have received the child version of the task.

Adolescent and Young Adult Procedure. Participants recruited from a high school, via
RPS or through social media provided their demographic information and completed the UPPS-P
short form via an online survey hosted on Qualtrics before being redirected to the synchronisation-

continuation task.

Upon opening the adolescent and young adult version of the synchronisation-continuation
task, participants first saw a black instructions screen with details on how to complete the task.
Participants were instructed to complete the task using the same hand throughout. Participants
started the trials by pressing the spacebar. Participants first completed 3 practice trials to
familiarise themselves with the task, before progressing to the main experiment trials. In each trial,
participants were presented with a cartoon wooden door in the centre of the screen (see figure
3.1A). Each trial had three phases, a listen phase, a synchronisation phase, and a continuation phase
(see figure 3.1B). After a 0.5s delay, the listen phase began and a sequence of tones was heard. In
this phase, participants were instructed to listen to the first 10 tones in the sequence. The purpose

of the listening phase was to give participants an opportunity to familiarise themselves with the
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sequence of tones. After the 10™ tone, the synchronisation phase began. During this phase,
participants responded to the trial by pressing the space bar in time with the tones. The
synchronisation phase allowed participants the chance to practice pressing the keyboard in time
with the tones. After a further 10 tones, the sequence ended and the continuation phase began. In
the continuation phase, participants were required to continue pressing the spacebar at the same
pace. The time of each spacebar keypress made during the continuation phase was recorded. Text
and additional images onscreen reminded participants when to listen, respond and then continue
responding in the absence of sound. After 30s, the trial ended. If no response was made during a
trial, participants were reminded of the task instructions via text presented onscreen for 2s. Each

trial lasted approximately 50s.

Figure 3.1.

Image of the Synchronisation-Continuation Task and a visual representation of the trial structure.

Synchronisation Continuation
phase phase
(10 tones) (30s)

Listen phase
(10 tones)

Auditory tones

Just listen first. Keypress responses

Note. 3.1A. An image showing the listen phase of the synchronisation-continuation task. An image
of a door was presented in the centre of the screen. Text displayed at the bottom of the screen and
two images positioned either side of the door served as reminders to the participant that their
current objective was to listen to the tones. 3.1B. A visual representation of the trial structure. The
listen phase lasted for 10 tones. This was then followed by a synchronisation phase that lasted for
10 tones. The synchronisation phase was then succeeded by a continuation phase that lasted for
30s. Auditory tones were heard throughout the listen and synchronisation phases. Keypress

responses were only permitted during the synchronisation and continuation phases.
Three conditions were presented during the task: a low-frequency condition, a medium-

frequency condition, and a high-frequency condition. The frequency at which the tones were

delivered differed per condition: 1.25Hz (low-frequency), 1.6Hz (medium-frequency), and 2.5Hz
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(high-frequency). A reward screen was presented for 3s after each trial. The reward screen showed
a comical photograph of an animal in a costume and text praising the participant’s performance.
Images of costumed animals and a wooden door were used to create the narrative that participants
were playing the role of a detective who had been tasked with locating a thief hidden within an
apartment building. The theme of a mystery game was adopted to retain participants’ attention
throughout the task and increase participant recruitment. Break screens were shown for an
unlimited time every 3 trials. Break screens included encouraging text to further promote
participants’ attention. An inter-trial interval was presented for 1s, during which a black screen
with a white fixation cross was displayed. The task consisted of 12 trials that ran in a pseudo-

random order, 4 for each condition. The full procedure lasted approximately 15-minutes.

Child Procedure. The child procedure was identical to the adolescent and young adult
procedure with a small number of modifications. Participants’ parents or carers provided their
child’s demographic information and completed the SWAN scale when registering their child for
SSM. Once registered, participants could complete the synchronisation-continuation task at any
time throughout the SSM event. Participants were encouraged to complete the left-hand vs right-
hand task to measure their hand preference before completing the synchronisation-continuation
task and received one point in exchange for doing so (see appendix B for a full description of the
left-hand vs right-hand task).

The child version of the synchronisation-continuation task closely mirrored the adolescent
and young adult version of the task with a few minor changes. Participants were presented with an
image of a cartoon barn door in the centre of the screen, as opposed to the wooden door that was
viewed by adolescent and young adult participants. Similarly, instead of a costumed animal, each
reward screen showed a cartoon image of a sleeping farm animal. The visual stimuli were changed
between the two versions of the task in order to support a new narrative; rather than searching for
a thief, participants were now tasked with waking sleeping farm animals. The narrative was
changed as it was believed that the concept of waking sleeping animals was more simplistic and
hence, more age-appropriate. A second reward screen was shown after each trial for an unlimited
time. The second reward screen informed participants that they had earned a piece of a picture and

the full picture would be revealed at the end of the task. This picture-based reward was
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implemented as an additional means of maintaining participants’ attention throughout the task.
The second reward screen was not present in the adolescent and young adult version of the task as
it was believed that additional reward screens were not necessary in order to maintain the attention

of participants over 12-years-old. The full child procedure lasted approximately 10-minutes.

Data Analysis
Data from the self-report measures were pre-processed using MATLAB. Whereas, data obtained
via the synchronisation-continuation task was pre-processed in Python using the Spyder IDE. All

participants’ ages were converted to natural logarithmic age, as described in chapter 2.

Self-Report Scales. All self-report and parent-report scales were summed and averaged to
create an index for each of the variables of interest. In addition, SWAN-Hyperactive/impulsive
subscale scores and UPPS-P short-form scores were converted to z-scores. This meant that the
impact of impulsivity on task performance could be investigated across age, despite the fact that
impulsivity was measured using the SWAN-Hyperactivity/impulsivity subscale for participants

recruited at SSM and the UPPS-P short-form for the remaining participants.

Erroneous Data Removal. For each trial of the synchronisation-continuation task, the
time intervals between each spacebar keypress were calculated. These were referred to as inter-
tap-intervals (ITIs), consistent with previous finger-tapping tasks (e.g., Maes, 2016). All ITIs
<200ms or >1s were removed to control for accidental keypresses and participant inattention.
These cut-off values were chosen as they removed values 200ms below the lowest target response
frequency (400ms) and 200ms above the highest target response frequency (800ms). On average
across the participants, 2.46% of ITls per trial fell outside of the cut-off values and were removed
from further analysis (SD = 3.59, range = 0 - 34.5).

Temporal Error. For each trial, the target ITI for the condition was subtracted from each
ITI to produce a set of temporal error (TE) values. To clarify, 400ms was subtracted from each ITI
in a high-frequency condition trial, 600ms was subtracted from each ITI in a medium-frequency
condition trial, and 800ms was subtracted from each ITI in a low-frequency condition trial. A TE

value indicates the level of discrepancy between the time gap separating two of the participant’s
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successive keypresses and the time gap between two successive tones in the presented sequence.
A negative TE indicated that the participant’s ITI was shorter than the target ITI, and therefore,
the two successive keypresses were too close together in time. Whereas, a positive TE revealed
that the participant’s ITI exceeded the target ITI, i.e., the two successive keypresses were too far

apart in time.

Temporal Bias. To explore the extent to which participants responded ahead of, or behind,
the target response pace, the participant’s TE values were first pooled for each condition. A median
TE value was then calculated for each condition from the pooled TE values. This was referred to
as participants’ temporal bias. A negative temporal bias suggests that the participant tended to
respond ahead of the set response pace. Whereas, a positive temporal bias suggests that the
participant tended to respond behind the set response pace. This measure provided qualitative

detail regarding the direction at which participants tended to deviate from the target response pace.

Average Temporal Error. To investigate the magnitude with which a participant deviated
their response pace from the pace set by the tones, the mean TE was obtained for each condition.
To achieve this, all TE values were converted to their absolute values. This step was necessary as
a negative TE could cancel out the influence of a positive TE when all TEs are averaged, which
would obscure the participant’s true average TE. Next, the absolute TE values were pooled by
condition and averaged to produce a mean TE and standard deviation for each of the three
conditions. The mean TE values gave an indication of the participants’ temporal accuracy on each
condition. Larger mean TE values demonstrate poorer temporal accuracy and thus, a less
developed ability to both predict when to respond and update their pace when errors in their timing

arise.

Temporal Variability. Finally, to determine the extent to which a participant could
consistently maintain the response pace set by the tones, a coefficient of variation (CV) was
calculated for each condition. This was achieved by dividing the standard deviation of the TE by
the mean TE for each condition. Larger CV values showed greater variability in the participant’s
ability to match the set response pace. Similar to low temporal accuracy, a more variable response

pace was indicative of an inferior ability to plan and adjust one’s response pace.
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Outlier Detection. To exclude any potentially confounding anomalous data, the Tukey’s
fences method for outlier detection was applied to the dataset (Tukey, 1977). See chapter 2 for an
explanation of why the Tukey’s fences method for outlier detection was chosen over alternative

outlier detection methods.

Seventeen high-frequency median TE, 9 medium-frequency median TE, 12 low-frequency
median TE, 4 high-frequency mean TE, 7 medium-frequency mean TE, 14 low-frequency mean
TE, 9 high-frequency CV, 1 medium-frequency CV, and 10 low-frequency CV data points were
found to be more than 1.5 interquartile ranges away from the nearest quartile. Upon comparison,
it was found that the removal of the anomalous data points did not affect the direction or
significance of the results regarding the influence of age, sex and impulsivity on the medium-
frequency median TE, the low-frequency median TE, the high-frequency CV, the medium-
frequency CV, or the low-frequency CV. Hence, the identified data points for these variables were
not removed in order to ensure the completeness of the data. However, excluding the extraneous
data points for the high-frequency median TE and the high-frequency mean TE did have an effect
on the findings. Prior to outlier removal, high-frequency median TE was significantly predicted
by age (B = .24, t= 3.5, p =.001) and high-frequency mean TE was not predicted by any predictor
variable. Whereas, age significantly predicted high-frequency mean TE after the outlier data
points were excluded (f =-.17, t = -2.46, p = .02) and no longer predicted a significant proportion
of the variation in high-frequency median TE. As a result of these changes, the 21 data points
identified as outliers for these two variables were removed from the data so as not to statistically

bias the results.

Statistical Analyses. All statistical analyses were run in Statistical Package for the Social
Sciences (SPSS). For the reasons outlined in chapter 2, impulsivity and sex were included as
nuisance variables in the current study. In further support of the inclusion of impulsivity as a
nuisance variable, previous research has shown that individuals with increased impulsivity
demonstrate greater variability in their capacity to maintain a set response pace on synchronisation-
continuation tasks compared to those with lower levels of impulsivity (Barratt et al., 1981; Noreika
et al., 2013; Valera et al., 2010). Therefore, this suggests that participants’ sensorimotor
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continuation could have been confounded by age-related differences in their levels of impulsivity.
Likewise, in the case of sex, lower response pace variability on synchronisation-continuation tasks
has previously been associated with greater functional efficiency in the brain (De Guio et al.,
2012). Therefore, due to the suggestion that the brain matures at different rates in males and
females (De Bellis et al., 2001; Koolschijn & Crone, 2013; Sumich et al., 2012), sex was also

included as a nuisance variable in the current study.

Nine stepwise multiple linear regressions were performed to investigate whether
participants’ average temporal error, temporal variability, or temporal bias could be predicted by
age, impulsivity, or sex in each of the three conditions. In each regression analysis, impulsivity
and sex were entered in an initial block as nuisance variables, and age was entered alone in a
second block. The purpose of these statistical tests was to reveal the extent to which an individual’s
age can influence their predictive motor control when the respective influences of both impulsivity
and sex are taken into account. G*Power analysis revealed that 77 participants were required to
obtain a medium sized-effect (f=.15) in a multiple linear regression with three predictor variables,
80% power, and a 5% alpha level (Faul et al., 2009). As the sample contained 205 participants, the

analyses were sufficiently powered.

Results

In the current study, participants completed 12 trials of a synchronisation-continuation task. To
briefly reiterate, on each trial of the task, participants were instructed to listen to, press the spacebar
in time with, and finally, replicate a sequence of tones presented at either a high-, medium-, or
low-frequency. When replicating a tone sequence, participants’ objective was to press the spacebar
in a manner such that the temporal gaps between each of their keypresses mirrored the gaps present
between the tones. The level of disparity between each produced time interval relative to the
genuine time intervals present in the target sequence was calculated. This revealed the accuracy
and consistency at which participants could maintain the set response pace, as well as their

tendency to respond ahead of or behind the set pace.

63



The Influence of Age on Participants’ Temporal Bias in Each of the Three Tone Frequency
Conditions

To explore the extent to which a participant tended to respond ahead of, or behind, the target
response pace, their median TE value was obtained for each condition. This revealed the
participant’s temporal bias; an indicator of the directionality of participants’ average deviations
from the target response pace. A negative temporal bias suggested that the participant tended to
respond ahead of the set response pace, i.e., press the spacebar at too quick a pace. Whereas, a
positive temporal bias suggested that the participant tended to respond behind the set response

pace, i.e., press the spacebar at too slow a pace.

To investigate the influence of age on participants’ temporal bias, three stepwise multiple
linear regressions were conducted on the high-frequency median TE, the medium-frequency
median TE and the low-frequency median TE, with the factors: age, impulsivity, and sex. In each
regression, impulsivity and sex were entered in an initial block as nuisance variables, and age was
entered alone in a second block (see table 3.2 for the final models). It was revealed that both the
medium-frequency median TE and the low-frequency median TE were significantly predicted by
age (both p<.001), and were not predicted by impulsivity or sex (all p>.05). As age increased, both
the medium-frequency median TE and the low-frequency median TE increased. Whereas, the
high-frequency median TE was not predicted by age, impulsivity or sex (all p> .05). To further
visualise the relationship between temporal bias and age, see figure 3.2 for each median TE

variable plotted against participants’ unlogged age in years.
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Table 3.2. The results of three stepwise multiple linear regression analyses investigating the influence of age, impulsivity and sex on

the temporal bias in the high-, medium- and low-frequency conditions

Final regression model

t F df

R? SE

Temporal bias in the high frequency
condition (high-frequency median TE)
Age
Impulsivity

Sex

Temporal bias in the medium frequency

condition (medium-frequency median TE)

Age 35**
Impulsivity .04
Sex -.06

Temporal bias in the low frequency

condition (low-frequency median TE)

Age 39**
Impulsivity -.03
Sex -.02

No variables were entered into the model.

28.06** 1,202
5.3**
.6
-.86

37.22*%* 1, 202
6.1**
-49
-31

A2 .06

.16 .09

Note. *p<.05 **p<.001.
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Figure 3.2.

Temporal bias as a function of participants’ unlogged age in years and condition
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Note. 3.2A. A figure showing temporal bias in the high-frequency condition as a function of
participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 3.2B. A figure
showing temporal bias in the medium-frequency condition as a function of participants’ unlogged
age in years. Error bars represent +/- 1 standard deviation. 3.2C. A figure showing temporal bias
in the low-frequency condition as a function of participants’ unlogged age in years. Error bars

represent +/- 1 standard deviation.
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The Influence of Age on Participants’ Average Temporal Error in Each of the Three Tone
Frequency Condition

In addition to the median TE, each participants’ average TE was also calculated for each condition.
This revealed the magnitude with which a participant deviated their response pace from the pace
set by the tones. An average TE was obtained for each condition by averaging the absolute TE
values from each trial within that condition. Mean TE values provide an indication of the
participants’ temporal accuracy on each condition with larger mean TE values demonstrating
poorer temporal accuracy and thus, a less developed ability to both predict when to respond via
the forward model and update their pace when errors in their timing arise. To investigate the extent
to which age had an effect on participants’ temporal error, three stepwise multiple linear
regressions were conducted on the high-frequency mean TE, the medium-frequency mean TE and
the low-frequency mean TE, with the factors: age, impulsivity, and sex. In each regression,
impulsivity and sex were entered in an initial block as nuisance variables, and age was entered
alone in a second block (see table 3.3 for the final models). It was revealed that all three dependent
variables were significantly predicted by age (all p<.05), and were not predicted by impulsivity or
sex (all p>.05). As age increased, mean TE decreased in all three conditions. For visualisation
purposes, see figure 3.3 for each mean TE variable plotted against participants’ unlogged age in

years.

It should be noted that, initially, a significant model was found for the medium-frequency
mean TE before age was added to the model, F(1, 202)=4.92, p = .03. Medium-frequency mean
TE was significantly predicted by sex (f = -.15, t = -2.22, p = .03) and was not predicted by
impulsivity (8 = .06, t = .82, p = .42). The model fit was R?>= .02, SE = .05. However, after age
was added to the model, the medium-frequency mean TE was significantly predicted by age (8 =
-.21, t = -3.03, p = .003), was not predicted by impulsivity (# = .06,t=.9, p =.37) and was no
longer predicted by sex (8 =-.11,t=-1.54, p =.13). Likewise, a significant model was also initially
found for the low-frequency mean TE before age was added to the model, F(1, 202)= 5.97, p =
.02. Low-frequency mean TE was significantly predicted by sex (8 = -.17,t=-2.44, p = .02) and
was not predicted by impulsivity (8 = .07, t = 1.04, p = .3). The model fit was R? = .03, SE = .06.
However, after age was added to the model, the low-frequency mean TE was significantly
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predicted by age (8 =-.36, t =-5.39, p <.001), was not predicted by impulsivity (f =.08,t=1.23,
p =.22) and was no longer predicted by sex (8 =-.09,t=-1.36, p =.18).
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Table 3.3. The results of three stepwise multiple linear regression analyses investigating the influence of age, impulsivity and sex on

the average temporal error in the high-, medium- and low-frequency conditions

Final regression model B t F df R? SE
Average temporal error in the high frequency 6.06* 1,198 .03 .02
condition (high-frequency mean TE)

Age -17* -2.46*

Impulsivity .06 .86

Sex -.03 -.35
Average temporal error in the medium frequency 7.16* 2,201 .07 .05
condition (medium-frequency mean TE)

Age -21* -3.03*

Impulsivity .06 9

Sex -11 -1.54
Average temporal error in the low frequency 17.93** 2,201 15 .06
condition (low-frequency mean TE)

Age -.36** -5.39**

Impulsivity .08 1.23

Sex -.09 -1.36

Note. *p<.05 **p<.001.
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Figure 3.3.

Average temporal error as a function of participants’ unlogged age in years and condition
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Note. 3.3A. A figure showing average temporal error in the high-frequency condition as a function
of participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 3.3B. A figure
showing average temporal error in the medium-frequency condition as a function of participants’
unlogged age in years. Error bars represent +/- 1 standard deviation. 3.3C. A figure showing
average temporal error in the low-frequency condition as a function of participants’ unlogged age

in years. Error bars represent +/- 1 standard deviation.
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The Influence of Age on Participants’ Temporal Variability in Each of the Three Tone
Frequency Conditions

To explore the extent to which a participant could consistently maintain the response pace set by
the tones, a CV was calculated for each condition. The larger the CV value, the greater the
variability in participants’ ability to match the set response pace, and hence, the less precise their
forward model. To establish the extent to which age had an effect on the temporal variability in
participants’ response behaviour, three stepwise multiple linear regressions were conducted on the
high-frequency CV, the medium-frequency CV and the low-frequency CV, with the factors: age,
impulsivity, and sex. In each regression, impulsivity and sex were entered in an initial block as
nuisance variables, and age was entered alone in a second block (see table 3.4 for the final models).
It was revealed that all three variables were significantly predicted by age (all p<.05), and were
not predicted by impulsivity or sex (all p>.05). As age increased, the CV decreased in all three
conditions. For visualisation purposes, see figure 3.4 for each CV variable plotted against

participants’ unlogged age in years.
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Table 3.4. The results of three stepwise multiple linear regression analyses investigating the influence of age, impulsivity and sex on

the temporal variability in the high-, medium- and low-frequency conditions

Final regression model B t F df R? SE
Temporal variability in the high frequency 72.85** 1,202 27 2
condition (high-frequency CV)

Age -.52** -8.54**

Impulsivity .02 24

Sex .07 1.05
Temporal variability in the medium frequency 10.66* 1, 202 .05 23
condition (medium-frequency CV)

Age -.22* -3.27*

Impulsivity 01 19

Sex -.02 -.26
Temporal variability in the low frequency 14.15** 1,202 .06 23
condition (low-frequency CV)

Age -26%*  -3.76**

Impulsivity .02 31

Sex .02 .33

Note. *p<.05 **p<.001.
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Figure 3.4.

Temporal variability as a function of participants’ unlogged age in years and condition
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Note. 3.4A. A figure showing temporal variability in the high-frequency condition as a function of
participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 3.4B. A figure
showing temporal variability in the medium-frequency condition as a function of participants’
unlogged age in years. Error bars represent +/- 1 standard deviation. 3.4C. A figure showing
temporal variability in the low-frequency condition as a function of participants’ unlogged age in

years. Error bars represent +/- 1 standard deviation.
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Discussion

The purpose of the current study was to determine the influence of age on the accuracy and
variability of participants’ sensorimotor continuation ability, given its proposed reliance on the
forward model (Maes, 2016). To achieve this, participants aged 4-25 completed a synchronisation-
continuation task in which they were instructed to press a computer key in time with a series of
tones presented at either a high, medium, or low-frequency. After synchronising their responses
with the tones, they then had to continue making keypresses at the same pace in the absence of the
tones. The accuracy and variability with which participants were able to maintain the target
response pace was computed. In addition, the extent to which participants’ response pace tended
to run ahead of or lag behind the target response pace was also calculated. These measures acted
as indicators of the participants’ ability to form accurate forward model prediction of when best to

respond and update their model in response to post-action feedback.

In the current study, it was found that increased age led to greater temporal accuracy and
reduced temporal variability after controlling for the influence of impulsivity and sex.
Furthermore, this result remained true regardless of the frequency at which the tones were
delivered. These findings are consistent with both the first and second hypotheses of the current
study. Similarly, the findings also align with the conclusion drawn by McAuley et al. (2006), as
they suggest that the accuracy and consistency of individuals’ sensorimotor continuation improves
with age from childhood to adulthood. Furthermore, the findings extend our current understanding
of how the forward model develops, as they suggest that both the quality of the forward model’s
predictions and the capacity to integrate observed action feedback into the forward model improve
with increased age. That being said, it should be acknowledged that, across the frequency
conditions, only a small proportion of the variance in participants’ temporal accuracy and temporal
variability was explained by the final models (R? = .03 - .27). Hence, the results should be

interpreted with caution.

Despite being consistent with the conclusion of research by McAuley et al. (2006), the
findings of increased temporal accuracy and reduced temporal variability with age are not in
agreement with the results of research by Witt and Stevens (2013). As posited earlier within this

chapter, this disparity may be explained by statistical error. More specifically, Witt and Stevens
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(2013) failed to achieve sufficient statistical power in their analyses. In contrast, all analyses were
sufficiently powered in the current study. Therefore, this reinforces the idea that the effect of age
on sensorimotor continuation was merely obscured by statistical error in research by Witt and
Stevens (2013).

As an alternative explanation, differences in the method through which temporal accuracy
was measured may have given rise to the discrepancy between the current findings and those
obtained by Witt and Stevens (2013). In their study, Witt and Stevens (2013) quantified temporal
accuracy by measuring the average asynchrony between a participant’s tap and the time at which
the participant should have tapped according to the target response pace. Evidently, this measure
assumes that preserving a perfect alignment between the onset of each response and the timestamp
of each tone is necessary to maintain the presented response pace. However, this is not always the
case. For instance, it is plausible that a participant could have successfully reproduced the target
ITI, but have shifted the onset of each of their responses slightly later than was expected. This
would result in a constant offset between the time of each tone and the time of each response, thus
falsely degrading the participant’s recorded temporal accuracy. Therefore, this suggests that the
findings obtained by Witt and Stevens (2013) were not reflective of participants’ genuine
sensorimotor continuation skill. In contrast, the current study measured poor temporal accuracy as
the average extent to which participants’ inter-response-intervals deviated from the target inter-
response-interval. Hence, the current findings are more representative of participants’
sensorimotor continuation ability, as they were not confounded by deviations in the specific time

during the trial at which a response was made.

The present study also found that, when the target ITI was set to 600ms or 800ms, a greater
tendency to respond ahead of the target response pace was linked to younger age. Whereas, there
was no effect of age on the temporal bias at the high-frequency (400ms) target response pace.
These findings appear to suggest that younger individuals’ poorer temporal accuracy relative to
older individuals arises due to a tendency to overestimate the time at which they need to respond.
Alternatively, the association between younger age and tending to respond ahead of the target
response pace can also be explained by age-related differences in participants’ propensity to shift

their response pace to their preferred response tempo. During the continuation phase of
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synchronisation-continuation tasks, previous research has shown that children’s response pace
drifted to their preferred response tempo to a greater extent than that of adults (McAuley et al.,
2010). In addition, children’s preferred response tempo has previously been shown to range
between 400-500ms and gradually slow over time before averaging between 600-800ms in
adulthood (Baruch et al., 2004; Hammerschmidt et al., 2021; Monier & Droit-Volet, 2019; Provasi
& Bobin-Beégue, 2003). Therefore, this suggests that younger participants’ tendency to respond
faster than the 600ms and 800ms target pace occurred as a result of their response pace drifting to
their preferred response tempo of 400-500ms. In support of this idea, the tendency to response
ahead of the target pace was found to decline with age, in line with the suggestion that children’s
propensity to move their response pace to their preferred motor tempo reduces with age. However,
this interpretation does not explain the observed link between older age and a greater tendency to

respond behind the target response pace. Further research is needed to elucidate why this occurred.

During the synchronisation-continuation task, it is believed that individuals predict when
to make each response via a weighted combination of a prior and a likelihood (Berniker & Kérding,
2011). The likelihood refers to the individual’s perception of the time elapsed since their last
response (Narain et al. 2018). Whereas, the prior refers to their memory of the average ITI
presented during the synchronisation phase of the task (Lewis et al., 2004; Witt & Stevens, 2013).
For this reason, one limitation of the current study is that the reported age-related improvement in
sensorimotor continuation may have been modulated by developmental changes in participants’
capacity to retain the target ITI in working memory. In agreement with this suggestion, previous
research has demonstrated that, during the continuation phase of a synchronisation-continuation
task, children aged 11-12 were able to maintain an isochronous ITI in working memory for a longer
timeframe compared to children aged 6-10 (Gomes et al., 1999). This suggests that the rate at
which nonverbal, auditory information degrades over time within working memory declines with
age in childhood. Therefore, future research should control for the impact of age-related variability
in young people’s working memory capacity on the results in order to produce more reliable

conclusions on how sensorimotor continuation changes with age from childhood to adulthood.

Aside from age-related deficits in participants’ ability to recall the target ITI, it can be

argued that, in comparison to older participants, younger participants were less capable of
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perceiving the target ITI. Past research has shown that children perform worse than adults on tasks
where they are asked to discriminate between different auditory and visual stimuli based on their
duration (Droit-Volet et al., 2006; Droit-Volet et al., 2007; Zélanti & Droit-Volet, 2012). This
suggests that the capacity to accurately perceive presented time intervals matures with age from
childhood to adulthood. Therefore, the current results can be partly attributed to age-related
improvements in participants’ ability to accurately judge the temporal interval presented between

the tones, as opposed to being solely the result of maturation in the quality of their forward model.

In addition to age-related differences in time perception, it may be argued that the results
could have also been affected by varying years of music training amongst participants. Music
training refers to the act of learning to play a music instrument, either formally with an instructor
or informally via self-instruction (Braun Janzen et al., 2014). Past research has shown that
possessing a greater number of years of music training was associated with more accurate and less
variable synchronised tapping performance across participants aged 8-80 (Thompson et al., 2015).
This is because experience of learning to play a musical instrument is believed to provide
individuals with the opportunity to develop their ability to predict when the next beat will occur
within a sequence (Slater et al., 2018) and practice in adjusting the timing of their movements
according to auditory cues (Krause et al., 2010). Intuitively, older participants will have had more
time in which to gain music training than younger participants. Hence, the observed age-related
change in sensorimotor continuation skill could be, at least partially, explained by variation in
individuals’ years of music training. Therefore, future research aimed at determining the influence
of age on sensorimotor continuation should control for the impact of variability in individuals’

years of music training.

The results of the current study demonstrated that sensorimotor continuation develops with
age from childhood through to adulthood. However, it has been argued that effective sensorimotor
continuation is reliant on two distinct mechanisms: i) the individual’s ability to form accurate
forward model predictions about when to make each response, and ii) their ability to correct their
forward model in instances where their response pace has deviated from the target pace (Maes,
2016). Consequently, to gain a holistic understanding of how the forward model system matures

with age, future research is needed to separate the relative developmental trajectories of these two
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mechanisms. This could be accomplished by modifying the current task to include tone sequences
with unexpected shifts in the length of the inter-tone-interval, as implemented in research by Hove
et al. (2017). By measuring the speed and accuracy with which the individual can alter their
response pace during the synchronisation phase to match these unexpected changes, it would be
possible to assess how the ability to adjust one’s forward model develops with age. Similarly, the
extent to which individuals can anticipate when these shifts in inter-tone-interval will occur after
repeated exposure could also be quantified, as achieved in research by Mills et al. (2015). Through
this measure, it would then be possible to isolate the impact of age on the quality of individuals’

forward model predictions on when best to respond.

To conclude, the purpose of the present study was to determine the influence of age on
young people’s sensorimotor continuation. It was found that both the accuracy and consistency
with which the set response pace could be replicated improves with age from childhood to
adulthood. As sensorimotor continuation is believed to rely on a forward model, the current results
suggest that the forward model becomes more functionally efficient with age. To solidify these
interpretations, future studies should elucidate whether the current findings can be replicated after
controlling for the impact of variation in individuals’ working memory capacity, time perception
and years of music training. Moving forward, it would also be beneficial for future research to
examine the relative development trajectories of both the ability to form forward model predictions
and update the forward model in response to observed sensory feedback. This would provide a
more in-depth understanding of how precisely the forward model develops in functional efficiency
from childhood to adulthood.
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Chapter 4: Exploring the Impact of Age on Predictive Motor Timing from Childhood to
Adulthood

Chapter Summary

The purpose of chapter 4 was to explore how predictive motor timing changes from childhood to
adulthood, given the suggested role of the forward model in facilitating anticipatory motor action.
This was achieved by administering a cued RT task to participants aged 4-25 years. Participants
were first presented with a cue stimulus, followed by a target stimulus after a variable interval.
Their objective was to respond as soon as a target stimulus appeared. It was found that both the
ratio of anticipatory to reactive responses made by the participant and the average speed and
consistency of their anticipatory decision process increased with age. This suggests that the ability

to form accurate forward model predictions develops with age from childhood to adulthood.

Introduction

The study reported in chapter 3 was successful in demonstrating that individuals become more
effective at using their forward model to control the accuracy and consistency of their motor
actions with age. Notably, it remains unclear as to whether the age-related improvements described
in chapter 3 arose due to the development of participants’ prediction abilities, their ability to learn
from action feedback, or some combination of the two. By disentangling the developmental
trajectories of these two abilities, it will be possible to gain a more in-depth understanding of how
the ability to use a forward model improves with age. Therefore, chapter 4 focused exclusively on
determining how the rate at which individuals use their forward model to predict when to respond

develops with age.

Predictive motor timing refers to an individual’s ability to manipulate the timing of an
intended action such that its occurrence aligns with the predicted onset of an imminent stimulus
(Tanaka et al., 2021). This ability has previously been measured using a cued reaction time task
(Brown, 2019). In a cued RT task, participants are first presented with a cue stimulus. The cue
stimulus is then succeeded by a target stimulus after a given time interval. Participants’ objective
is to make a response as soon as the target stimulus has been perceived (Debrabant et al., 2012).

Crucially, two distinct cognitive control processes can be employed to achieve this objective: a
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proactive control process and a reactive control process (Braver, 2012). The proactive control
process is prompted by the onset of the cue stimulus. The individual’s forward model is used to
predict when the target stimulus will most likely occur and hence, when best to respond such that
their keypress is temporally-contingent with the target stimulus’ onset. Relevant muscles then
remain primed to execute the planned, anticipatory response throughout the duration of the cue
(Burnett Heyes et al., 2012). Whereas, when the reactive control process is implemented, actions
are selected retrospectively in response to the perception of the target stimulus. Consequently,
executing a reactive response does not require any internal action preparation via the forward
model in advance of the target stimulus’ onset, and is instead, triggered solely by external events
(Lucenet & Blaye, 2014).

Whilst it may be argued that a reactive response is indeed sufficient for completing a cued
RT task, this approach is suboptimal given that the time needed to perceive the target stimulus and
produce an appropriate response will contribute to the participant’s RT (Burnett Heyes et al.,
2012). In comparison, these time costs are reduced when an anticipatory response is made. By
using the forward model to predict when the target stimulus will onset, participants have primed
their sensory and motor systems to perceive the stimulus and perform an appropriate response
before the target has even appeared (Braver, 2012). Therefore, effective predictive motor timing
necessitates an anticipatory response strategy, as opposed to a reactive strategy, in order to
minimise the individual’s RT relative to the target stimulus’ onset. For this reason, past studies
have examined both the proportion of anticipatory responses produced by the individual
(Debrabant et al., 2012), and the speed and consistency at which the decision to make an
anticipatory response was reached (Adam et al., 2012; Burnett Heyes et al., 2012) as indices of

predictive motor timing.

Notably, few prior studies have attempted to determine the full trajectory at which
predictive motor timing develops from childhood to young adulthood (Debrabant et al., 2012).
Instead, most studies have merely compared the performance of children and young adults on cued
RT tasks (Iselin & DeCoster, 2009), often reporting that the latter demonstrate greater anticipatory
response behaviour than the former (Brown, 2019; Perchet & Garcia-Larrea, 2005). This suggests

that young adults show a greater tendency to prepare motor responses to anticipated stimuli than
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children, and thus, are more likely to form predictions about the outcome of their action. However,
it remains unclear as to whether these results can be extended across adolescence. A limited
number of studies have shown that the ability to predict both the location (Van Gerven et al., 2016)
and the identity (Iselin & DeCoster, 2009) of expected stimuli and prepare appropriate responses
improves with age across adolescence. This increase in anticipatory behaviour has been argued to
result from maturational changes occurring within the prefrontal cortex during adolescence (Smith
et al., 2011). Therefore, it has been posited that predictive motor timing, or in other words, the
tendency to use the forward model to prepare actions in advance, should also improve as
individuals develop throughout adolescence. However, further research is needed in order to

examine this idea empirically.

The Current Study

The purpose of the current study was to establish the extent to which the tendency to form
predictions about when to respond in anticipation of a sensory event improves with age from
childhood to adulthood. This would reveal how the capacity to generate predictions about the
outcomes of planned actions using a forward model changes with age across this period. To
achieve this, participants completed a cued RT task where they were presented with an amber cue
stimulus, followed by a target green stimulus after a variable interval. Participants were instructed
to click the screen as soon as the target stimulus became visible. Responses were classified as
anticipatory or reactive based on the participant’s RT. From this, the ratio of anticipatory to
reactive responses was calculated. The higher ratio, the greater the extent to which the participant
tended to use their forward model to form predictions about the outcome of their action. In
addition, participants” RT data was also fitted to a two-horse linear rise-to-threshold model to
calculate the speed and variability at which the decision to make an anticipatory response was
reached. The faster and more consistent the rate of rise in their anticipatory decision process, the
greater their tendency to form forward model predictions and prepare response in advance. To

extend the findings of past research (e.g., Brown, 2019), two hypotheses were made:

1) It was hypothesised that the ratio of anticipatory to reactive responses would be predicted

by age, with greater age associated with a larger ratio.
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2) It was hypothesised that the speed and variability in the rate of rise in the anticipatory
decision process would be predicted by age, with greater age associated with a faster and

more consistent rate of rise.

Method

Design

An independent measures design was used in the current study. The independent variables were
age, sex and impulsivity. The key dependent variables were the ratio of anticipatory to reactive
responses, the mean rate of rise in the anticipatory decision process, and the variability in the rate
of rise in the anticipatory decision process. These dependent variables acted as indicators of
participants’ ability to prepare actions in advance; a skill that demands the use of the forward

model.

Participants
323 participants were initially recruited (83 male, 239 female, and 1 preferred not to say). The age
of participants ranged from 4 to 25 years (M=16.36, SD=4.14).

e 220 participants were right-handed, 23 was left-handed and 52 were ambidextrous, as
measured by the EHI-SF (see appendix A for a full outline of this measure). 28 participants
did not complete the EHI-SF.
e 212 participants were White, 19 were Asian, 7 were Black, 10 had mixed/multiple ethnic
identities, 3 had another ethnic identity that was not listed, 8 preferred not to say, and 64
did not report their ethnic identity.

Participants were recruited through one of four avenues: 70 participants were recruited via
SSM in August 2020 and August 2021, 58 were recruited from two high schools in the
Nottinghamshire and Derbyshire areas from January 18th 2022 - 16th March 2022, and the
remaining 195 were recruited either through RPS or through recruitment posters published on
social media between 18th November 2020 - May 15th 2021. For more detailed information on
how participants were recruited from each of these sources and how informed consent was

obtained, please see chapter 2. The full experimental procedure of the current study was approved
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by the School of Psychology ethics committee at the University of Nottingham. Seventeen
participants were excluded because they self-reported a diagnosis of either ADHD or ASD. The
rationale for removing participants with these two conditions was outlined in chapter 3. All
remaining participants were neurotypical. One participant was also removed because they
responded during the red light presentation on >50% of the trials on the cued RT task. The

demographics of the adjusted sample can be viewed in table 4.1.
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Table 4.1. The demographic characteristics of the adjusted sample.

Age (years) Sex Ethnicity* Handedness**
Full sample Range= 78 Male 199 White 209 right-handed
(n=305) 41025 226 Female 19 Asian 22 left-handed
M=16.39 1 Preferred not to say 7 Black 49 ambidextrous
SD=4.17 10 Mixed/multiple ethnic identities

2 Any other ethnic identity

7 Preferred not to say

Note. *Ethnicity information was not collected for 61 participants. **Handedness information was not collected for 25 participants.
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Materials

The Cued Reaction Time Task. A cued RT task was used to measure participants’
predictive motor control. The task closely mirrored the tasks used in research by Brown (2019)
and Burnett Heyes et al. (2012). The task was designed using PsychoPy and ran online via Pavlovia
(Peirce, 2019, 2022). Stimuli consisted of two 119x178 pixel images of cartoon race cars. The cars
were coloured red and blue to differentiate between the participant-controlled car and the
computer-controlled car. Stimuli also included a 500x200 pixel image of a traffic light. The traffic

light changed colour sequentially from red to amber to green during each trial.

Self-Report and Parent-Report Measures. The following self-report measures and parent-
report measures were administered in the current study:
e The SWAN-Hyperactive/Impulsive subscale was used to measure child participants’
impulsivity as reported by their parents or carers.
e The UPPS-P short-form was used to measure adolescents’ and young adults’ self-reported
impulsivity.

Please see chapter 2 for a full outline of the SWAN rating scale and UPPS-P short-form.

Procedure

Similar to the synchronisation-continuation task reported in chapter 3, two versions of the cued
RT task were created with the same age groups in mind: one version for adolescents and young
adults and a second version for children. The adolescent and young adult version was available to
participants via the two high schools, RPS, and social media posts. Whereas, the child version was
administered at the two SSM events. As noted in chapter 3, although SSM was aimed at children
aged 4-12, individuals aged between 12-17 were also permitted to take part. Therefore, it was

possible for a participant aged >12 to have received the child version of the task.
Adolescent and Young Adult Procedure. Adolescent and young adult participants

provided their demographic information and completed the UPPS-P short-form via a survey hosted

on Quialtrics before being redirected to the cued RT task.
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Upon opening the cued RT task, participants first saw a black instructions screen with
details about how to complete the task. Participants started the trials by pressing the spacebar.
Participants were instructed to complete the task using the same hand throughout. Participants first
completed 5 practice trials to familiarise themselves with the task, before progressing to the main
experiment trials. In each trial, participants were presented with a red car and a blue car positioned
at the bottom of the screen (see figure 4.1A). The red car and blue car were each controlled by the
participant and the computer, respectfully. A set of traffic lights was positioned at the top of the
screen with only the red light visible. After 1s, the red light was replaced by an amber light. The
duration of the amber light varied on each trial via a Gaussian distribution with a mean of 750ms
and a standard deviation of 125ms. When the amber light duration terminated, the green light was
shown for 1s. Participants responded by clicking the screen as soon as the green light was visible.
Time taken to click the screen was recorded relative to both the amber light’s onset and the green
light’s onset. On each trial, the chance of winning was determined via an inverse exponential
temporal discount function based on the participant’s reaction time relative to the green light’s
onset (1/exp(2)RT; see figure 4.1B). Faster responses resulted in a higher chance of winning the
trial. However, any responses that occurred before the green light’s onset or after the green light’s
duration had ended resulted in the participant losing the trial. This time pressure was designed to

encourage participants to prepare their responses in anticipation of the green light’s onset.
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Figure 4.1.
Image of the cued RT task and the inverse exponential temporal discount function.
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Note. 4.1A. An image showing the cued RT task. The participant’s and computer’s cars are
positioned at the bottom of the screen. The traffic light is shown at the top of the screen with the
green light visible. 4.1B. A figure showing the inverse exponential temporal discount function
used to calculate a participant’s chance of winning a trial based on their reaction time relative to

the green light’s onset.

Making a response caused the cars to travel up the screen to simulate a car drag race. If the
participant won the trial, then the participant’s car moved at a faster pace than the computer’s car.
The opposite occurred when the participant lost the trial. As the cars moved, the sound of a car
engine was heard. Each trial lasted for approximately 3s. After each trial, a feedback screen was
presented for 1s. The feedback screen informed participants of whether they had won, lost,
responded during the red light presentation, or failed to respond on the previous trial. The feedback
screen also showed the current number of trials that both the participant and the computer had won
throughout the experiment. If either no response was made or a response was made during the red
light presentation during a trial, the feedback screen reminded participants of the task instructions.
Break screens were shown every 25 trials for 2s each. The break screens included encouraging text
to promote participants’ attention. Different encouraging messages were shown depending on
whether the current number of trials won by the participant was greater or lower than the number
of trials won by the computer. A reward screen was shown every 25 trials for an unlimited time.
The reward screen featured an image of either a bronze, silver, or gold trophy and an encouraging

message. An inter-trial interval was presented for 1s, during which a black screen was displayed.
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There were 100 trials in total. The full adolescent and young adult procedure lasted approximately

15-minutes.

Child Procedure. The procedure completed by children mirrored that of the adolescent
and young adult participants with a few minor exceptions. Child participants’ parents or carers
provided their child’s demographic information and completed the SWAN rating scale when
registering their child for SSM. Once registered, participants could complete the cued RT task at
any time throughout the SSM event. Participants were encouraged to complete the left-hand vs
right-hand task before completing the cued-RT task to measure their hand preference during daily
tasks. For a full description of the left-hand vs right-hand task, please see appendix B. On the cued
RT task, break and reward screens were presented every 10 trials rather than every 25 trials.
Reward screens contained an image of a sticker and an encouraging message to promote

participants’ attention. The full child procedure lasted approximately 10-minutes.

Data Analysis
All data pre-processing procedures were conducted in MATLAB. All participants’ ages were

converted to natural logarithmic age, as described in chapter 2.

Self-Report Scales. All self-report and parent-report scales were summed and averaged to
create an index for each of the variables of interest. In addition, SWAN-Hyperactive/Impulsive
subscale scores and UPPS-P short-form scores were converted to z-scores. This meant that the
impact of impulsivity on task performance could be investigated across age, despite the fact that
impulsivity was measured using the SWAN-Hyperactivity/impulsivity subscale for child

participants and the UPPS-P short-form for adolescent and young adult participants.

The Recorded Average Amber Light Duration. On each trial of the cued RT task, the
duration of the amber light varied around a Gaussian distribution with a mean of 750ms and an SD
of 125ms. This means that it should not have been possible for the amber light duration to be less
than 500ms or greater than 1-second as this would have been over 2SDs away from the mean
amber light duration. An amber light duration of this magnitude would likely have been caused by

a technical error, such as a temporal delay in the updating of visual stimuli by the participant’s
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internet browser. For this reason, the total number of trials with a recorded amber light duration
that was less than 500ms or greater than 1-second was recorded and these trials were removed
from the analysis. This provided a means through which to retrospectively verify whether the task
ran as intended online and remove the statistical influence of any trials where technical errors may
have occurred. On average, 0.36% of trials displayed an amber duration outside of the expected
range of 500ms-1s (SD = 1.35, range = 0-17).

Percentage of Non-Response Trials. On the cued RT task, participants were instructed to
respond by clicking the screen as soon as the green light became visible. They then had 1-second
in which to make their response. Hence, a lack of a response on a given trial indicated either poor
task comprehension or participant inattention. On average, 1.47% of trials received no response
(SD= 3.77, range= 0 - 33). All trials without a response were removed from further analysis in

order to remove the influence of these occurrences on the results.

Percentage of Responses Made During the Red Light. On each trial of the cued RT task,
participants were presented with a set of traffic lights which moved from red to amber to green
across the course of the trial. To reiterate, the red light and green light were both on screen for 1-
second each. Whereas, the amber light’s duration was variable. Due to the uncertainty around the
exact duration of the amber light on any given trial, it is feasible that a participant who has prepared
their motor response in anticipation of the green light’s onset may accidentally respond whilst the
amber light is still onscreen. However, unlike the amber light, the red light’s presence does not
signify that the green light’s onset is imminent. Therefore, any responses made during the red
light’s presentation are unlikely to have been caused by the mistimed execution of a prepared
motor response and are instead, more likely to have resulted from either poor task comprehension
or participant error. On average, 1.28% of trials were responded to during the presentation of the
red light (SD= 2.73, range= 0 - 20.48). All trials for which this type of response was made were
removed from further analysis in order to remove the influence of these occurrences on the results.
Taken together, 2.76% of trials were removed on average due to either: an amber duration outside
of the expected range, a failure to respond or a response made during the red light presentation
(SD =5.31, range = 0 - 45.16).
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Reaction Time. Reaction time was calculated relative to both the onset of the amber light
(RTa) and the green light onset (RTg). It is useful to examine both RTa and RTg, as an RTa
demonstrates precisely where the participant’s response fell within the time window available for
a valid response to be made, which overlaps both the amber and green light durations. This
information is helpful for constructing the two-horse linear rise-to-threshold model, as outlined
below. Whereas, an RTe provides a more direct indication of how successful the participant was
in achieving the task goal, i.e. the temporal closeness of their response to the green light’s onset.
A negative mean RTe shows that the participant had a tendency to respond before the green light’s
onset. Whereas, a positive RTc indicates that the participant tended to respond after the green

light’s onset.

The Anticipatory to Reactive Response Ratio. Anticipatory responses were defined as
any response with an RTa that was less than the cut-off criterion of 850ms. This value was selected
as it combined the average amber light duration (750ms) and 100ms of the green light’s duration.
This is in line with past research which has defined an anticipatory response as any response made
within 100ms of the onset of the target stimulus (e.g., Debrabant et al., 2012). Therefore, any
response that was made between the amber light onset and 100ms into the green light’s duration
was classified as anticipatory. Whereas, all responses made after the cut-off criterion were counted
as reactive responses. The total number of anticipatory responses was divided by the total number
of reactive responses to form the anticipatory to reactive response ratio. This ratio indicated
whether a participant tended to respond in an anticipatory or reactive manner. Higher values
demonstrated a larger tendency to make anticipatory responses, and thus, showed more frequent
use of the forward model to plan motor responses ahead of their execution, as opposed to merely

responding reactively.

The Two-Horse Linear Rise-to-Threshold Model Parameters. All valid responses
made on the cued RT task can be classified as either the product of an anticipatory or a reactive
decision process. As each trial progresses, these two decision processes compete in a two-horse
race toward the threshold level required for a response to be executed (Carpenter et al., 2009).
The decision process which reaches the action execution threshold first determines the identity of

the performed action. The anticipatory decision process rises slowly from the onset of the amber

90



light toward the action execution threshold; a response is prepared in anticipation of the green
light’s arrival. Whereas, the reactive decision process is triggered by the presence of the green
light and rises sharply to the response initiation threshold; here, no prior response preparation
transpires (Burnett Heyes et al., 2012).

To statistically capture this race, a two-horse linear rise-to-threshold model outlined by
Burnett Heyes et al. (2012) was applied to each participant’s RTa data (see equation 4.1). Pr(T <
t) denotes the cumulative probability function of a participant’s RT a data, i.e., the probability that
a response had occurred (T) by time t following the amber light onset. WA and ¥R signify the
anticipatory and reactive cumulative recinormal distributions. The notation, t0, refers to the cut-
off criterion, 850ms. Hence, the WA was constructed on the probability that the participant
responded at a time after the amber light onset (t). Whereas, the YR was based on the probability

that the participant responded at a time following the cut-off criterion (t-t0).

Pr(T < t) = YA(t) + YR(t — t0) — YADPYR(t — t0)
(4.1)

In order to fit the two-horse linear rise-to-threshold model to the data, a cumulative
probability function (CPF) of the participant’s RTa data was first calculated (see the black line on
figure 4.2A). The CPF describes the probability that a response had occurred (T) by time t
following the amber light onset. To construct the CPF, both the average duration of the amber light
(750ms) and the full duration of the green light were segmented into equally spaced intervals of
50ms, spanning 1.75 seconds in total. For each time interval, the probability that the participant
had made a response by the onset of that specific time interval. In addition to the CPF, a probability
density function (PDF) was also produced for visualisation purposes using a similar procedure;
the probability that the participant had made a response during each individual time interval was

recorded (see the blue bars on figure 4.2B).

Next, the two-horse linear rise-to-threshold model was used to fit two cumulative

recinormal distributions to the participant’s CPF, each representing the anticipatory (YA) and
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reactive (WR) decision processes, respectfully (see the red line on figure 4.2A for the overall model
fit). A cut-off criterion (t0) of 850ms was used to define the time windows for which an
anticipatory or reactive response would fall. As described above in the case of the anticipatory to
reactive response ratio, this cut-off value was selected as it incorporated the average amber light
duration (750ms) and 100ms of the green light’s duration. Hence, the WA was constructed based
on the probability that the participant responded at any time after the amber light onset (t).
Whereas, the WR was based on the probability that the participant responded at any time following
the cut-off criterion (t-t0).

Through maximum likelihood estimation, the mean rate of rise for the anticipatory (HA)
and reactive (uR) distributions and their corresponding SDs (cA, cR) were calculated. The mean
rate of rise and standard deviation of each distribution demonstrates, on average, how quickly and
variably each of the two decision processes rose toward the required threshold for executing a
response. For a visual example of these decision processes, please refer to figure 4.2C. This shows
one participant’s PDFs for the anticipatory and reactive decision processes constructed using the
mean and SD parameters obtained through fitting the two-horse linear rise-to-threshold model to
their RTa data. Finally, a coefficient of variation was calculated for each decision process in order
to obtain a more precise measure of variability than is afforded by the standard deviation (CVa,
CVR). If a participant tended to prepare a response using their forward model, then the WA should
have risen sharply towards the action execution threshold, resulting in a higher pA and lower CVa

compared to those who tended to make only reactive, stimulus-driven responses.
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Figure 4.2.
The cumulative probability function, probability density function, and anticipatory and reactive

distributions for one participant.
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Note. 4.2A. A figure showing the cumulative probability function (CPF) for participant 9. This
shows the cumulative probability that the participant had made a response at each incremental time
interval throughout the combined timecourse of the amber and green light durations. The black
line shows the participant’s CPF constructed from their RTa data. The blue line shows the two-
horse linear rise-to-threshold model (see equation 4.1) prior to being fitted to the participant’s CPF
through maximum likelihood estimation. The WA and ¥R distributions in this default model have
the following arbitrary parameters: pA = 0.5, cA = 0.5, puR =2, oR = 2. The red line then shows
the two-horse linear rise-to-threshold model after being fitted to the participant’s CPF. The fitted
model parameters for this participant were pA = 0.78, cA =0.44, uR =5.18, cR =10.69. 4.2B. A
figure showing the probability density function (PDF) for participant 9°’s RTa data. This reveals
the probability that the participant had made a response by any given timepoint within the amber
and green light durations. Each blue bar represents the probability that the participant responded
during the specific time interval to which the blue bar spans. The dashed green vertical line
indicates the average onset of the green light, i.e., 750ms after the amber light’s onset. The red line
shows the probability density function constructed using the participant’s fitted model parameters.
4.2C. A figure showing the separate probability density functions for the anticipatory and reactive
decision processes constructed using the fitted model parameters for participant 9. The orange line

shows the anticipatory distribution. Whereas, the green line shows the reactive distribution.
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Despite both defining 850ms as a cut-off criterion during their formation, it is important to
clarify that the pA is not synonymous with the anticipatory to reactive response ratio. During the
calculation of the anticipatory to reactive response ratio, each RTa is labelled as either anticipatory
or reactive according to an absolute binary classification system. Any responses that are made
before the cut-off criterion are classified as anticipatory, i.e., prepared before the green stimulus
onset. Whereas, all those that fall after this value are reactive. The specific time at which a response
occurred within the anticipatory or reactive temporal window is irrelevant. Whereas, as the two-
horse linear rise-to-threshold model’s parameters capture the speed and variability at which each
decision process triggered a motor response, all four variables are dependent on precisely when
during a trial the response was made. For instance, if a participant responded at approximately the
same time point within the anticipatory time window on multiple trials then this would lead to a
higher pA and a lower CVa compared to if their responses were more widely distributed
throughout this period across the trials. In the former scenario, the slope of the PDF curve for the
WA (as visualised in figure 4.2C) would rise sharply to a peak. The same is also true for the pR
and the CVr; the greater the temporal clustering of the reactive responses within the reactive time

window, the greater the uR and the lower the CVR.

In some circumstances, a negative pA or uR could occur. These negative values indicated
that the two cumulative recinormal distributions could not be fit to the participants’ response
probability data. For instance, in the case of participant 10, a pA of -8.81 was observed. The
participant’s RTa data appeared to show a binary pattern of anticipatory responses; there was a
high probability that the participant would respond both at the very beginning of the amber light’s
duration and later towards the end of the anticipatory response window (see figures 4.3A-C). An
optimal PDF curve for this dataset would have two peaks. Hence, this binary response pattern
cannot be adequately captured by a single pA and CVa parameter. As a result, the produced pA
value is unlikely to be representative of the participant’s predictive motor timing behaviour.
Similarly, participant 60 demonstrated a large negative pR of -202.34. The data showed that this
participant had a high probability of responding both immediately after the cut-off criterion and at
a later stage in the green light’s duration (see figures 4.3D-F). Again, this binary pattern of reactive
responses cannot not be reliably captured using a single pR and CVr parameter. As these values

can be attributed to statistical error, any negative uA, uR, CVa, or CVr values were excluded from
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the statistical analyses. For this reason, 9 pA, 9 CVa, 122 uR, and 122 CVr data points were

removed from the data.

Figure 4.3.
The cumulative probability functions, probability density functions, and anticipatory and reactive

distributions for two participants with erroneous model fits.

09 02 018
A B C =
o ——— Rescte
08 . 016

018

1 0 1 5 2
Time (seconds) Time (seconds) Time (seconds)

Probability
2 °
8

5 s 1
Time (seconds) Time (seconds) Time (seconds)

Note. 4.3A-C. Three figures showing the cumulative probability function (4.3A), probability
density function (4.3B), and anticipatory and reactive distributions (4.3C) for participant 10. See
figure 4.2 for a detailed description of how the data is presented in each figure. In particular, on
4.3B, note the relatively tall bars close to time = 0 on the x-axis and just after the green dashed
line. This indicates that this participant made a high proportion of responses both early into the
amber light duration and within 100ms of the green light’s onset, leading to an erroneous, negative
HA value (LA = -8.81). Notably, the constructed PDF curves (4.3C) fail to capture this binary
response pattern. 4.3D-F. Three figures showing the cumulative probability function (4.3D),

probability density function (4.3E), and anticipatory and reactive distributions (4.3F) for
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participant 60. See figure 4.2 for a detailed description of how the data is presented in each figure.
On 4.3D, it can be seen that this participant made a high proportion of responses both immediately
after the cut-off criterion (850ms) and later in the green light’s duration, leading to an erroneous,
negative puR value (uR = -202.34). Notably, the constructed PDF curves (4.3F) were a poor fit for
the participant’s data; most reactive responses appear to have been falsely classified as

anticipatory.

Bayesian Learning Model Parameters. In addition to determining how the ability to form
predictions via the forward model changes with age, the current research had also aimed to
examine age-related changes in the ability to update the forward model in light of the goal-related
information gained via past action experience. To achieve this aim, a Bayesian learning model was
fitted to each participant’s RTa data. For each trial of the cued RT task, the fitted model parameters
revealed the weight that the participant had attributed to an average estimate of all past amber light
durations (i.e., the prior) relative to the amber light duration shown on the most recent trial (i.e.,
the likelihood) when predicting the most probable time at which the green light would onset (i.e.,
the posterior), and therefore, when best to respond. In accordance with typical learning tasks
(Jacobs & Kruschke, 2011; Yu & Dayan, 2004), it was expected that the weight on prior would
increase over time as more amber durations were observed. Hence, the higher the average weight
on the prior, the greater the participant’s ability to successfully update their forward model in light
of new information. Unfortunately, it was found that all participants failed to construct a reliable
representation of the prior. This suggests that either the cued RT task was not suitable for this type
of analysis, or the Bayesian learning model used was incorrect. For this reason, the influence of
age on the weight attributed to the prior and the likelihood during the cued RT task was not

examined in this thesis (see appendix C for more information).

Outlier Detection. To exclude any potentially confounding anomalous data, the Tukey’s
fences method for outlier detection was applied to the dataset (Tukey, 1977). Fifteen anticipatory
to reactive response ratio, 10 pA, 22 CVa, 15 puR, 15 CVr data points were found to be more than
1.5 interquartile ranges away from the nearest quartile. Upon comparison, it was found that the
removal of the anomalous data points did not affect the direction or significance of the results

regarding the influence of age, sex and impulsivity on the ratio of anticipatory to reactive
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responses, the pA, or the CVa. Hence, the identified data points for these variables were not
removed in order to ensure the completeness of the data. However, excluding the extraneous data
points for uR and CVr did have an effect on the findings. Prior to outlier removal, uR was
significantly predicted by impulsivity (8 =.18, t=2.47, p =.01) and CVr was not predicted by any
predictor variable. Whereas, age significantly predicted both uR (g = .21, t=2.76, p=.01) and CVr
(B =-.17, t=-2.23, p=.03) after the outlier data points were excluded. In addition to age, CVr was
also significantly predicted by impulsivity (g = .16, t= 2.12, p=.04) after outliers were removed.
Hence, the 30 data points identified as outliers for these two variables were removed from the data

S0 as not to statistically bias the results.

Statistical Analyses. All statistical analyses were run in SPSS. For the reasons outlined in
chapter 2, impulsivity and sex were included as nuisance variables in the current study. In further
support of the inclusion of impulsivity as a nuisance variable in the current study, it can be noted
that, in order to perform well on the cued RT task, participants needed to refrain from executing
their response until a moment close to the target visual stimulus’ onset time. Past studies have
demonstrated that individuals with a high level of impulsivity struggle to withhold their responses
in comparison to those with lower levels of impulsivity (Leshem & Yefet, 2019). Therefore,
impulsivity was included as a nuisance variable to control for the impact of age-related variation
in impulsivity on the current findings. Similarly, in terms of sex, past research has suggested that
females demonstrate greater efficiency in deploying proactive control over their actions compared
to males (Bianco et al., 2020; Yiicel et al., 2012; Smittenaar et al., 2015). Furthermore, it has been
argued that this is due to sex differences in the rate at which regions of the brain implicated in
cognitive control develop (Christakou et al., 2009). Hence, sex was also included as a nuisance

variable in the analyses.

Five stepwise multiple linear regressions were performed to investigate whether the
anticipatory to reactive response ratio, the pA, the CVa, the uR, or the CVr could be predicted by
age, impulsivity, or sex. In each stepwise multiple linear regression analysis, impulsivity and sex
were entered in an initial block as nuisance variables, and age was entered alone in a second block.
The purpose of these statistical tests was to reveal the extent to which an individual’s age can

influence their predictive motor control when the respective influences of both impulsivity and sex
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are taken into account. G*Power analysis revealed that 77 participants were required to obtain a
medium sized-effect (=.15) in a multiple linear regression with three predictor variables, 80%
power, and a 5% alpha level (Faul et al., 2009). Therefore, as the sample contained 305
participants, the performed analyses were sufficiently powered.

Results

In the current study, participants completed 100 trials of the cued RT task, which involved making
a mouse click response as soon as a green light stimulus became visible. On average, participants
responded 194.59ms after the green light’s onset (SD = 76.97, range = 30.76 - 500.55).

The Influence of Age on Participants’ Anticipatory and Reactive Response Behaviour

On each trial of the cued RT task, a participant could respond in either an anticipatory or a reactive
manner. Anticipatory responses necessitate the use of the forward model as they have to be
prepared during the amber light’s presentation in order to ensure that a response can be given as
soon as the green light becomes visible. Whereas, a reactive response was triggered by the onset
of the green light and therefore, did not require any predictive motor planning using the forward
model (Burnett Heyes et al., 2012). On average, 30.4% of participants’ responses were anticipatory
(SD = 15.12, range = 1 - 82). Notably, this demonstrates that every participant made at least one
anticipatory response. Additionally, this average anticipatory response rate was significantly
greater than 0, t(304) = 35.14, p<.001, d= 15.11, meaning that a sufficient level of anticipatory
responses were made across participants to warrant further analysis. That being said, it should be
noted that this figure was significantly lower than the 47% rate of anticipatory behaviour reported
by Brown (2019), t(304) = -19.19, p<.001, d = 15.12. The anticipatory to reactive response ratio
was calculated to provide an indication of a participant’s tendency to respond in an anticipatory
manner relative to their tendency to make a reactive response. Higher values demonstrate a larger
tendency to make anticipatory responses over reactive responses, and thus, show more frequent

use of the forward model to plan motor responses ahead of their execution.
The pA and the CVa were obtained from participants’ reaction time data using the two-

horse linear rise-to-threshold model. Similar to the anticipatory to reactive response ratio, the pA

and the CVa also provide information regarding the participant’s anticipatory response behaviour;
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they demonstrate the average speed and variability with which a participant’s anticipatory decision
process rose toward the action execution threshold. The larger the pA, the sharper the rise in their
anticipatory decision process and thus, the greater their tendency to plan their response ahead of
time using the forward model. Likewise, the lower the CVa, the narrower the rise in their
anticipatory decision process and therefore, the more consistent their tendency to plan a response,

as opposed to responding reactively.

In addition to the pA and the CVa, the uR and the CVr were also calculated from
participants’ reaction time data via the two-horse linear rise-to-threshold model. The pR and the
CVR show how quickly and variably a participant’s reactive decision process rose toward the
action execution threshold on average. Much like the pA, the greater the uR, the sharper the rise
in the participant’s reactive decision process and the greater their tendency to respond reactively.
The lower the CVr, the narrower the rise in the reactive decision process and the more consistent
their tendency to respond reactively, rather than plan their responses. It was important to examine
the uR and the CVRr as they act as the foil to the both the uA and the CVa, respectively. Therefore,
both parameters reveal the extent to which a participant failed to recruit the forward model and

engage in predictive motor planning, and instead produced reflexive responses.

Five stepwise multiple linear regressions were conducted on the anticipatory to reactive
response ratio, the pA, the CVa, the uR and the CVr, with the factors: age, impulsivity, and sex.
In each regression analysis, impulsivity and sex were entered in an initial block as nuisance
variables, and age was entered alone in a second block (see table 4.2 for the final models). It was
revealed that all five variables were significantly predicted by age (all p<.05). The anticipatory to
reactive response ratio, the pA, and the pR were found to increase with age. Whereas, the CVa
and the CVr decrease with age. None of the dependent variables were predicted by sex (all p>.05).
Impulsivity was only a significant predictor of the CVr (p<.05) and did not significantly predict
any of the other four variables (all p>.05). As impulsivity score increased, CVr increased. For
visualisation purposes, see figure 4.4 and 4.5 for each of the independent variables plotted against

participants’ unlogged age in years.
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It should be noted that, initially, a significant model was found for CVa before age was
added to the model, F(1, 289)= 4.96, p = .03. CVa was significantly predicted by sex (§ =-.13, t
=-2.23, p = .03) and was not predicted by impulsivity (8 = .08, t = 1.28, p = .2). The model fit was
R?=.02, SE = .58. However, after age was added to the model, CVa was significantly predicted
by age (8 =-.2,t=-3.42, p = .001), was not predicted by impulsivity (g =.07,t=1.26, p = .21)
and was no longer predicted by sex (8 =-.07,t=-1.2, p = .23). Likewise, a significant model was
also initially found for CVr before age was added to the model, F(1, 163)=4.31, p =.04. CVr was
significantly predicted by impulsivity (8 = .16, t = 2.08 p = .04) and was not predicted by sex (8
=-.03, t = -.44, p = .66). The model fit was R? = .03, SE = .96. However, after age was added to
the model, both age (8 =-.16, t =-2.13, p =.04) and impulsivity (g = .15, t = 2.01, p = .05) were
revealed to be significant predictors of CVr, whereas sex was not a significant predictor (8 = .03,
t=.38,p=.7).
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Table 4.2. The results of five stepwise multiple linear regression analyses investigating the influence of age, impulsivity and sex on the

temporal bias in the anticipatory to reactive response ratio, A, CVa, uR, and CVr

Final regression model B t F df R? SE
The anticipatory to reactive response ratio 15.56** 1,298 .05 48

Age 22%* 3.94**

Impulsivity .05 .96

Sex -.07 -1.09
The mean rate of rise in the anticipatory decision 95.8** 1,289 .25 12
process (LA)

Age B5** 9.79**

Impulsivity -.06 -1.21

Sex -.05 -.88
The variability in the rate of rise in the anticipatory 8.4** 2,288 .06 57
decision process (CVa)

Age -2 -3.42*

Impulsivity .07 1.26

Sex -.07 -1.2
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Final regression model B t F df R? SE
The mean rate of rise in the reactive decision process 7.05* 1,164 .04 1.65
(HR)

Age 2% 2.66*

Impulsivity -.01 -.16

Sex -.08 -1.02
The variability in the rate of rise in the reactive 4.47* 2,162 .05 .95
decision process (CVR)

Age -.16* -2.13*

Impulsivity 15* 2.01*

Sex .03 .38

Note. *p<.05 **p<.001

102



Figure 4.4.

Anticipatory to reactive response ratio as a function of participants’ unlogged age

r305)= .22, p<.001
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Note. A figure showing the anticipatory to reactive response ratio as a function of participants’

unlogged age in years. Error bars represent +/- 1 standard deviation.
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Figure 4.5.
The uAd, CVa, uR, and CVRr as a function of participants’ unlogged age in years
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Note. 4.5A. A figure showing the mean rate of rise in the anticipatory response process (nA) as a
function of participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 4.5B.
A figure showing the variability in the rate of rise in the anticipatory decision process (CVa) as a
function of participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 4.5C.
A figure showing the mean rate of rise in the reactive response process (uR) as a function of
participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 4.5D. A figure
showing the variability in the rate of rise in the reactive decision process (CVR) as a function of

participants’ unlogged age in years. Error bars represent +/- 1 standard deviation.
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Discussion

The purpose of the current study was to determine how predictive motor timing changes with age
from childhood through to adulthood, and thereby, extend the findings of past research (e.g.,
Brown, 2019). To briefly recap, participants aged 4-25 completed 100 trials of a cued RT task.
During the task, participants had to respond as soon as a target stimulus appeared. The ratio of
anticipatory to reactive responses made by the participant and the average speed and variability of
their anticipatory decision process were recorded. These measures showed participants’ tendency
to use their forward model to predict when to respond in order for their action to coincide with the

onset of a target sensory event.

In the current study, it was found that as age increased, the tendency to make anticipatory
responses over reactive responses also increased. Similarly, greater age was also associated with a
faster and more consistent rate of rise in the anticipatory decision process towards the action
execution threshold. These findings support both hypotheses of the current study. Furthermore, the
results of the present study extend both the results of past research (Brown, 2019; Perchet &
Garcia-Larrea, 2005) and our current understanding of how the forward model develops, as they
suggest that the tendency to form forward model predictions about when to execute a motor
response increases with age from childhood to adulthood. The current findings also mirror the
results of previous literature, which have argued that the rate at which individuals attempt to predict
the properties of anticipated stimuli and prepare actions in advance improves with age from
childhood to adulthood (e.g., Van Gerven et al., 2016).

In parallel to results obtained for the anticipatory decision process, the present study also
found that older age predicted a faster and more consistent rate of rise in the reactive decision
process towards the action execution threshold. This suggests that the average speed and
consistency at which individuals decide to make a reactive response increases with age. This
finding is consistent with past research, which has shown that the average response time to
unanticipated stimuli becomes faster with age across ontogeny (Dykiert et al., 2012). Taken
together, this suggests that the average speed at which individuals can proactively prepare
responses in advance of expected stimuli and reactively formulate appropriate actions in response

to unexpected stimuli both improve with age. However, it should be noted that only a small
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proportion of the variance in participants’ anticipatory to reactive response ratio, as well as the
speed and consistency of the rate of rise in both their anticipatory and reactive decision processes,
was explained by the final models (R? = .04 - .25). Hence, the current findings should be interpreted

with caution.

In spite of the noted age-related increase in anticipatory response behaviour, it should be
acknowledged that, on average, less than a third of the responses made by participants were
anticipatory. This figure was significantly lower than the average percentage of anticipatory
responses reported by Brown (2019). Strikingly, the task administered in the current study was
near identical to the task administered by Brown (2019). The only difference between the two tasks
was that the present task ran online, whereas the task reported by Brown (2019) was completed in-
person. This raises concern regarding the legitimacy of the current findings, as this indicates that
an aspect of the current task may have artificially deterred some participants from proactively
preparing their responses. Admittedly, the precise factor that could have manipulated participants’
behaviour in this manner is difficult to identify retrospectively. Previous literature has found that
participants tend to expect a delay in the speed at which experimental stimuli are presented online
compared to offline (Garaizar et al., 2016). Therefore, this expectancy may have caused
participants to be slower to respond in the online context than the offline context, resulting in fewer
anticipatory responses. Moreover, determining the exact causal precursor to this low rate of

anticipatory response behaviour will require future research.

It can also be posited that the results were confounded by the way in which anticipatory
responses were defined. In the current study, anticipatory responses were determined in relation to
a cut-off criterion, which was equal to the average amber light’s duration plus 100ms of the green
light’s duration. This meant that any responses which occurred during the amber light presentation
were classed as anticipatory; they had been prepared in advance of their execution using a forward
model. However, it should be acknowledged that a response made whilst the amber light was
visible demonstrates a less effective use of the forward model compared to a response executed at
the moment when the green light onset. Therefore, to provide a more precise measure of

participants’ forward model functioning, future research should use stricter criteria to define
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anticipatory responses, such as classifying only responses made within 100ms of the green light’s

onset as anticipatory.

Admittedly, it can also be argued that the current results were likely to have been
confounded by age-related differences in participants’ temporal perception. In order to perform
the cued RT task well, it can be argued that participants need to use the amber duration information
presented on past trials, as well as the time elapsed since the current amber light onset, to guide
their prediction of when to respond (Berniker & Kording, 2011). As noted in chapter 3, prior
literature has shown that the acuity with which children can perceive the duration of both visual
and auditory stimuli is inferior compared to that of adults (Droit-Volet et al., 2006; Droit-Volet et
al., 2007; Zeélanti & Droit-Volet, 2012). This indicates that the capacity to judge the temporal
duration of a stimulus matures with age from childhood to adulthood. Therefore, it can be argued
that the current results were confounded by age-related variation participants’ ability to accurately
perceive the amber light duration observed on each trial. To improve, the impact of age on temporal
perception could be measured, and thus controlled for, in future studies using temporal bisection

task as administered in research by Droit-Volet et al. (2007).

To conclude, the current study found that the tendency to prepare a motor response in
anticipation of a sensory event increases with age from childhood to adulthood. This extends the
findings of past literature, as it suggests that the extent to which individuals use their forward
model to guide their actions develops over this period. In order to solidify this conclusion, future
research is needed to determine the factor, or factors, that could have hindered the proportion of
anticipatory responses that were produced by participants in the current study. Likewise, future
research is also warranted in order to elucidate whether the current results can be replicated after

controlling for the influence of age-related variation in temporal perception on the findings.
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Chapter 5: Exploring the Influence of Age on Task-Switching from Childhood to
Adulthood

Chapter Summary

Chapter 5 describes an experiment where the aim was to investigate how task-switching changes
with age from childhood to adulthood. To accomplish this, participants aged 5-21 years completed
a goal-switching task where they had to switch between performing pro-saccades and anti-
saccades according to the colour of the presented stimuli. Switch costs and mixing costs were
calculated separately for pro-saccade and anti-saccade trials based on participants’ response
accuracy. To execute the correct response, participants needed to use the presented stimulus colour
to then select the correct action-outcome pairing from prior knowledge. Hence, switch costs
demonstrated the cost to accuracy of having to switch between action-outcome pairings when
determining how to respond. Whereas, mixing costs showed the cost to accuracy of having to
maintain, and select between, these action-outcome associations. Unfortunately, the pro-saccade
switch costs, anti-saccade mixing costs, and pro-saccade mixing costs did not significantly differ
from zero. Hence, the influence of age on these variables could not be examined. However, it was
found that the anti-saccade switch costs reduced with age. This provides further support for the
idea that the ability to combine context cues with prior knowledge to form accurate forward model

predictions develops with age from childhood to adulthood.

Introduction

The experiment described in chapter 4 revealed that the tendency to form forward model
predictions develops with age from childhood to adulthood. Notably, the cued RT task presented
in chapter 4 required participants to time their responses to coincide with the onset of a target
stimulus. Arguably, this meant that the findings were confounded by age-related variation in
participants’ temporal perception. Hence, the objective of the current chapter was to overcome the
noted limitation of the study outlined in chapter 4 by administering a task where the temporal
characteristics of the presented stimuli were irrelevant to the task objective. Ergo, the current
chapter extends our knowledge on how the accuracy of one’s forward model predictions changes

with age.
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Task-switching refers to an individual’s ability to flexibly shift between two or more
different task objectives (Barcelo et al., 2006). Effective task-switching requires that the individual
maintain numerous action-outcome pairings within memory, each outlining how a particular
stimulus, or category of stimuli, can be interacted with, and to what effect (Koch et al., 2010).
Relevant prior knowledge must then be combined with available context cues in order to select the
most appropriate action for the current task (Berniker & Kording, 2011). Hence, effective task-
switching necessitates intentional, goal-directed behaviour executed via a forward model, as
opposed to automatic, habitual responses made without appropriate reference to this stored action-
outcome knowledge (Hogarth et al., 2015). Consequently, by examining how the propensity to
switch between different tasks changes with age, it is possible to investigate how the ability to

form accurate forward model predictions matures.

Task-switching has typically been measured using behavioural tasks where participants are
required to switch between two or more conflicting task objectives within a single block of trials
(Karayanidis & McKewen, 2021). The trials within these mixed-task blocks are categorised as
either repeat trials or switch trials (Kiesel et al., 2010). A repeat trial refers to a trial where the
current task objective matches with the objective of the last trial. Whereas, a switch trial refers to
instances for which these two objectives differ (Cepeda et al., 2001). Switch costs are then
calculated for each participant by finding the difference in error rate, or the time taken to respond,
on switch trials relative to repeat trials in mixed-task blocks. Switch costs have been suggested to
demonstrate the damage to performance of having to shift between the action-outcome
associations stored within memory (Manzi et al., 2011). The lower the switch cost, the greater the
efficiency with which an individual can switch between known action-outcome pairings, and thus,

act intentionally, avoiding an incorrect, habitual response.

In addition to mixed-task blocks, previous studies have also often included single-task
blocks, where the task objective remains static across the trials (Kiesel et al., 2010). Mixing costs
can then be obtained by calculating the difference in performance on repeat trials in the mixed-
task blocks compared to performance on single-task block trials. In contrast to a switch cost, a
mixing cost demonstrates the detrimental impact to performance of having to maintain, and select

between, two or more action-outcome pairings (Manzi et al., 2011). The lower the mixing cost,
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the greater the individual’s ability to select appropriate prior action-outcome knowledge from
memory to combine with contextual evidence to determine how best to respond. Moreover, it may
be argued that both switch costs and mixing costs provide an effective means through which to
quantify an individual’s task-switching skill, and thereby, their ability to supress automatic,

habitual responses and author appropriate, intentional actions via the forward model.

Traditionally, past studies have tended to calculate switch costs and mixing costs for both
participants’ error rate and their saccade duration (e.g., Reimers & Maylor, 2005). However, in
line with previous research (e.g., Papoutsaki et al., 2018; Semmelmann & Weigelt, 2018; Slim &
Hartsuiker, 2022), pilot data revealed that the eye-saccade data obtained via the WebGazer
software lacked sufficient temporal precision (see discussion for further detail). Hence, saccade
duration was not recorded in the final version of the current task. As a result, all switch costs and
mixing costs were computed on the basis of participants’ error rates in the present study. For
simplicity, the terms “switch cost” and “mixing cost” will now be used exclusively to refer to the

costs calculated on the basis of error rates.

Previous studies have predominantly found that children demonstrate higher switch costs
and mixing costs than young adults on task-switching paradigms (e.g., Davidson et al., 2006; Kray
et al., 2004; Kray et al., 2008). However, only two previous studies have included adolescents
within their sample, both of which failed to find conclusive evidence to support the existence of
an age-related decline in either switch costs or mixing costs (Manzi et al., 2011; Reimers &
Maylor, 2005). Manzi et al. (2011) presented children (9-10), adolescents (13-14), and young
adults (20-27) with either three 1s, three 3s, a single 1, or a single 3. Participants had to switch
between reporting the quantity and identity of the numbers displayed. Consistent with the idea of
an age-related reduction in mixing costs, it was found that adolescents showed higher mixing costs
than young adults. However, mixing costs did not differ between children and adolescents, nor
children and young adults. Whereas, switch costs did not differ between the three age groups.
Similarly, Reimers and Maylor (2005) presented participants aged 10-66 with a series of
photographs of faces. Participants had to switch between reporting the gender and emotional
expression of the target face. Contrary to past literature, no age-related changes in switch costs or

mixing costs were found. Taken together, these findings suggest that the current consensus on the

110



full developmental trajectory of both switch costs and mixing costs remains ambiguous and would

benefit from further research.

The Current Study

The purpose of the current study was to determine the impact of age on participants’ ability to
flexibly switch between different task objectives. To achieve this aim, participants aged 5-21 were
instructed to complete the goal-switching task, inspired by the task used by Jung et al. (2015).
During the task, participants moved their fixation point to the left or right side of their computer
screen in response to the colour and position of a visual stimulus. More specifically, participants
made pro-saccades in response to green stimuli; moving their fixation point towards the presented
stimulus. Whereas, red stimuli warranted anti-saccades, where participants shifted their gaze away
from the stimulus and towards the opposite side of the screen. In two single-task conditions, stimuli
colour remained fixed across trials. Whereas, in a mixed condition, both red and green stimuli were
presented in a random order. Switch costs and mixing costs were then computed based on
participants’ error rate in the same manner as described in previous studies (e.g., Manzi et al.,
2011). Based on previous literature, two hypotheses were formed, which have been outlined below.
If supported by the data, both hypotheses would indicate that task-switching, and thereby, the
ability to shift between action-outcome pairings to facilitate effective goal-directed action,

improves with age from childhood to adulthood.

1. To test the findings of both Manzi et al. (2011) and Reimers and Maylor (2005) against the
contradictory findings from past literature (e.g., Davidson et al., 2006), it was hypothesised
that:

a. Pro-saccade switch costs would be predicted by age, with lower switch costs
associated with older age.
b. Anti-saccade switch costs would be predicted by age, with lower switch costs

associated with older age.
2. To test the results of Manzi et al. (2011) and Reimers and Maylor (2005) against

contradictory findings from past literature (e.g., Kray et al., 2004; Kray et al., 2008), it was
hypothesised that:
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a. Pro-saccade mixing costs would be predicted by age, with lower mixing costs
associated with older age.

b. Anti-saccade mixing costs would be predicted by age, with lower mixing costs
associated with older age.

Method

Design

A mixed factorial design was used in the current study. The between-subjects independent
variables were age, sex, and impulsivity. The within-subjects independent variables were trial type
(pro-saccade trial or anti-saccade trial) and task type (switch task or repeat task). The four
dependent variables were the pro-saccade and anti-saccade switch costs and the pro-saccade and
anti-saccade mixing costs obtained from the goal-switching task. Switch costs demonstrate the
participant’s ability to make appropriate shifts between the different action-outcome pairings
stored within memory when predicting how best to respond. Whereas, mixing costs provide an
indication of participants’ ability to maintain, and select between, two or more competing action-
outcome associations. Four additional dependent variables were also recorded to explore the
suitability of the goal-switching task as a method of measuring task-switching online in
participants of varying ages. These dependent variables were the total number of position errors,
the average time to reposition, the average number of fixation errors, and the average time to first

fixate.

Participants
100 participants were initially recruited (15 male, 85 female). The age of participants ranged from
5to 21 years (M= 17.7, SD= 2.69).

e 75 participants were right-handed, 4 were left-handed and 18 were ambidextrous, as
measured by the EHI-SF (see appendix A for a full outline of this measure). 3 participant
did not complete the EHI-SF.

e 74 participants were White, 11 were Asian, 2 were Black, and 7 had a mixed/multiple

ethnic identity, and 6 did not report their ethnic identity.

112



Participants were recruited through one of four avenues: 7 participants were recruited
through SSM in August 2021, 12 were recruited from two high schools in the Nottinghamshire
and Derbyshire areas from January 18th 2022 - 16th March 2022, and the remaining 81 participants
were recruited either through RPS or through recruitment posters published on social media from
the 9th November 2021 - 18th March 2022. For more detailed information on how participants
were recruited from each of these sources and how informed consent was obtained, please see
chapter 2. The full experimental procedure of the current study was approved by the School of

Psychology ethics committee at the University of Nottingham.

Five participants were excluded because they self-reported a diagnosis of either ADHD,
ASD or Obsessive Compulsive Disorder (OCD). The rationale for removing participants with ASD
or ADHD was outlined in chapter 3. In terms of participants who reported a diagnosis of OCD,
prior research has suggested that those with OCD tend to perceive top-down, interoceptive signals,
such as their memory of past events, as unreliable, and thus, underweight the prior relative to the
likelihood (Fradkin et al., 2020; Schultchen et al., 2019), resulting in a failure to accurately predict
the sensory consequences of their own actions (Gentsch et al., 2012). Therefore, to avoid obscuring
the results regarding the neurotypical developmental trajectory of the forward model, these
participants were removed from the sample. All remaining participants were neurotypical. A
further 11 participants were also excluded because they failed to respond on over 50% of the goal-
switching task trials. All participants reported normal vision or agreed to wear contact lenses to
correct their vision throughout the task. The demographics of the adjusted sample can be viewed
in table 5.1.
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Table 5.1. The demographic characteristics of the adjusted sample.

Age (years)  Sex Ethnicity* Handedness**
Full sample Range= 13 Male 61 White 65 right-handed
(n=84) 5to21 71 Female 10 Asian 4 left-handed
M=17.63 2 Black 12 ambidextrous
SD=2.89 5 Mixed/multiple ethnic identities

Note. *Ethnicity information was not collected for 6 participants. **Handedness information was not collected for 3 participants.
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Materials

The Goal-Switching Task. The goal-switching task was used to measure participants’
ability to adapt their movements in response to changes in the task objective. The design of the
task was inspired by the task used in research by Jung et al. (2015). The task was designed using
PsychoPy and ran online via Pavlovia (Peirce, 2019). Stimuli consisted of a 200x200 pixel red
square and a 200x200 pixel green square. In the child version of the task, each square contained

an identical cartoon face. Faces were included in order to promote children’s attention.

WebGazer Software. WebGazer is a JavaScript-based library designed to track and record
participants’ eye movements in real-time via their device’s webcam (Papoutsaki et al., 2017).
WebGazer is comprised of two elements: a pupil detector and a gaze estimator. The pupil detector
is used to identify the location of the participant’s pupils within the webcam feed. This is achieved
by pinpointing two circular regions which each possess a higher contrast relative to their
surrounding area (Papoutsaki et al., 2017). The gaze estimator was used to approximate
participants’ point of fixation via a regression model. Mouse click events made during a series of
calibration trials were used to guide the model’s predictions (Papoutsaki et al., 2017). Mouse click
events were used based on the assumption that participants’ cursor potion and gaze location should
align when a mouse click is made (Hauger et al., 2011). Previous studies have reportedly obtained
similar results using WebGazer to measure eye-movements online compared to lab-based eye-
tracking methods, albeit with greater variance in the spatial and temporal resolution of the collected
data (Papoutsaki et al., 2018; Slim & Hartsuiker, 2022).

Self-Report and Parent-Report Measures. The following self-report measures and parent-
report measures were administered in the current study:
e The SWAN-Hyperactive/Impulsive subscale was used to measure child participants’
impulsivity as reported by their parents or carers.
e The UPPS-P short-form was used to measure self-reported impulsivity in adolescents and
young adults.

Please see chapter 2 for a full outline of these two measures.
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Procedure

Similar to the synchronisation-continuation task reported in chapter 3, two versions of the goal-
switching task were created with the same age groups in mind: one version for adolescents and
young adults and a second version for children. The adolescent and young adult version was
available to participants via the two high schools, RPS, and social media posts. Whereas, the child
version was administered at the two SSM events. As was noted in chapter 3, although SSM was
aimed at children aged 4-12, individuals aged between 12-17 were also permitted to take part.

Therefore, it was possible for a participant aged 12+ to have received the child version of the task.

Adolescent and Young Adult Procedure. Adolescent and young adult participants
provided their demographic information, reported whether or not they needed to wear glasses to
correct their vision, and completed the UPPS-P short-form via a survey hosted on Qualtrics before
being redirected to the goal-switching task. If participants reported that they needed to wear glasses
to correct their vision, they were instructed to wear contact lenses whilst completing the task, and
report whether or not it was possible for them to do this. This controlled for impact of light glare

from the lenses of the glasses on the recorded point of fixation during the task.

Upon opening the goal-switching task, participants were first presented with an instructions
screen with details about how to complete the task. The instructions also asked that participants sit
in a brightly lit room, preferably in front of a window or a lamp, and that they remove anything
that may be obscuring their eyes, such as their hair. This maximised the likelihood that
participants’ point of fixation would be recorded accurately. Throughout the task, all written
instructions were accompanied by a voice-over which read the instructions to participants.
Participants also saw a 320x240 pixel video feed taken from their device’s built-in webcam using
the WebGazer JavaScript library (Papoutsaki et al., 2017). This was positioned in the top centre of
the screen and contained a 200x160 pixel outline of a green square, two thirds the size of the video
feed. Throughout the experiment, the position of the participant’s face in relation to the square
outline was continuously monitored by the WebGazer program. When the participant’s face was
within the square outline, the outline turned green. If their face left the square outline, the outline’s

colour changed to red. This helped participants to position themselves in a way such that their eye
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movements could be detected by WebGazer. Once the participant was satisfied that their face was
positioned within the square outline, they could press the spacebar to progress to the next screen.
In addition to the position of their face, participants’ eye movements were also accessed by the

WebGazer program via their device’s webcam.

Next, participants completed 34 calibration trials. At the beginning of the calibration trials,
the video feed was removed from the screen so as not to distract the participant during the task. In
the event that the participant’s face exited the square outline, the video feed was revealed again.
The video feed then disappeared 3s after the participant’s face had re-entered and remained within
the square outline. Occasions for which the participant’s face left the square outline were defined
as position errors and were recorded. In addition, the time taken for the participant’s face to re-
enter the square outline was also recorded. Both the number of position errors and the time taken
to reposition the face assessed how difficult it was for participants to maintain their position in the
square outline and reposition themselves after moving outside of the outline. On each calibration
trial, a 30x30 pixel white square appeared at a random location on the screen. Participants were
instructed to click on each square. After this, participants were presented with a demonstration of
the main task and completed 5 practice trials to familiarise themselves with the task. Participants
were then asked to report via a keypress whether they believed that their eye-movements had been
tracked correctly during the practice trials. If the participant responded no, then the calibration
trials were repeated once more before the main experiment trials began. Whereas, if a yes response

was given, then the participant progressed immediately to the main experiment trials.

Throughout the task, the screen was divided vertically into 6 invisible zones (see figure
5.1). At the beginning of each trial, a 40x40 pixel white circle was visible in the centre of the
screen, on the border of the 3™ and 4™ zone. The circle flashed for 300ms. The circle remained
onscreen until the participant’s fixation point had entered into either the 3" or 4" zone. The time
taken for first fixation to be achieved, i.e., the time taken for the participant’s fixation point to first
enter the 3rd or 4th zone on each trial relative to the first circle flash, was recorded. In addition,
any instance for which the participant’s fixation point then left the 3rd or 4th zone again before
the target square had appeared was defined as a fixation error and was also recorded. Both the time

taken to first fixate and the number of fixation errors serve as an indication of the participant’s
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difficulty in achieving and maintaining fixation during the goal-switching task. If the time to first
fixate exceeded 2 seconds, text was displayed below the white circle to encourage the participant
to move their point of fixation into the 3rd or 4th zone. After first fixation had been achieved,
participants were presented with a target red or green square positioned in either the 1% or 6" zone
(see the square shown in figure 5.1 for an example). The probability that the target square would

appear in either the 15t or 6™ zone was equal and randomised across the trials.

Participants responded by moving their fixation point into either the 1% or 6™ zone as
quickly as possible. If the target square was green, then participants responded by moving their
fixation point into the same zone (1%t or 6" zone) as the target square. Whereas, if the target square
was red, then participants moved their fixation point into the end zone that did not contain the
target square (again, either the 1t or 6 zone). Participants’ responses were recorded as either
correct or incorrect accordingly. In keeping with previous research (Alahyane et al., 2014), for
occasions in which the participant’s fixation point initially entered into the 2" or 5" zone in the
incorrect direction, changed direction and then ultimately entered into the 1% or 61 zone in the
correct direction, this type of response was logged as incorrect. The reasons for this are two-fold.
First, this initial error in the direction of their saccade demonstrates an automatic, habitual
response, and thus, an absence of deliberate motor control guided by appropriate prior knowledge
(Tanaka et al., 2021). Secondly, although this would show that the participant was successful in
correcting the trajectory of their saccade, this correction occurs at a relatively late stage in the
saccade’s full movement path (i.e., right before the 1% or 6™ zone is reached). Therefore, this
demonstrates a failure to combine appropriate prior knowledge with the current contextual
evidence when predicting how best to respond. All correct responses were awarded one point. The
participant’s total earned points were displayed in the top right-hand corner of the screen
throughout the task. Participants were encouraged to score as many points as possible in order to

promote their attention.
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Figure 5.1.

Image of the goal-switching task with additional notations.

Note. An image showing the goal-switching task. A green target square is positioned at the left
side of the screen within the 1%t zone. A white circle is positioned at the centre of the screen. This
was used to attract participants’ fixation point towards the centre of the screen at the beginning of
each trial. The dashed lines and numbers 1-6 indicate each of the 6 invisible zones. The dashed red
line represents the centre of the screen. Notably, the dashed lines and numbers were not visible to

the participant.

Two types of trial were presented during the task: pro-saccade trials and anti-saccade trials.
In pro-saccade trials, only green squares appeared. Whereas, in anti-saccade trials, only red squares
were shown. In addition to this, the task contained 3 conditions, a pro-saccade condition, an anti-
saccade condition, and a mixed condition. Each condition was presented in two separate blocks
with the order of the blocks counterbalanced between participants. The pro-saccade condition
featured only pro-saccade trials. The anti-saccade condition contained only anti-saccade trials.
Whereas, the mixed condition included an equal number of both pro-saccade and anti-saccade
trials and the presentation order of each trial type was randomised. All trials in the mixed condition

were further divided into switch trials and repeat trials. A switch trial referred to a trial in which
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the colour of the target square on the current trial differed from the colour of the target square on
the previous trial. Whereas, a repeat trial referred to a trial in which the current colour of the target
square matched the colour of the target square on the previous trial. To clarify, this resulted in four
possible trial-task type combinations for trials in the mixed condition: pro-saccade switch, pro-
saccade repeat, anti-saccade switch, and anti-saccade repeat. There were equal numbers of each
trial-task type combination in the mixed condition. Each trial lasted for approximately 1s. If no
response was made 2s after the target had appeared, text was displayed that reminded participants
of the task instructions. Break screens were shown every 80 trials for an unlimited amount of time.
Participants pressed the spacebar when they were ready to continue with the task. The break
screens included encouraging text to promote participants’ attention. An inter-trial interval was
presented for 1s, during which a black screen was displayed. There were 240 trials in total, 80 per

condition, and 40 per block. The full procedure lasted approximately 15-minutes.

Child Procedure. The procedure completed by children mirrored that of the adolescent
and young adult participants with a few minor exceptions. Child participants’ parents or carers
provided their child’s demographic information and completed the SWAN when registering their
child for SSM. Once registered, participants could complete the goal-switching task at any time
throughout the SSM event. Participants were encouraged to complete the left-hand vs right-hand
task before completing the goal-switching task to measure their hand preference during daily tasks.
For a full description of the left-hand vs right-hand task, please see appendix B. At the beginning
of the goal-switching task, participants were asked to report via a keypress whether or not they
needed to wear glasses to correct their vision. If the participants gave a yes response, they were
asked to wear contact lenses throughout the task and report whether or not it was possible for them
to do so. During the task, an image of a sticker was presented for an unlimited time every 10 trials
as a reward to promote children’s attention. Break screens were presented every 20 trials rather
than every 80 trials. There were 120 trials in total, 40 per condition, and 20 per block. The full
child procedure lasted approximately 5-minutes.

Data Analysis

All data pre-processing procedures were conducted in MATLAB and all statistical analyses were

run in SPSS. Participants’ ages were converted to natural logarithmic age, as described in chapter
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2. Any trials on the goal-switching task for which no response was recorded were removed from
the analysis. On average 17% of trials were removed per participant (SD = 12.27, range = 0.42 -
48.33). Among participants who reported the need to wear glasses to correct their vision (61% of
the sample), all stated that they would wear contact lenses whilst completing the study.

Self-Report and Parent-Report Scales. All self-report and parent-report scales were
summed and averaged to create an index for each of the variables of interest. In addition, SWAN-

Hyperactive/Impulsive subscale scores and UPPS-P Short-form scores were converted to z-scores.

Error Rate. An error rate was calculated for all trials in the pro-saccade condition, all trials
in the anti-saccade condition, and all trials of each trial-task type combination in the mixed
condition. This was achieved by dividing the number of incorrect responses by the total number
of trials within each condition, or within each trial-task combination type in the case of the mixed
condition trials. This provided an indication of the extent to which the participant struggled to
appropriately adjust, or maintain, the congruency between their response and the current trial’s

objective.

Switch Costs. To measure how changes in the task objective between consecutive trials
influenced participants’ ability to direct their gaze correctly, switch costs were calculated for each
trial type resulting in a pro-saccade switch cost and an anti-saccade switch cost for each participant.
The pro-saccade switch cost was produced by finding the difference in error rate between the pro-
saccade repeat trials and the pro-saccade switch trials in the mixed condition. Whereas, the anti-
saccade switch cost was obtained by subtracting the error rate for the anti-saccade repeat trials
from the error rate for the anti-saccade switch trials in the mixed condition. For clarification, on
switch trials, the target gaze location altered between successive trials. Whereas, on a repeat trial
the target gaze location remained unchanged. Hence, by comparing the error rate on switch vs
repeat trials, a switch cost effectively demonstrates the cost to response accuracy that occurred
when the task objective was changed between trials. Lower switch costs demonstrate a better
ability to switch between known action-outcome pairings, and hence, use their forward model to

act intentionally and avoid making an erroneous, habitual response.
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Mixing Costs. In addition to switch costs, mixing costs were also calculated for each trial
type. The pro-saccade mixing cost was calculated by subtracting the error rate for the repeat trials
on the pro-saccade condition from the error rate for the pro-saccade repeat trials on the mixed
condition. Whereas, the anti-saccade mixing cost was obtained by subtracting the error rate for the
repeat trials on the anti-saccade condition from the error rate for the anti-saccade repeat trials on
the mixed condition. To clarify, in the pro-saccade condition and anti-saccade condition, only one
colour of square was presented, and hence, only one type of response was required throughout the
condition (i.e., always look towards the square, or always look away from the square). Whereas,
in the mixed condition, both green and red squares were shown, meaning that participants had to
frequently change their method of response. Hence, a mixing cost provides an indication of the
participant’s ability to maintain, and select between, two known action-outcome associations

within a single condition.

Total Number of Position Errors. The total number of occasions for which the
participant’s face left the square outline throughout the experiment was recorded. This measure
shows how difficult it was for participants to maintain a position where they were in view of the
webcam. It is important to note that position errors were not bound by the temporal constraints of
a single trial as it was possible for several trials to pass before the participant’s face returned to the
square outline. Hence, the total number of position errors was analysed as averaging across trials

would not produce a meaningful result.

Average Time to Reposition. The average time taken for a participant to re-enter the
square outline was found by dividing the total time taken for the participant to reposition their face
within the square outline by the total number of position errors made. Similar to the total number
of position errors, the average time taken to reposition also shows how difficult it was for

participants to position themselves within view of the webcam.

Average Number of Fixation Errors. The average number of fixation errors made by

each participant was calculated by dividing the total number of fixation errors by the total number
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of trials completed. This measure shows how difficult it was for participants to hold their fixation

point at the centre of the screen at the start of each trial.

Average Time to First Fixate. The average time to first fixate on the white circle cue at
the beginning of each trial was calculated for each participant by dividing the total time taken to
first fixate by the total number of trials. This measure is useful as an excessive average time to first
fixate may indicate an issue with the calibration of the eye-tracking and therefore, provide an
insight into the suitability of the task as an online measure of task-switching. It should be noted
that, due to limitations in WebGazer’s spatial resolution (Slim & Hartsuiker, 2022), the precise
point of fixation cannot be known. As a result, the recorded time taken to move the fixation point
to the 3rd or 4th zone of the screen may be somewhat inaccurate and any results based on this

measure should be interpreted with caution.

Peak Velocity and Saccade Duration. It may have been informative to measure the peak
velocity and saccade duration of participants’ saccades, as achieved in prior task-switching studies
which utilised eye-tracking techniques in a lab-based setting (e.g., Jung et al., 2015). Through this,
it would have been possible to gain an additional measure of the extent to which changes in the
task objective hindered participants’ task-switching performance. Initially, an attempt was made
to measure both the peak velocity and duration of participants’ saccades on each trial. However,
there was an observable spatial and temporal offset between the fixations and saccades
approximated by WebGazer and participants’ genuine eye-movements, both of which are

detrimental to the accurate calculation of peak velocity and saccade duration.

This observation of poor temporal and spatial acuity was consistent with previous studies
that also employed WebGazer to record participants’ saccades online (e.g., Papoutsaki et al., 2018;
Semmelmann & Weigelt, 2018; Slim & Hartsuiker, 2022). Whilst it has been argued that
WebGazer can determine the approximate area of the screen to which the fixation point is located
(Semmelmann & Weigelt, 2018), it has also been noted that it lacks the spatial precision required
to track the distance travelled by a participant’s saccade (Slim & Hartsuiker, 2022). For instance,
Slim & Hartsuiker (2022) reported an average offset between participants’ actual and estimated

fixation point of approximately 30% of their computer screen size. Similarly, whilst lab-based
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experiments have reported that a saccade to a target stimulus should take approximately 200ms to
perform (e.g., Matin et al., 1993), Semmelmann and Weigelt (2018) found that saccades recorded
via WebGazer lasted 450-750ms on average. Therefore, it was concluded that the data acquired
through WebGazer was not suitable for calculating peak velocity and saccade duration.

Consequently, both measures were ultimately removed from the final versions of the task.

Outlier Detection. To exclude any potentially confounding anomalous data, the Tukey’s
fences method for outlier detection was applied to the dependent variables (Tukey, 1977). It was
revealed that 1 pro-saccade switch cost, 2 anti-saccade switch cost, 1 pro-saccade mixing cost, 1
anti-saccade mixing cost, 5 total number of position errors, 7 average time to reposition, and 2
average time to first fixate data points were more than 1.5 interquartile ranges away from the
nearest quartile. Upon comparison, it was found that the removal of the anomalous data points did
not affect the direction or significance of the results regarding the influence of the predictor
variables on the anti-saccade switch cost, the anti-saccade mixing cost, the total number of position
errors or the average time to reposition. Hence, the identified data points for these variables were
not removed in order to ensure the completeness of the data. However, excluding the extraneous
data points for the pro-saccade switch cost, the pro-saccade mixing cost, and the average time to

first fixate did have an effect on the findings.

Prior to outlier removal, the pro-saccade mixing cost was significantly predicted by both
age (B =.24,t=2.3,p=.02) and sex (B = .24, t=2.28, p =.03). Whereas, the variance in the pro-
saccade switch cost and the average time to first fixate was not significantly explained by any of
the predictor variables. After the outliers were removed, age significantly predicted the pro-
saccade switch cost (8 = .27, t = 2.54, p=.01) and the average time to first fixate (§ =-.23,t = -
2.1, p= .04). However, the pro-saccade mixing cost was not predicted by any of the predictor
variables after outliers were excluded. As a result of the observed changes, the 4 data points
identified as outliers for these three variables were removed from the data so as not to statistically

bias the results.
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Results

In the current study, participants completed a goal-switching task to measure their task-switching
ability. On each trial of the task, participants were presented with a red or a green square on the
left or right of the screen. When a green square was presented, participants were instructed to look
towards the side of the screen that contained the square. Whereas, when a red square was visible,

participants were required to look towards the side of the screen that did not contain the square.

Task Performance

On average, participants successfully looked towards the correct side of the screen on 77.54% of
trials (SD = 17.74, range = 37.23 - 98.2). This performance level was significantly different from
chance (t(83) = 14.23, p<.001, d= .18), suggesting that participants understood the task
instructions. To verify that a sufficient number of errors were made across each trial-task type
combination in the mixed condition, as well as within each of the two pure conditions, six one
sample t-tests were conducted. G*Power analysis revealed that 27 participants were required to
obtain a medium sized-effect (d=.5) in a one sample t-test with 80% power and a 5% alpha level
(Faul et al., 2009). Therefore, the analyses were sufficiently powered. Figure 5.2 shows average

error rate as a function of trial-task type and condition.
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Figure 5.2.
Average error rate as a function of trial-task type and condition
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Note. A figure showing the average error rate for each trial-task type combination in the mixed
condition, in addition to the error rate for each pure condition. Error bars represent +/- 1 standard
deviation. The blue and grey bars indicate the average error rate for the switch and repeat trials
within the mixed condition, separated by trial type. Whereas, the orange bars show the average
error rate for the trials in the two pure conditions, i.e., the pure pro-saccade condition and pure

anti-saccade condition.

Within the mixed condition, error rates for the pro-saccade switch trials (t(83)= 9.39,
p<.001, d= .2), pro-saccade repeat trials (t(83)= 8.75, p<.001, d=.21), anti-saccade switch trials
(t(83)=13.46, p<.001, d=.24), and the anti-saccade repeat trials (t(83)= 11.33, p<.001, d=.2) were
all found to significantly differ from zero. Similarly, the error rate for trials in the pure pro-saccade
condition (t(83)= 9.17, p<.001, d=.18) and pure anti-saccade condition (t(83)= 10.8, p<.001, d=
.2) also significantly differed from zero. As a brief reminder, switch costs were calculated for each
trial type by subtracting the error rate for the repeat trials from the error rate for the switch trials
within the mixed condition. Whereas, mixing costs were found for each trial type by subtracting

the error rate for the repeat trials on a pure condition from the error rate for the repeat trials on the
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mixed condition. Taken together, this suggests that there were a sufficient number of errors made

to progress with the analysis.

Switch Costs and Mixing Costs as a Function of Trial Type

To determine whether there was a significant difference in switch costs and mixing costs between
the two trial types, two paired sample t-tests were conducted. This revealed the extent to which the
current task adequately replicated the goal-switching tasks implemented within previous research
(e.g., Reimers & Maylor, 2005). As a reminder, switch costs quantified the extent to which
participants struggled to shift between the two action-outcome pairings when predicting how best
to respond, and thereby, suppress an incorrect, habitual response. Whereas, mixing costs revealed
participants’ ability to select between, and maintain, two action-outcome associations. It was
expected that the anti-saccade switch cost and anti-saccade mixing cost would be higher than the
pro-saccade switch cost and pro-saccade mixing cost. This is because individuals tend to
reflexively direct their case towards incoming stimuli. Hence, an automatic pro-saccade response
must be supressed in favour of a more intentional anti-saccade response on the anti-saccade trials,
thus creating greater opportunity for error (Jung et al., 2015). In addition to this, the anti-saccade
trials in the current task featured a spatial incongruity between the side of the screen to which the
target stimulus was positioned and the side of the screen to which participants needed to look. As
a result, the anti-saccade trials were more cognitively demanding than pro-saccade trials, where
this spatial incongruity was absent. G*Power analysis revealed that 27 participants were required
to obtain a medium sized-effect (d=.5) in a paired samples t-test with 80% power and a 5% alpha
level (Faul et al., 2009). Therefore, the analyses were sufficiently powered. Figure 5.3 shows

switch costs and mixing costs as a function of trial type.
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Figure 5.3.

Switch costs and mixing costs as a function of trial type
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Note. A figure showing switch costs and mixing as a function of trial type. Error bars represent +/-

1 standard deviation.

It was found that the anti-saccade switch cost was significantly higher than the pro-saccade
switch cost, t(82)=-3.9, p<.001, d=.22. However, there was no significant difference between the

pro-saccade mixing cost and the anti-saccade mixing cost, t(82)= 1.08, p= .29, d=.15.

The Extent to Which the Switch Costs and Mixing Costs for Each Trial Type Significantly
Differed from Zero

As seen in figure 5.3, the means for both switch costs and mixing costs appeared to be relatively
small. To explore this observation further, four one-sample t-tests were conducted. These tests
revealed the extent to which the pro-saccade switch cost, anti-saccade switch cost, pro-saccade
mixing cost and anti-saccade mixing cost differed from zero. Anti-saccade switch costs were found
to be significantly different from zero, t(83)= 5.62, p<.001, d= .16. This suggests that a greater
number of errors were made on anti-saccade switch trials compared to anti-saccade repeat trials

within the mixed condition. Whereas, pro-saccade switch costs (t(82)= .49, p= .63, d=.15), anti-
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saccade mixing costs (t(83)= .48, p= .63, d=.11) and pro-saccade mixing costs (t(82)= 1.63, p=
.11, d=.12) did not significantly differ from zero. This suggests that there was no difference in the
number of errors made on pro-saccade switch trials and pro-saccade repeat trials in the mixed
condition, nor any difference in the number of errors made on mixed condition trials and pure
condition trials for either trial type. Given that the pro-saccade switch costs, anti-saccade mixing
costs, and pro-saccade mixing costs did not significantly differ from zero, the influence of age on

these variables will not be examined in the current study.

The Influence of Age on Participants’ Anti-Saccade Switch Costs

To investigate the extent to which the variance in anti-saccade switch costs could be explained by
age, a stepwise multiple linear regression was conducted. Impulsivity and sex were entered in an
initial block as nuisance variables, and age was entered alone in a second block. The purpose of
this test was to reveal the extent to which an individual’s age influences their ability to combine
appropriate action-outcome knowledge with available context cues when the respective influences
of both impulsivity and sex are taken into account. G*Power analysis revealed that 77 participants
were required to obtain a medium sized-effect (f2=.15) in a multiple linear regression with three
predictor variables, 80% power, and a 5% alpha level (Faul et al., 2009). Therefore, as the sample

contained 84 participants, the analyses were sufficiently powered.

The rationale for including impulsivity and sex as nuisance variables in the current
regression analysis was outlined in chapter 2. In further support of the inclusion of impulsivity as
a nuisance variable, previous research has argued that higher levels of impulsivity are associated
with a reduced ability to inhibit automatic, habitual responses (Bari & Robbins, 2013). Hence,
impulsivity was included as a nuisance variable to control for the potential impact of age-related
variation in impulsivity on the current findings. In regard to sex, past research has suggested that
females demonstrate greater efficiency in deploying proactive control over their actions compared
to males (Bianco et al., 2020; Yiicel et al., 2012; Smittenaar et al., 2015). Furthermore, it has been
argued that this is due to sex differences in the rate at which regions of the brain implicated in
cognitive control develop (Christakou et al., 2009). Therefore, sex was also included as a nuisance

variable within the analyses. Figure 5.4A shows anti-saccade switch cost plotted against a model
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of age, impulsivity and sex, whereas, figure 5.4B shows anti-saccade switch cost plotted against

participants’ unlogged age in years for visualisation purposes.
Figure 5.4.

Anti-saccade switch cost plotted against both a model of age, impulsivity and sex and participants’

unlogged age in years.
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Note. 5.4A. A figure showing anti-saccade switch cost plotted against a model of age, impulsivity
and sex. Error bars represent +/- 1 confidence interval. 5.4B. A figure showing anti-saccade switch
cost as a function of participants’ unlogged age in years. Error bars represent +/- 1 standard

deviation.

A significant model was found, F(1,81) = 7.64, p = .01. It was revealed that the anti-saccade
switch cost was significantly predicted by age (8 =-.29, t =-2.76, p = .01), and was not predicted
by impulsivity (8 = .06, t = .54, p = .55) or sex (8 = .03, t = .23, p = .82). As age increased, the

anti-saccade switch cost decreased. The overall model fit was R?= .09 (SE = .16).

The Influence of Age on the Total Number of Position Errors, the Average Time Taken to
Reposition, the Average Number of Fixation Errors, and the Average Time Taken to First
Fixate

To establish the suitability of the goal-switching task for use with participants of different ages,
the total number of position errors, the average time taken to reposition, the average number of

fixation errors, and the average time taken to first fixate were recorded. More specifically, these
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variables examined whether participants could maintain their position in view of the webcam and
hold their fixation point at the start of a trial without the presence of a researcher to give continued
instruction. Four simple linear regressions were then conducted to investigate the extent to which
age could explain the variance in each of these four variables (see table 5.2 for the final models).
G*Power analysis revealed that 55 participants were required to obtain a medium sized-effect
(f=.15) in a simple linear regression with 80% power and a 5% alpha level (Faul et al., 2009). As
the sample contained 84 participants, the analyses were sufficiently powered. It was revealed that
the total number of position errors, the average number of fixation errors, and the average time
taken to first fixate were significantly predicted by age (all p<.05). As age increased, the total
number of position errors, the average number of fixation errors, and the average time taken to
first fixate decreased. Unlike the other three variables, the average time taken to reposition was
not significantly predicted by age (p>.05). For visualisation purposes, see figure 5.5 for each

variable plotted against participants’ unlogged age in years.
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Table 5.2. The results of four simple linear regression analyses investigating the influence of age on the total number of position errors,

the average time taken to reposition, the average number of fixation errors, and the average time taken to first fixate

Final regression model B t F df R? SE

The total number of position errors 39.02** 1,82 .32 11.05
Age - 57** -6.25**

The average time taken to reposition
Age No variables were entered into the model.

The average number of fixation errors 5.71* 1,82 .07 A3
Age -.26* -2.39*

The average time taken to first fixate 4.41* 1, 80 .05 .38
Age -.23* -2.1*

Note. *p<.05 **p<.001.
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Figure 5.5.
The total number of position errors, the average time taken to reposition, the average number of
fixation errors, and the average time taken to first fixate as a function of participants’ unlogged

age in years
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Note. 5.5A. A figure showing the total number of position errors as a function of participants’
unlogged age in years. Error bars represent +/- 1 standard deviation. 4.5B. A figure showing the
average time taken to reposition as a function of participants’ unlogged age in years. Error bars
represent +/- 1 standard deviation. 4.5C. A figure showing the average number of fixation errors
as a function of participants’ unlogged age in years. Error bars represent +/- 1 standard deviation.
4.5D. A figure showing the average number of fixation errors, and the average time taken to first
fixate as a function of participants’ unlogged age in years. Error bars represent +/- 1 standard

deviation.
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Discussion

The purpose of the current study was to determine how the ability to maintain, and switch between,
different action-outcome pairings according to the current task objective changes with age from
childhood to adulthood. To briefly recap, participants aged 5-21 completed a goal-switching task
where they switched between looking towards green square stimuli and looking away from red
square stimuli. To execute the correct response, participants needed to use the presented stimulus
colour to then select the correct action-outcome pairing from prior knowledge. To that end, switch
costs and mixing costs were recorded for both the pro-saccade and anti-saccade trial types. Switch
costs measured the extent to which participants failed to shift between action-outcome pairings
when selecting their responses. Whereas, mixing costs provided an index of the cost to response
accuracy of having to maintain, and select between, different action-outcome associations within

memory.

In agreement with both the second sub-hypothesis (1b) of the current study and previous
literature (e.g., Davidson et al., 2006), it was found that the variance in the anti-saccade switch
cost was explained by participants’ age, even after accounting for impulsivity and sex. More
specifically, older age was associated with a lower anti-saccade switch cost, and therefore, a better
ability to flexibly switch from a pro-saccade response method to an anti-saccade response method.
This result is also consistent with past developmental literature. Alahyane et al. (2014)
demonstrated that the number of errors accrued when switching between pro- and anti-saccades
declined with age across children (8-12) and adolescents (13-17), before plateauing in young
adulthood (18-25). This age-related change was associated with developmental improvements in
the activity of the fronto-parietal network (Alahyane et al., 2014); regions of the brain implicated
in proactive motor control and the inhibition of interference from irrelevant action-outcome
pairings (Cooper et al., 2015; Jamadar et al., 2010). Therefore, this further supports the idea that
task-switching improves with age as children transition to young adulthood. Moreover, the current
findings extend our prior understanding of forward model development, as they suggest that the
capacity to form accurate forward model predictions improves with age from childhood to
adulthood. That being said, it should be acknowledged that only a small proportion of the variance
in participants’ anti-saccade switch cost was explained by the final model (R? = .09). Hence, the

results should be interpreted with caution.
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Despite the noted utility of the current results in extending our knowledge of how the
forward model develops, it should be acknowledged that the findings do not align with the results
of previous task-switching studies which also included adolescents within their sample (e.g.,
Manzi et al., 2011; Reimers & Maylor, 2005). In contrast to the current results, both Manzi et al.
(2011) and Reimers and Maylor (2005) reported that there was no difference in the switch costs
accrued by children, adolescents and young adults when asked to shift between two competing
tasks. It is difficult to specify the precise reason for this disparity without engaging in mere
speculation. Notably, the tasks used by Manzi et al. (2011) and Reimers and Maylor (2005)
differed from the current task in two key ways. First, in research by Manzi et al. (2011) and
Reimers and Maylor (2005), participants switched between performing different actions in
response to the same set of stimuli. Whereas, in the current task, green stimuli were always
responded to with pro-saccades and red stimuli always warranted anti-saccades. Second, in the
tasks used by Manzi et al. (2011) and Reimers and Maylor (2005) participants responded via
keypresses. Whereas, participants in the current study responded by directing their gaze to the left
and right of the screen. Speculatively, it may be argued that these methodological differences could
have led to inconsistencies in how cognitively demanding each task was to complete; thereby,

resulting in the noted disparity in the effect of age across the studies.

Unfortunately, the pro-saccade switch costs, pro-saccade mixing costs and anti-saccade
mixing costs were found to be statistically close to zero in the present study. The low pro-saccade
switch costs suggest that switching from an anti-saccade to a pro-saccade task objective incurred
no significant cost to response accuracy relative to instances where the pro-saccade objective
remained active over consecutive trials. Similarly, the low mixing costs suggest that response
accuracy was not hindered by having to maintain, and select between, two different response
options within a single condition. As a result of these low costs, it was not possible to reliably test
the influence of age on these three variables (hypotheses 1a, 2a, or 2b). Thus, the present study
cannot draw any concrete conclusions on how the ability to select between different action-

outcome pairings when predicting how to best respond changes with age.
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It is unclear as to why the pro-saccade switch costs and mixing costs were low, especially
given that previous lab-based eye-tracking studies have reported sizeable pro-saccade and anti-
saccade switch costs and mixing costs in neurotypical adults (Jung et al., 2015). Speculatively, one
reason for this may be that the 2-second time window for responses allowed participants sufficient
time to override any incorrect, automatic responses before executing their actual response. This
may then have deflated switch costs and mixing costs across participants. Future research is needed
to empirically assess whether the response time limit or any other specific aspect of the current

task could have caused these low switch and mixing costs to occur.

Admittedly, the present study possessed a number of limitations. For instance, due to the
method in which gaze locations were approximated by WebGazer, it is likely that the accuracy of
participants’ recorded fixation positions reduced over time as the trials progressed. In order to
match pupil locations with their corresponding screen coordinates, WebGazer functions under the
assumption that the position of the cursor and location of an individual’s gaze will align when an
intentional cursor click is made (Papoutsaki et al., 2018). Therefore, successive clicks are used to
continuously calibrate WebGazer’s estimations against the participant’s genuine gaze positions.
However, as the time elapsed since the last mouse click grows, the likelihood that a spatial offset
will arise between the record screen coordinates and genuine gaze location increases (Papoutsaki
et al., 2018). In the current study, cursor clicks were only recorded during the calibration trials
presented at the beginning of the goal-switching task. This undermines the reliability of the current
findings, as it suggests that the accuracy with which the direction of participants’ saccades were
recorded deteriorated over time. To ensure that a precise calibration is maintained, future iterations
of the goal-switching task should include additional calibration trials presented at regular intervals
between the main experimental trials, as employed by Slim and Hartsuiker (2022). Alternatively,
the webcam feed could be recorded and later reviewed by two independent coders in order to verify
that the direction of participants’ saccades was measured correctly, as achieved in research by

Scott and Schulz (2017).
Aside from technical issues introduced by the manner in which WebGazer was utilised, it

may be argued that participants’ ability to adhere to the task instructions also distorted the
robustness of the eye-tracking data. The present study revealed that participants’ ability to maintain
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their position in view of the webcam and hold their gaze at the centre of the screen at the start of
each trial improved with age. Removing one’s gaze from the screen, or one’s body from the
webcam view, would have disrupted the calibration between the true gaze locations and the
recorded screen coordinates (Papoutsaki et al., 2018). Therefore, this raises further concern
regarding the legitimacy of the collected error rate data. This then further supports the idea that
future research should include more frequent calibration trial blocks to ensure that the alignment
between genuine and measured eye-positions is maintained. Furthermore, to improve younger
participants’ engagement with the task and thereby, prevent position and fixation errors from
occurring, future research should modify the presented stimuli to be more appealing to children.
For example, Semmelman et al. (2017) repeatedly flashed an image of a cartoon monkey in the
centre of the screen at the beginning of each trial in order to attract children’s attention to that
location. Hypothetically, this would likely have been a more effective approach to maintaining

young participants’ attention compared to the white dot used in the current study.

In addition to concerns related to measurement accuracy, the composition of the sample
should also be acknowledged as a limitation of the current study. The recruited participants were
fairly homogenous in age (see appendix D for a visualisation of the age spread within the final
sample). Over two thirds of the sample (72.62%) were aged between 18-19, whilst only 17.86%
of participants were aged under 18, including nine adolescents (aged 13-17), and six children (aged
5-12). This lack of variance in participant age raises concern over the robustness of the present
findings, as it may be argued that the height of the slope in the regression model was driven by
only a small number of younger participants (see figure 5.4). Therefore, the findings should be
interpreted with caution. As noted in the Covid-19 impact statement, the government imposed
restrictions on face-to-face research and teaching introduced in response to the Covid-19 pandemic
meant that there were few opportunities available for recruiting child and adolescent participants.
That being said, in comparison to the other three studies reported in this thesis, the present study
recruited the lowest number of participants aged under 18. This suggests that a specific aspect of

the current task deterred younger participants from taking part.

Speculatively, parents may have felt discouraged from allowing their child to complete the

goal-switching task due to privacy concerns. Indeed, previous developmental studies which have
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used webcams to collect data online have cited parents’ privacy concerns as a potential reason for
low participant recruitment relative to similar lab-based studies (e.g., Semmelmann et al., 2017).
Given that parents’ privacy concerns were not measured in the current study, it was not possible
to test whether this had any sizeable effect on child and adolescent engagement with the research.
Notably, mitigations were made to prevent this occurrence, such as emphasising to parents and
participants via written correspondence that no video recordings would be taken during the task.
However, it would also be beneficial for future researchers to arrange school-based talks designed
specifically to answer any ethical and data-privacy concerns that participants and their parents may

have, as implemented in previous studies (e.g., Rait et al., 2015).

To conclude, the purpose of the current study was to determine how task-switching
develops from childhood to adulthood. This provided an indication of how the capacity to combine
relevant prior knowledge with current contextual information to form veridical outcome
predictions matures with age. Whilst it was not possible to examine the impact of age on
participants’ mixing costs, it was found that switch costs declined with age for the anti-saccade
trials. This suggests that the ability to flexibly shift between learned action-outcome associations
when predicting how best to respond improves from childhood to adulthood. Notably, confidence
in the reliability of the current findings was undermined by the suggested lack of spatial acuity in
the recorded gaze locations and the heterogeneity of participants’ ages within the recruited sample.
Therefore, future research is needed to verify whether the similar findings can be obtained using a

task with better spatial precision and a wider range of participant ages.
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Chapter 6: Establishing How the Ability to Make Appropriate Modifications to Action-

Outcome Knowledge Changes from Adolescence to Adulthood

Chapter Summary

The purpose of chapter 6 was to establish how the ability to appropriately update action-outcome
knowledge in response to post-action feedback changes with age from adolescence to adulthood.
To achieve this, participants aged 14-24 completed an outcome learning task where they were
instructed to select between two prize boxes with the goal of obtaining a reward. In a stable
condition, the probability that each box would deliver a reward remained fixed. Whereas, in a
volatile condition, the reward probabilities shifted between the two boxes over time. The extent to
which participants’ updated their choice behaviour in response to recent trial outcomes was
indexed via a learning rate. Notably, it is advantageous to have a lower learning rate within a stable
context than in a volatile context. Hence, participants needed to alter their learning rate according
to the volatility of the current context. Strikingly, it was revealed that learning rate was not
influenced by age in either condition. However, the difference in learning rate between conditions
was found to increase with age. This suggests that the magnitude to which individuals can tailor
their action-outcome knowledge appropriately for the current context refines with age from

adolescence to adulthood.

Introduction

The studies described in chapters 4 and 5 demonstrated that the accuracy with which individuals
can predict the most probable outcome of their actions via a forward model improves with age
from childhood to adulthood. Taken together, the findings from both studies address the first goal
of this thesis. The current chapter will then focus on the second thesis goal; how the ability to make
appropriate modifications to current action-outcome knowledge in response to post-action

feedback develops with age.

Outcome learning refers to an individual’s ability to update their knowledge of the action-
outcome contingencies present within their environment in response to post-action feedback
(Kawato & Wolpert, 2007). The external world is an inherently dynamic space with multiple

entities interacting with, and thereby modifying, their surroundings simultaneously (Wolpert &

139


https://www.zotero.org/google-docs/?b07CBg

Flanagan, 2001). As a result, the exact outcome of an action can rarely be predicted with absolute
certitude (van Beers et al., 2002). Therefore, in order to achieve desired action goals, an individual
must maintain an up-to-date understanding of the probabilistic associations present between
actions and their effects and use this knowledge to guide their behaviour (Wolpert & Ghahramani,
2000). To ensure that this knowledge is maintained, it is believed that an estimate of the feedback
observed after a self-generated action is incorporated into their prior estimate (Kording & Wolpert,
2006). Subsequent actions are then guided by this revised prior knowledge of the probabilistic
relationship between the performed action and the expected effect (Berniker & Kording, 2011).
Evidently, the ability to update to one’s constructed forward model is imperative to effective goal-

directed action.

Crucially, to interact appropriately with the environment, it is not sufficient to
indiscriminately update the prior to the same extent in response each action outcome (Hohwy,
2017). Instead, the rate at which amendments are made to learned action-outcome associations
must be modulated according to the relative volatility of current context (Gershman, 2015). A
stable context refers to a scenario in which the probabilistic relationships between actions and
effects remain fixed over time. Any unexpected outcomes can then be attributed to chance within
this context (Behrens et al., 2007). For instance, if there was a fixed 90% probability that action A
would result in outcome A, there would be a 10% chance that the unexpected outcome B could
occur instead. In comparison to a stable environment, the probabilistic links tying specific actions
to particular effects are subject to frequent change within a volatile context (Browning et al., 2015).
For instance, in a volatile environment where action A was first predominantly associated with
outcome A, an abrupt alteration to this probabilistic relationship could occur such that, action A
would be more strongly related to outcome B rather than outcome A. Therefore, an unexpected
outcome observed within a volatile context should be interpreted as evidence that the underlying

action-outcome contingencies have changed and a behaviour change is required.

The extent to which the prior estimate is modified in response to an observed outcome is
determined by the individual’s current learning rate (Eckstein et al., 2022). From a Bayesian
perspective, the learning rate refers to the time scale for which past outcomes are integrated to

form the prior and thereby, used to determine the individual’s next action (Hohwy, 2017). Learning
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rates can vary between 0 and 1. The closer the learning rate is to 1, the greater the extent to which
the prior was constructed from only the most recent outcomes, as opposed to a wider history of
observed feedback. Whereas, a comparably lower learning rate indicates that the opposite is true
(Eckstein et al., 2019).

When a low learning rate is employed within a stable context, each new outcome is
incorporated into the prior incrementally over time. As a result, the prior gradually becomes a more
reliable estimate of the stable action-outcome mappings (Jacobs & Kruschke, 2011). Hence, the
ability of surprising, yet rare, outcomes to cause substantial changes in current action-outcome
knowledge and subsequent choice behaviour decreases over time (Berniker & Kording, 2011). In
other words, the effect of a detected discrepancy between the expected and observed outcome on
current action-outcome knowledge diminishes as the volume of past feedback accumulated
increases. Moreover, using a relatively low learning rate is advantageous within a stable context
as successive priors, i.e., conceptualisations of the fixed action-outcome structure, will become

more veridical over time, leading to more optimal choice behaviour (Browning et al., 2015).

Whilst it has been argued that incorporating a range of past outcomes into one’s prior is
beneficial within a stable context, it has also been suggested that this practice can be detrimental
to performance within a volatile context (Behrens et al., 2007). This is because recent outcomes
are more informative of the dynamic action-outcome contingencies active within the volatile
context compared to outcomes that occurred further in the past (Browning et al., 2015). Therefore,
updating the prior incrementally via a low learning rate can impair an individual’s ability to
correctly perceive these rapid-changing action-outcome pairings. Whereas, possessing a high
learning rate decreases the amount of past outcome evidence integrated within the prior (Hohwy,
2017). This then enables unexpected outcomes observed in a volatile context to trigger larger, and
more prompt, updates to learned action-outcome mappings than those seen in a stable context.
Ergo, this suggests that a high learning rate is more beneficial than a low learning rate within a
volatile environment (Browning et al., 2015). Moreover, an individual’s ability to appropriately
update their forward model can be determined by examining the degree to which their learning

rate alters according to the volatility of current context.
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Evidently, the ability to tailor the rate at which surprising outcomes shape behaviour in
accordance with the volatility of the current context is crucial for daily life (Hohwy, 2017). Despite
this, a paucity of studies have examined how this ability develops from adolescence to adulthood
(DePasque & Galvan 2017). In addition, of the studies which have explored how this ability
develops, all have focused exclusively on determining how behaviour is modified either within a
stable context (e.g., van den Bos et al., 2012) or within a volatile context (e.g., Hauser et al., 2015)
alone. Thus far, no studies have compared the degree to which individuals of varying ages are able
to adjust their learning rate in stable contexts relative to volatile contexts. It is crucial to examine
how outcome learning develops differently between the two contexts, as this goes beyond merely
demonstrating that the individual can inflate or reduce the volume of past outcomes used to
construct the prior, but instead compares the degree to which they can adaptively modulate their

learning rate appropriately for each context.

In comparison to adults, it has been argued that adolescents are less able to appropriately
update their behaviour in response to the action-feedback observed within stable contexts (Decker
et al., 2016; Xia et al., 2021). This assertion has been made on the basis that adolescents have
previously been shown overestimate contextual volatility on probabilistic learning tasks with
stable action-outcome contingencies, resulting in both elevated learning rates and poorer choice
accuracy relative to adults (van den Bos et al., 2012; Jepma et al., 2020). This suggests that, within
a stable context, adults update their action-outcome knowledge at a more gradual pace than
adolescents, thus resulting in superior performance. Consistent with this idea, it has also been
shown that unexpected outcomes observed in a stable context have a greater influence on
adolescents’ choice behaviour than that of adults (Barash et al., 2019; Hartley & Somerville, 2015;
van Duijvenvoorde et al. 2013). Therefore, these findings suggest that the ability to maintain an
accurate understanding of the action-outcome contingencies present within a stable context and

adjust choice behaviour accordingly improves with age from adolescence to adulthood.

Although adolescents’ reported tendency to overestimate contextual validity may not be
ideal for a stable environment, a tendency to employ a high learning rate would be beneficial for
a volatile environment (Behrens et al., 2007). Consequently, it has been argued that adolescents’

outcome learning skills surpass those of adults in volatile contexts (Gopnik et al., 2017).
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Adolescence has previously been characterised as a developmental period uniquely equipped to
tolerate action-outcome uncertainty (Lourenco & Casey, 2013) due to heightened plasticity in the
brain (Larsen and Luna, 2018) and more frequent exposure to novel contexts (Somerville et al.,
2017) compared to adults. In line with this idea, Hauser et al. (2015) administered a probabilistic
reversal learning task to adolescents aged 12-16 and adults. During the task, action-outcome
contingencies covertly switched each time a target number of correct choices had been made. It
was found that adolescents tended to have a higher learning rate than adults, meaning that they
learned from unexpected outcomes at a faster rate. This suggests that adolescents’ ability to
appropriately adapt their behaviour for a volatile context declines with age as they transition to
adulthood.

When directly compared, the results of past research, such as van den Bos et al. (2012) and
Hauser et al. (2015), imply that adolescents and adults do not alter their approach to updating the
prior between contexts of varying levels of volatility. In both stable and volatile contexts,
adolescents appear to show a tendency to integrate only the most recent outcomes into their prior.
Whereas, adults appear to gradually integrate a wider range of past outcomes into their prior over
a longer timeframe, irrespective of contextual volatility. Evidently, this suggests that an age-related
dissociation in outcome learning exists between the different contexts. Adults appear to be better
than adolescents at updating their forward model within stable contexts, where a lower learning
rate is optimal. Whereas, adolescents are better able to update their internal model within volatile

contexts, where a higher learning rate is more beneficial.

Contrary to the argument that adolescents employ a higher learning rate than adults in
volatile contexts, more recent research has argued that the ability to respond to sudden changes in
action-outcome contingencies actually improves with age from adolescence to adulthood (Eckstein
etal., 2022). In contrast to the findings of Hauser et al. (2015), Eckstein et al. (2022) reported that
learning rate increased from adolescence to adulthood on a probabilistic learning task with
dynamic action-outcome mappings. This suggests that the degree to which individuals can reduce
the volume of past outcomes integrated into the prior in response to frequent action-outcome
association changes improves across adolescence. Furthermore, when combined with the results

from other learning studies (e.g., van den Bos et al., 2012), this suggests that the ability to both
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lower one’s learning rate in stable contexts and inflate one’s learning rate in volatile contexts
improves as adolescents age to adulthood. Hence, when comparing learning rate between the two

contexts, one would expect the difference in learning rate to increase with age.

The Current Study

The purpose of the current study was to establish the impact of age on participants’ ability to adapt
the extent to which their decisions are guided by past action-outcomes according to the volatility
of the current context. To fulfil this aim, participants aged 14-24 completed a rewarded learning
task, based on the task administered by Browning et al. (2015). On each trial of the task,
participants were presented with two boxes and were instructed to select the box that they believed
to contain a reward. In the stable condition, the relative probability that each choice would lead to
a reward outcome was fixed. Whereas, in the volatile condition, these probabilities shifted between
the two boxes over time. Participants’ learning rate was calculated for each condition to quantify
the extent to which their choice behaviour was modified in response to the most recent trial
outcomes. Subsequently, the difference in learning rate between the two conditions demonstrates
the degree to which participants could adapt their learning in response to fluctuations in the

contextual volatility. Based previous literature, three hypotheses were formed, as outlined below.

1) To test adults’ proposed superiority over adolescents in adapting their behaviour to stable
action-outcome contingencies (e.g., van den Bos et al., 2012; Jepma et al., 2020), it was
hypothesised that learning rate would be predicted by age within the stable condition, with

greater age associated with a lower learning rate.

2) To test the findings of Eckstein et al. (2022) against the contradictory results of Hauser et
al. (2015), it was hypothesised that learning rate would be predicted by age within the

volatile condition, with greater age associated with a higher learning rate.

3) To test the idea that adults are better able to adjust their behaviour in response to changes
in environmental volatility than adolescents (van den Bos et al., 2012; Eckstein et al.,
2022), it was hypothesised that the difference in learning rate would be predicted by age,

with greater age associated with a larger difference in learning rate between conditions.
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Method

Design

A mixed factorial design was used in the current study. The independent variables were age, sex
and impulsivity. The within-subject independent variable was the relative volatility of the two
outcome probabilities presented on each condition of the outcome learning task. For both the stable
and volatile conditions, four dependent variables were obtained: the learning rate, the variability
in the learning rate, the inverse decision temperature, and the variability in the inverse decision
temperature. Additionally, the difference in the each of these four dependent variables between the
two conditions was also calculated. To clarify, this resulted in 12 dependent variables in total. The
learning rate demonstrates the extent to which the participant’s choices were influenced by more
recent action outcomes compared to the outcomes of actions made further in the past. Thus, the
learning rate provided an indication of the extent to which the most recent trial outcome caused a

substantial change in the current prior estimate.

In comparison to the learning rate, the inverse decision temperature indicated the extent to
which a participant’s choices were guided by an understanding of the relative advantage of
selecting one choice option over its alternative. Hence, the inverse decision temperature
demonstrated participants’ ability to maintain an up-to-date forward model regarding the
probabilistic relationships linking each option to each outcome and apply this knowledge when
forming decisions on which option to select. A relatively low inverse decision temperature
indicated that a participant’s actions were more akin a series of random choices rather than
considered selections based on the knowledge learned from past outcomes. Moreover, the findings
gained in regard to the impact of age on the inverse decision temperature will attempt to replicate
the results gained from the previous empirical chapters presented in the current thesis, i.e., the
extent to which the ability to use and sustain a forward model improves with age. In contrast, the
results obtained in regard to age-related changes in the learning rate will move a step beyond this
by revealing the extent to which participants correctly modified the weight attributed to recent over

past action outcomes when formulating their choice decisions.
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Participants
339 participants were initially recruited (49 male, 290 female). The age of participants ranged from
14 to 24 years (M=18.4, SD=1.04).

e 285 participants were right-handed, 20 were left-handed and 34 were ambidextrous, as
measured by the EHI-SF (see appendix A for a full outline of this measure).
e 273 participants were White, 34 were Asian, 12 were Black, 17 had mixed/multiple ethnic

identities, and 3 had another ethnic identity that was not listed.

Thirty six participants were recruited from two high schools in the Nottinghamshire and
Derbyshire areas between January 18th 2022 - 16th March 2022. The rest of the sample were
recruited either through RPS or through recruitment posters published on social media from the
26th April 2021 - November 17th 2021. For more detailed information on how participants were
recruited from each of these sources and how informed consent was obtained, please see chapter
2. In exchange for volunteering to take part in the experiment, participants had the opportunity to
be entered into a prize draw to win an Amazon voucher. In addition, in order to motivate
participants to fully engage with the task goals, participants were informed that an additional
Amazon voucher would be awarded to the participants who scored the highest, second highest and
third highest number of points during the outcome learning task. The full experimental procedure
of the current study was approved by the School of Psychology ethics committee at the University
of Nottingham.

Eighteen participants were excluded because they self-reported a diagnosis of either ASD,
ADHD or OCD. The rationale for removing participants with ASD or ADHD was outlined in
chapter 3, and the rationale for excluding those with OCD was detailed in chapter 5. All remaining
participants were neurotypical. One further participant was also excluded for failing to make a
response on over 50% of the trials on the outcome learning task. The demographics of the adjusted

sample can be viewed in table 6.1.
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Table 6.1. The demographic characteristics of the adjusted sample.

Age (years) Gender Ethnicity Handedness
Full sample Range= 48 Male 258 White 270 right-handed
(n=320) 14 t0 24 272 Female 32 Asian 19 left-handed
M=18.4 11 Black 31 ambidextrous
SD=1.02 16 Mixed/multiple ethnic identities

3 Any other ethnic identity
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Materials

The Outcome Learning Task. The outcome learning task was used to measure participants’
ability to update their forward model in response to observed trial outcomes. The task was designed
using PsychoPy and ran online via Pavlovia (Peirce, 2019). Stimuli consisted of a 300x300 pixel

image of a red prize box and a 300x300 pixel image of a blue prize box.

The UPPS-P Short-Form. The UPPS-P short-form was used to measure self-reported

impulsivity. Please see chapter 2 for a full outline of this measure.

Procedure

Participants provided their demographic information and completed the UPPS-P short-form via a
survey hosted on Qualtrics. Following this, participants were redirected to the outcome learning
task. Upon opening the task, participants saw a black instructions screen with details on how to
complete the task. Participants were also instructed to complete the task using the same hand
throughout. Written instructions were also accompanied by a voiceover which read the instructions
aloud for the participant. On the next screen, participants viewed a demonstration of the task and
listened to a voiceover which explained each stage of the demonstration. Each screen of the
instructions and the demonstration contained a red square which changed to green after the
voiceover audio clip had ended. Only after pressing the green squares would the task progress to
the next screen. This ensured that participants could not skip the instructions or the demonstration.
Participants then completed 5 practice trials to familiarise themselves with the task, before

progressing to the main experiment trials.

On each trial, a red prize box and a blue prize box were presented on the left and right of
the screen (see figure 6.1). The probability that each coloured box would appear on the left or right
of the screen was equal and randomised across the trials. Each box also had a number of points
displayed directly beneath it. On each trial, one of the two coloured boxes was the correct box to
choose. In exchange for selecting the correct box, participants received the number of points that
was displayed below that box. However, if the incorrect box was chosen, then participants were
awarded zero points on that trial. The number of points below each box were equal on each trial

and were selected randomly with replacement from an array of values ranging from 1-99.
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At the beginning of each trial, a white fixation cross was visible in the centre of the screen
for a jittered time period (M= 2s, SD= 0.2s). The fixation cross was then replaced by a white
question mark, which signified that the participant could now respond. The question mark
remained onscreen until either the participant had made a response or 4s had passed. Participants
responded by clicking on one of the two prize boxes as quickly as possible. Participants’ responses
were recorded as either correct or incorrect accordingly. Participants were encouraged to score as
many points as possible in order to promote participants’ attention throughout the task. If
participants failed to respond within 4s of the question mark cue’s onset, text was displayed which
reminded participants of the task instructions. After the question mark had disappeared, a white
box appeared around the prize box that the participant had selected and the question mark was
replaced by a fixation cross. After a jittered time period (M= 1s, SD= 0.2s), the correct prize box
was displayed for 2s alongside its corresponding points value. During this time, an image of a star
moved upwards from the correct prize box to create the illusion that the star had been contained
within the box. An inter-trial interval was then presented for a jittered time period (M= 2s, SD=
0.2s), during which two white capital Xs and the white fixation cross were displayed. Each trial
lasted for approximately 7s. Break screens were shown every 60 trials for an unlimited amount of
time. Participants could end the break and continue with the task at any time by clicking a green
square displayed onscreen. The break screens included encouraging text to promote participants’

attention and information about how far they had progressed through the task.
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Figure 6.1.

Image of the trial structure for the outcome learning task.

A 0 X 0 Jittered period
S (M=2s, SD=0.25)

Until a response is made
(max 4s)

Jittered period
(M=1s, SD=0.2s)

Time
(Approx. 7s)

Jittered period
(M=2s, SD=0.25)

Note. An image showing the trial structure for the outcome learning task. Each black box depicts
a specific moment of the trial. The diagonal arrow represents the order in which each moment was
experienced, i.e., beginning with 6.1A and ending with 6.1E. 6.1A. The red and blue prize boxes
are presented to the left and right of the screen. Points values are positioned below each box. The
white fixation cross shown in the centre of the screen indicates that no responses can be made.
6.1B. The question mark shown in the centre of the screen indicates that responses can now be
made. 6.1C. A white square outline surround the box that was selected by the participant. 6.1D.
The correct box is shown in the centre of the screen. Text at the bottom of the screen informs the
participant of the trial outcome. 6.1E. Two masks are shown to the left and right of the screen,

alongside the fixation cross.

The task contained two conditions, a stable condition and a volatile condition. In the stable
condition, the probability that one of the two coloured prize boxes would be the correct box
remained constant at 75%. For instance, there may have been a 75% chance of the red prize box
being the correct box and a 25% chance of the blue prize box being the correct box throughout the
condition. Whereas, in the volatile condition, the probability that one of the two coloured prize

boxes would be the correct box shifted from 80% to 20% every 20 trials. For example, there may
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have been an 80% chance of the red prize box being the correct box and a 20% chance of the blue
prize box being the correct box for the first 20 trials. For the next 20 trials, this would then switch
such that selecting the blue prize box had an 80% chance of resulting in a correct response and
selecting the red prize box had an 20% chance of resulting in a correct response. The order in
which the conditions were presented was counterbalanced between participants. There were 180

trials in total, 90 per condition. The full procedure lasted approximately 30 minutes.

Data Analysis

All data pre-processing procedures were conducted in MATLAB. All participants’ ages were
converted to natural logarithmic age, as described in chapter 2. Any trials for which no response
was made were removed from the analysis. On average, 2.19% of trials were removed per
participant (SD= 3.44, range = 0 - 29.44).

Self-Report Scales. All self-report scales were summed and averaged to create an index for each

of the variables of interest.

The Combined Rescorla-Wagner and Softmax Action Selector Model. To evaluate the
frequency at which participants updated their forward model in response to each new trial outcome,
an estimated learning rate (a) was calculated for both the stable and volatile conditions. In order
to change the learned association between selecting a particular box and it’s most probable
outcome, an individual must first recognise a disparity between the expected outcome and the
observed consequence; that is, the observed consequence must be perceived as surprising by the
individual. Subsequently, the individual must then decide that, in order to ensure that their
comprehension of the world is accurate, it is necessary to adjust their understanding of the
relationship between the action and its outcome in response to this new, surprising outcome
(Browning et al., 2015). Hence, an « represents the extent to which a participant’s choices were
reliant on the outcomes of recent actions relative to the outcomes of actions that occurred further
in the past. High as indicate that the individual’s choices were largely guided by the outcomes of
their most recent actions compared to those of actions committed on more antecedent trials. That
is to say, the discrepancy between an expected and actual outcome on a given trial had a substantial

effect on the modification of any subsequent outcome predictions and choices made. Whereas, a
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lower a demonstrates that unexpected outcomes caused only minimal changes to successive

outcome predictions and choice behaviour.

To calculate an « for the stable and volatile conditions, the choices made by the participant
in each of the conditions were fitted to a Rescorla-Wagner model, which was in turn, attached to
a softmax action selector, in keeping with the data analysis procedure used in research by
Browning et al. (2015). The process used to fit participants’ choice data to the combined Rescorla-
Wagner and softmax action selector model was as follows: first, forty potential a values were
generated, in keeping with Browning et al. (2015). These values were spaced equally from
10g(0.01) to log(1). Using the Rescorla-Wagner model (see equation 6.1), the outcome probability,
i.e., the probability of the red box being the correct choice, was calculated for each possible a

value. In equation 6.1, the notation, ;.1 , indicates the estimated outcome probability on the next
trial, i.e., the probability that selecting the red box will lead to a reward outcome. ;) denotes the
estimated outcome probability on the current trial. a refers to the learning rate, and &;) represents

the error in the participant’s prediction of the outcome on the current trial.

TaFy =Tw T A

(6.1)

Next, the estimated value of each colour choice was calculated for each trial by multiplying
the outcome probability values and the actual reward magnitude of each colour option. This was
achieved using equation 6.2 and 6.3, modified from Browning et al. (2015). In equations 6.2 and
6.3, g rea(i+1) @A g pruei+1) Signify the estimated values of the red and blue stimuli. Whereas,
f redgi+1) @0 f prei+1) represent the actual reward magnitudes for the two stimuli. 7,4, refers
to the probability that the red box was the correct choice and 1 — r(;,.1y shows the probability that
the blue box was the correct choice. As the points values did not differ between the two colour
options on each trial, this calculation essentially weighted each points value presented to
participants by the underlying outcome probabilities. For instance, in the event that the red box

had an 80% chance of leading to a reward outcome, whereas the blue box had a 20% chance of
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leading to a reward, and both choices were worth 10 points, then the value of selecting the red box
would be 8 (0.8 x 10) and the value of selecting the blue box would be 2 (0.2 x 10).

g redi+1) = Ta+1) X [ red(i+1)
(6.2)
9 buei+1) = 1 = 7u+1) X f blue(i+1)
(6.3)

The relative advantage of selecting the red box rather than the blue box on each trial was
then obtained by subtracting the estimated value of the blue box from the estimated value of the
red box. For instance, in the above example, the relative advantage of selecting the red box over
the blue box would be 6 (8 - 2). Evidently, positive advantage values indicated that it was better
to have chosen red compared to blue box on the current trial. Whereas, negative advantage values

signified that the opposite was true.

Following this, the probability that a participant would choose either the red or blue box
on each trial was calculated using equation 6.4, as outlined in Browning et al. (2015). Again,
g (reay ANd g (e refer to the estimated value of the red and blue boxes, respectfully. Hence, the
notation, g (reay — g (b1ue), denotes the relative advantage of choosing the red box over the blue
box. P(choice = red) represents the probability that the participant would choose the red box on
a given trial. The probability of the blue box being chosen on a trial was given by 1-P(choice =

red). Finally, B denotes the inverse decision temperature.

1
1+ exp(_ﬁ(g (red) — g (blue))

P(choice = red) =
(6.4)
The B was an estimate of the extent to which knowledge of the relative advantage of

selecting red over blue, and hence, an understanding of the relative outcome probabilities of each

option, had an impact on a participant’s choice behaviour. The higher the £ value, the greater the
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extent to which the participant’s choices were guided by an understanding of the relative advantage
of selecting one box over the other. Comparatively, the lower the £ value the greater the extent to
which the participant’s choices appeared to be made at random, irrespective of the relative
advantage offered by either box. Thirty g values were generated, each equally-spaced between
log(1) to log(100). The probability that the participant selected each box was then computed for

each of the 30 possible £ values.

To clarify, the combined Rescorla-Wagner and softmax action selector model contained
two free parameters: the learning rate («) and the inverse decision temperature (£). For each
participant, the two parameters were estimated separately for the stable and volatile conditions. A
joint posterior probability density function was created for both parameters based on the likelihood
that each potential parameter value fit to the participant’s actual choice behaviour. Estimates of
the two parameters, and the corresponding SD of those estimates (o, and ag) were then calculated
as the anticipated value and SD of a marginal probability density function over each potential
parameter value, calculated through direct integration. Given that the two free parameters were
used to multiply other values in the equations described above, all statistical analyses were

conducted on the logarithms of the parameter estimates, in keeping with Browning et al. (2015).

The difference in learning rate and inverse decision temperature between conditions

As the learning rate and inverse decision temperature parameters were multiplicative, the
difference in these parameters between the two conditions was calculated as the difference of their
log values, consistent with Browning et al. (2015). More specifically, the difference in learning
rate (Aa) between the two conditions was calculated by subtracting the log value for the stable
condition a from the log value for the volatile condition a. This revealed the extent to which
participant’s choice behaviour was more strongly influenced by recent trial outcomes than more
antecedent trial outcomes on the volatile condition relative to the stable condition. In the volatile
condition, only the 20 most recent trials provide outcome probability information useful to the
current choice decision. Hence, participants will achieve better performance in the volatile
condition if they base their choice decisions on the outcomes of more recent trials compared to the
outcomes of trials that occurred further in the past. Consequently, if the participant was able to

adaptively base their decisions on recent trial outcomes more so in the volatile condition than in
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the stable condition, then their learning rate would be higher in the volatile than the stable
condition, resulting in a positive da value. Ergo, the more positive a participant’s Aa value, the
greater their ability to regulate the extent to which their forward model was updated in light of new

outcome information in accordance with the relative volatility of the current context.

In addition to the Aa, the difference in the variability of the learning rate (4o,) between
the two conditions was also calculated by subtracting the log value for the stable condition g, from
the log value for the volatile condition o,,. This demonstrated the impact of the contextual volatility
on the consistency with which participants’ based their decision on more recent trials relative to
more anterior trials. A more positive Ag, suggests that a participant’s @ was more consistent in
the volatile condition relative to the stable condition. In contrast, a more negative Aa, would
indicate that the opposite was true, with greater a consistency in the stable condition over the

volatile condition.

The difference in inverse temperature (44) and the the difference in the variability of the
inverse temperature (4az) were also calculated in the same manner as the Aa and the 40, by
subtracting the stable condition log values from the volatile condition log values. The 48 shows
the extent to which participants’ choice behaviour was guided by an understanding of the outcome
probabilities to a greater degree in one condition than the other. A more positive 48 indicates that
advantage knowledge had a greater impact on the participant’s choices in the volatile condition
than in the stable condition. Whereas, a more negative 48 is reflective of the opposite. Finally, the
Aag shows the impact of contextual volatility on the consistency with which participants made
choices informed by advantage knowledge, as opposed to merely random selections. Once again,
amore positive Ao suggests that the participant’s f# was more consistent in the volatile condition

relative to the stable condition, whereas, a more negative Aoy indicates that the reverse was true.

Outlier Detection. To exclude any potentially confounding anomalous data, the Tukey’s fences
method for outlier detection was applied to the log values for each DV. For the stable condition,

12 04, 3 B, and 11 o5 datapoints were found to be more than 1.5 interquartile ranges away from

the nearest quartile. Whereas, for the volatile condition, 24 g, 1 8, and 17 o5 datapoints were
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more than 1.5 interquartile ranges away from the nearest quartile. Finally, 16 Aa, 48 Ag,, 15 AB,

9 Aoy datapoints were more than 1.5 interquartile ranges away from the nearest quartile.

Upon comparison, it was found that the removal of the anomalous data points did not affect
the direction or significance of the results regarding the influence of age, impulsivity and sex on

the g, or g for either condition, nor on the 4a,, 4B, or the Aag. Hence, the identified data points

for these variables were not removed in order to ensure the completeness of the data. However,

excluding the extraneous data points for the a5 in both conditions and the A« did have an effect
on the findings. Prior to outlier removal, the oz in both conditions and the Aa were not predicted
by any predictor variable. Whereas, the oz was significantly predicted by impulsivity in both the
stable (B = .13, t= 2.26, p= .02) and volatile (8 = .12, t= 2, p= .046) conditions and no other

predictor variable (all p>.05) after outlier removal. Similarly, Aa was significantly predicted by
age (B =.13,t=2.29, p=.02) and no other predictor variable (all p>.05) after the outlier data points
were excluded. As a result of these changes, the 44 data points identified as outliers for these three

variables were removed from the data so as not to statistically bias the results.

Statistical Analyses. All statistical analyses were run in SPSS. As a brief reminder, due the fact
that the learning rate and inverse decision parameters were multiplicative, all statistical analyses
were conducted on the logarithms of each parameter estimate. For the reasons outlined in chapter
2, impulsivity and sex were included as nuisance variables in the current study. In further support
of the inclusion of sex as a nuisance variable, past research has argued that males demonstrate a
superior ability to adapt their choice behaviour to sudden changes in learned action-outcome
contingencies compared to females (Evans & Hampson, 2015; Overman, 2004; although, see
Chowdhury et al., 2019 for an alternative account). It has been suggested that this may be due to
sex differences in the rate at which regions of the brain implicated in cognitive control
(Vijayakumar et al., 2014) and reward learning (Chahal et al., 2021) develop, particularly during
adolescence. Therefore, sex was included as a nuisance variable in the statistical analyses.

Twelve stepwise multiple linear regressions were performed to investigate whether any of
the 12 DVs could be predicted by age, impulsivity or sex. In each regression analysis, impulsivity

and sex were entered in an initial block as nuisance variables, and age was entered alone in a
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second block. The purpose of the statistical tests performed on the learning rate variables («, a,,
Aa, Aa,) was to reveal the extent to which age influenced participants’ ability to adapt their actions
in response to past trial outcomes in each condition when the respective influences of impulsivity
and sex are taken into account. Whereas, the purpose of the tests conducted on the inverse decision
temperature variables (B, oz, 48, Aag) was to determine the impact of age on the extent to which
participants’ choice behaviour was guided by knowledge of the relative outcome probabilities in
each condition when impulsivity and sex are controlled for. G*Power analysis revealed that 77
participants were required to obtain a medium sized-effect (f?=.15) in a multiple linear regression
with three predictor variables, 80% power, and a 5% alpha level (Faul et al., 2009). As the sample

contained 320 participants, the analyses were sufficiently powered.

Results

In the current study, participants completed 180 trials of an outcome learning task. To briefly
reiterate, participants were asked to select one of two prize boxes on each trial. The chance that
selecting each box would result in points earned varied per condition. In the stable condition, there
was a fixed 75% chance that selecting one of the boxes (i.e., the red box) would lead to a reward.
The alternative box then had a fixed 25% chance of giving a reward if selected. Whereas, in the
volatile condition, the two boxes had an 80% and 20% chance of leading to a reward if chosen.
Every 20 trials, the 80% and 20% reward probabilities swapped between the two boxes. The

choices made by participants on each trial were then recorded.

Task Performance

On average, participants selected the correct box on 58% of trials across the task (SD=5.96, range=
42.33-71.67). This performance level was significantly different from chance, t(319)= 26.43,
p<.001, d=5.96. When each condition was examined in isolation, participants selected the correct
box on 60% of trials (SD= 7.53, range= 35.29-76.4) on average in the stable condition, and on
57% of occasions (SD=7.61, range= 27.78-74.7) on average in the volatile condition. Performance
level was significantly different from chance in both the stable (t(319) = 24.43, p<.001, d=7.53)
and the volatile (t(319) = 17.19, p<.001, d= 7.61) conditions. This suggests that participants

understood the goal of the task.
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The Influence of Age on the Learning Rate in the Stable and Volatile Conditions

To explore the extent to which participants’ choice behaviour was informed by the outcomes of
recent actions relative to the outcomes of actions that occurred further in the past, an estimate of
their @ and g, were obtained for each condition. The higher a participant’s «, the greater the extent
to which their choices were guided by the outcomes of their most recent actions compared to those
of actions committed on more antecedent trials. Whereas, the higher a participant’s o, the greater
the variability in the extent to which participants’ choices were directed by more recent trial

outcomes compared to more prior outcomes.

Initially, four one-sample t-tests were conducted to ensure that a sufficient level of learning, and
variability in learning, occurred on each condition to warrant further analysis. It was revealed that
the stable condition « (M=-2.11, SD =1.03; t(319)=-36.46, p<.001, d=1.04), the stable condition
o, (M= .19, SD = .17; t(319)= 17.09, p<.001, d= .57), the volatile condition « (M= -1.92, SD =
1.13; t(319)=-30.22, p<.001, d= 1.13), and the volatile condition o, (M= .24, SD = .19; {(319)=
13.94, p<.001, d= .57) all significantly differed from zero. This suggests that sufficient learning
occurred to facilitate further analysis regarding the impact of age on participants’ rate of learning

within both conditions.

To investigate the influence of age on participants’ @ and o, in each condition, four
separate stepwise multiple linear regressions were conducted on the stable condition « and o, and
the volatile condition a and a,,. In each regression, impulsivity and sex were entered in an initial
block as nuisance variables, and age was entered alone in a second block. For both conditions, it
was revealed that the a was not significantly predicted by any of the predictor variables (all p>.05).
Similarly, it was also revealed that the o, was not significantly predicted by any of the predictor
variables in either condition (all p>.05). For visualisation purposes, see figure 6.2 for the a and g,

for each condition plotted against participants’ unlogged age in years.
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Figure 6.2.

The a and o, as a function of participants’ unlogged age in years and condition
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Note. 6.2A. A figure showing learning rate in the stable condition plotted against participants’
unlogged age in years. Error bars represent +/- 1 standard deviation. 6.2B. A figure showing the
variability in learning rate within the stable condition plotted against participants’ unlogged age in
years. Error bars represent +/- 1 standard deviation. 6.2C. A figure showing learning rate in the
volatile condition plotted against participants’ unlogged age in years. Error bars represent +/- 1
standard deviation. 6.2D. A figure showing the variability in learning rate within the volatile
condition plotted against participants’ unlogged age in years. Error bars represent +/- 1 standard

deviation.

The Influence of Age on the Inverse Decision Temperature in the Stable and Volatile Conditions
To explore the extent to which participants’ choice behaviour was guided by an understanding of
the relative advantage of choosing one box over the alternative option, an estimate of their inverse
decision temperature (f) and an estimate of the variability in their inverse decision temperature

(0p) were obtained for each condition. The higher a participant’s 3, the greater the extent to which
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their choices were informed by an understanding of the relative outcome probabilities associated

with each colour option. Whereas, the higher a participant’s o, the greater the variability in the

extent to which participants’ choices were guided by this understanding of the underlying outcome

probabilities.

To ensure that the recorded 8 and o were of a sufficient magnitude to facilitate the planned
regression analyses, four one-sample t-tests were conducted on the g and o for each condition.
Indeed, it was revealed that the stable condition g (M= 1.55, SD=.97; 1(319)= 28.51 p<.001, d=
.97), the stable condition og (M= .12, SD= .05; t(308)= 38.23, p<.001, d= .05), the volatile
condition 8 (M= 1.54, SD=.89; t(319)= 30.75, p<.001, d= .89, and the volatile condition gz (M=
.16, SD=.11; t(302)= 26.39, p<.001, d=.11) all significantly differed from zero. This suggests that

these parameters are sufficient in magnitude to warrant further analysis.

To establish the influence of age on participants’ § and g in each condition, four separate
stepwise multiple linear regressions were conducted on the stable condition g and oz and the
volatile condition § and gy In each regression, impulsivity and sex were entered in an initial block

as nuisance variables, and age was entered alone in a second block. For both conditions, it was

revealed that # was not significantly predicted by any of the predictor variables (all p>.05).

In terms of the oy, a significant model was revealed for the stable condition, F(1,307)=
5.12, p=.02. It was revealed that the oz was significantly predicted by impulsivity (8 = .13, t=
2.26, p=.02) and was not predicted by age (g = .07, t= 1.18, p=.24) or sex (8 = .03, t= 53, p=.6).
This suggests that as impulsivity increased, the variance in the inverse decision temperature
increased within the stable condition. The overall model fit was R? = .02 (SE= .05). Likewise, a
significant model was also revealed for the volatile condition, F(1,301)= 4.02, p= .046. It was
found that the o was significantly predicted by impulsivity (8 = .12, t= 2, p= .046) and was not
predicted by age (8 = .003, t= .05, p=.96) or sex (B8 = -.04, t= -.69, p=.49). This suggests that,
much like the stable condition, as impulsivity increased, the variance in the inverse decision
temperature also increased within the volatile condition. The overall model fit was R2=.01 (SE=

.11). Figure 6.3 shows the oz plotted against a model of age, impulsivity and sex for each
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condition. To further visualise the relationships between age and the § and oy in each condition,

see the scatterplots presented in figure 6.4.

Figure 6.3.
The variance in the inverse decision temperature plotted against a model of age, impulsivity and

sex for the stable and volatile conditions.
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Note. A figure showing the variance in the inverse decision temperature for both the stable
condition and volatile condition plotted against a model of age, impulsivity and sex. The stable
condition is represented in black. Whereas, the volatile condition is depicted in blue. Error bars on

both models represent +/- 1 confidence interval.
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Figure 6.4.

The B and ag as a function of participants’ unlogged age in years and condition
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Note. 6.4A. A figure showing inverse decision temperature in the stable condition plotted against
participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 6.4B. A figure
showing the variability in the inverse decision temperature within the stable condition plotted
against participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 6.4C. A
figure showing inverse decision temperature in the volatile condition plotted against participants’
unlogged age in years. Error bars represent +/- 1 standard deviation. 6.4D. A figure showing the
variability in the inverse decision temperature within the volatile condition plotted against

participants’ unlogged age in years. Error bars represent +/- 1 standard deviation.

The Influence of Age on the Difference in Learning Rate and Inverse Decision Temperature
Between the Two Conditions

To determine the extent to which participants’ @, g, B, or oz differed between the stable and
volatile conditions, the difference in learning rate (4da), the difference in the variability in learning
rate (4o, ), the difference in inverse decision temperature (4/3), and the difference in the variability

in their inverse decision temperature (4oz) were calculated. In the case of the Aa and the 4p,

162



higher values indicated that a participant showed a higher « or § in the volatile condition than in

the stable condition. Whereas, a higher 4, or Aoz demonstrate that the participant showed greater

variability in their @ or B in the volatile condition relative to the stable condition.

To verify that the difference in a, o,, 8, and a5 was of a sufficient magnitude to warrant
the planned regression analyses, four one-sample t-tests were conducted on the da (M= .2, SD=
99), 4o, (M= -.01, SD= .67), 4 (M= -.01, SD= .8), and Aoz (M= .04, SD= .11) values. It was
revealed that the da (t(303)= 3.57, p<.001, d= .97), the 40,(t(319)= -2.67, p= .01, d= .67), and
the volatile condition Agp (1(319)= 6.44, p<.001, d= .11) all significantly differed from zero.
Whereas, the 48, (1(319)=-.33, p=.74, d=.8) did not significantly differ from zero. For this reason,
the planned regression for the AS will not be performed. In addition, as the Aa is positive, it can
be interpreted that participants tended to have a higher learning rate in the volatile condition
relative to the stable condition. This provides further indication that the task was completed as

intended.

To investigate the influence of age on the 4a, the Ao, and the Aag, three separate stepwise
multiple linear regressions were conducted. In each regression, impulsivity and sex were entered
in an initial block as nuisance variables, and age was entered alone in a second block. It was
revealed that none of the predictor variables explained a significant proportion of the variation in
the Aa,, or the Aag (all p>.05). Whereas, a significant model was found for 4da, F(1,302)= 5.23,
p=.02. It was revealed that Aa was significantly predicted by age (8= .13, t= 2.29, p=.02), and
was not significantly predicted by impulsivity (8= -.06, t=-.1.08, p=.28). or sex (f=-.01, t=-.23,
p=.82). This suggests that as age increased, the difference in learning rate also increased. The
overall model fit was R? = .02 (SE= .96). Figure 6.5 shows the Aa plotted against a model of age,
impulsivity and sex. For visualisation purposes, see figure 6.6 for the Aa, Ag,, Ao plotted against

participants’ unlogged age in years.
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Figure 6.5.
The difference in learning rate between conditions plotted against a model of age, impulsivity and

Sex.
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Note. A figure showing the difference in learning rate between conditions plotted against a model

of age, impulsivity and sex. Error bars represent +/- 1 confidence interval.
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Figure 6.6.

The Aa, Aoy, Aoy as a function of participants’ unlogged age in years
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Note. 6.6A. A figure showing difference in learning rate between the two conditions plotted against
participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 6.6B. A figure
showing the difference in the variability in learning rate between the two conditions plotted against
participants’ unlogged age in years. Error bars represent +/- 1 standard deviation. 6.6C. A figure
showing the difference in the variability in the inverse decision temperature between the conditions

plotted against participants’ unlogged age in years. Error bars represent +/- 1 standard deviation.
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Discussion

The purpose of the present study was to determine the influence of age on young people’s ability
to update their forward model to an appropriate degree with respect to the volatility of the current
context. To achieve this goal, participants aged 14-24 completed 180 trials of an outcome learning
task. To briefly recap, participants selected between two prize boxes on each trial with the goal of
obtaining a points-based reward. In a stable condition, the probabilistic action-outcome
relationships remained fixed; one box always had a higher chance of delivering a reward. Whereas,
in a volatile condition, these action-outcome associations shifted between the two boxes every 20
trials. The extent to which a participant’s choices were guided more so by recent trial outcomes as
opposed to more antecedent outcomes was indexed separately for each condition via a learning
rate. The better the participant’s capacity to modify their behaviour according to the relative
volatility of the active action-outcome relationships, the greater the distance between their two
learning rates should be, with a higher learning rate employed in the volatile context relative to the

stable context (Browning et al., 2015).

The present study found that the degree to which individuals updated their forward model
in response to an observed action-outcome did not vary with age in either the stable or the volatile
context. This finding is inconsistent with both the first and second hypotheses of the current study
and the results of past literature (e.g., van den Bos et al., 2012; Eckstein et al., 2022; Jepma et al.,
2020), as it contradicts the idea that the tendency to employ a low learning rate within a stable
context and a high learning rate in a volatile context increases with age. Likewise, this also
contradicts the alternative notion proposed by Hauser et al. (2015) that adolescents are better
equipped to respond to unexpected action-outcomes than adults, resulting in a decline in the
volatile learning rate with age. Arguably, the current results could imply that the capacity to update
one’s forward model to the correct degree in response to an unexpected outcome is already present
from age 14. However, this notion is largely speculative given that the results were null and only
a linear change model was tested (see chapter 7 for a discussion on the limitations of fitting the

data to only one type of model).

The precise reason for the disparity between the current findings and those of past research

is unclear. This is particularly true, given that the two-forced choice probabilistic learning task
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employed in the current task was near identical to the tasks used in the majority past studies, with
similar stimuli, trial structure and task length (e.g., van den Bos et al., 2012; Hauser et al., 2015;
Eckstein et al., 2020). One potential explanation for the lack of significant effects in the current
study is that only 10% of the current sample were aged <18. In contrast, past studies have tended
to recruit an approximately equivalent number of adolescent and adult participants (e.g., van den
Bos etal., 2012; Hauser et al., 2015; Jepma et al., 2020). Therefore, the role of age as a determinant
in young people’s outcome learning skills may have been obscured by the homogeneity of the
current sample. In further support of this suggestion, the only other study to report no difference
in learning rate between adolescents and adults on a probabilistic learning task, also attributed their
results to a lack of age diversity amongst their participants (Javadi et al., 2014). Ergo, future
research with greater variation in participants’ ages is needed to verify the legitimacy of the current

results.

Whilst the current findings appear to suggest that adolescents and adults do not differ in
their ability to modify their learning rate to align with both stable and volatile contexts, the relative
magnitude to which they adapted their learning rate differently for each context was found to
increase with age. This finding aligns with the third hypothesis of the current study, as it implies
that the magnitude to which individuals can flexibly optimise their learning rate to each context
refines with age. Therefore, this suggests that, from adolescence to adulthood, subtle refinements
occur in individuals’ capacity to flexibly modify their forward model according to the current
environmental volatility. However, it should be noted that only a low proportion of the variance in
the difference in learning rate was explained by the final model (R? = .02). Hence, the current

results should be interpreted with caution.

In addition to the learning rate, participants’ inverse decision temperature was also
calculated for each condition in order to quantify their ability to maintain and utilise an accurate
conceptualisation of the current action-outcome associations. It was found that this did not vary
with age for either condition, nor between conditions. This finding is at least partially consistent
with past literature. For instance, Decker et al. (2016) argued that children tended to rely solely on
a simplistic stimulus-response strategy to guide their choices on a probabilistic learning task.

Whereas, from early adolescence, individuals tended to use knowledge of the underlying action-
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outcome structure to inform their decisions. This tendency was reported to then improve with age
from adolescence to adulthood. In agreement with the results of Decker et al. (2016), the current
findings appear to show that adolescents from age 14 onwards do possess the capacity to
understand the active action-outcome associations and use this to drive their choices. However,
given that these are null results, they should be interpreted with caution. Furthermore, in contrast
to the study reported by Decker et al. (2016), no age-related refinement was found. Speculatively,
it may be argued that this discrepancy may have occurred due to the noted lack of diversity in

participants’ ages, which may have obscured these subtle age-related changes.

Moving forward, future research should modify the combined Rescorla-Wagner and
softmax action selector model to account for age-related differences in the rate at which the
perceived reward probabilities for chosen and unchosen options are updated (Fischer & Ullsperger,
2013). The learning model used in the current study functioned under the assumption that all
participants use a counterfactual learning strategy. This means that their understanding of the
reward probabilities for both the chosen and unchosen boxes were updated simultaneously after
each trial (Boorman et al., 2011). However, past research has shown that, whilst adults do tend to
use this counterfactual learning strategy, adolescents’ choice behaviour is better explained by a
more basic model where only the reward probability of the chosen option is updated (Palminteri
et al., 2016). This would suggest that adults are better able to update all relevant action-outcome
associations in a given context than adolescents, and thereby, will possess a more accurate forward
model. Therefore, future research should test multiple potential learning models, in order to best
capture the true influence of age on individuals’ capacity to adapt their understanding of the causal

structure of their environment in light of new information.

Similarly, the combined Rescorla-Wagner and softmax action selector model should also
be modified to account for the idea that age has a differential effect on the rate at which individuals
learn from positive outcomes and negative outcomes (Ferdinand et al., 2016). Notably, the
evidence regarding the precise manner in which age and outcome valence interact remains mixed.
For instance, some learning studies have reported a shift towards greater emphasis on positive over
negative feedback to inform choice behaviour from adolescence to adulthood (e.g., van der Schaaf

et al., 2011; Hartley & Somerville, 2015), whilst others have argued the reverse to be true (e.g.,
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van Duijvenvoorde et al., 2008). This suggests that the precise manner in which age interacts with
outcome valence to influence the rate at which individuals can learn from past outcomes is unclear.
Unfortunately, learning model used in the current research did not differentiate between rewarded
and unrewarded outcomes. Ergo, future research is needed to elucidate the impact of outcome

valence on the ability to learn from past action experience at different ages.

To conclude, the purpose of the present study was to determine how young people’s ability
to update their forward model to an appropriate degree with respect to the volatility of the current
context changes with age. Although the ability to appropriately modify one’s learning rate to align
with both stable and volatile contexts was found to be age-invariant, the relative magnitude to
which one can adapt their learning rate differently for each context was found to improve with age.
This suggests that the capacity to update the forward model appropriately is present from early
adolescence, and refines with age. Notably, the lack of heterogeneity in participants’ ages and the
lack of differentiation between learning rates for chosen and unchosen, as well as reward and
unrewarded, outcomes should be acknowledged as potential confounds. Consequently, future
research should initially be concerned with evaluating whether the current findings can be

replicated once the current design has been amended to remove the influence of these factors.

169



Chapter 7: General Discussion

Chapter Summary

Chapter 7 provides a general discussion of the current research, beginning with a brief reiteration
of previous knowledge and the aims of the thesis. The major findings from the current studies will
then be outlined, in addition to their implications for the forward model development literature.
Next, the significance of the current findings to previous knowledge on the developmental
trajectory of SoA will be discussed. Following this, the general strengths and weaknesses of the
thesis will be explored. Avenues for future research will then be examined, before ending with the

final conclusion of the thesis.

Aims of the Thesis and Brief Reiteration of Previous Knowledge

The purpose of this thesis was to amend the noted absence of adolescents from prior SOA
development literature, and thus, determine the full trajectory at which the capacity to experience
a veridical SoA develops from childhood to adulthood. To recap, a SoA refers to an individual’s
awareness of their control over their voluntary actions and the sensory consequences of those
actions (Haggard & Chambon, 2012). It has been argued that a consensus regarding the manner in
which SoA matures from childhood to adulthood remains absent from prior literature (Choudhury
et al., 2007). Whilst some prior research has concluded that children demonstrate a reduced SoA
compared to adults (e.g., Cavazzana et al., 2014, 2017), these studies have tended to ignore
adolescents’ experience of agency. Indeed, only two prior studies have included adolescents within
their investigation of how SoA reaches an adult-like level of precision (Aytemdir et al., 2021;
Aytemir & Levita, 2021). When taken together, these two studies reported that adolescents have
a less precise SOA compared to both children (Aytemiir & Levita, 2021) and adults (Aytemr et
al., 2021; Aytemur & Levita, 2021). However, the fact that both studies employed a version of the
intentional binding effect to measure SoA (Aytemiir et al., 2021; Aytem(r & Levita, 2021) raises
concern over the legitimacy of their findings. This may be said as the legitimacy of this effect as a
pure SOA measure has been criticised within past literature (Suzuki et al., 2019). Hence, the precise

manner through which SoA matures from childhood to adulthood warranted further investigation.
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A SoA is believed to be produced via an internal computation through which the predicted and
observed consequences of self-authored actions are compared within a forward model (Haggard
& Chambon, 2012). On that basis, the proficiency of the forward model system was examined as
a proxy measure of agency in the current research. More specifically, the functionality of an
individual’s forward model system was interrogated via their ability to 1) accurately predict the
outcome of their action, and ii) update learned action-outcome knowledge in response to post-
action feedback; two skills indicative of a precise forward model. Similar to previous SoA
literature (e.g., Cavazzana et al., 2014, 2017), the majority of past studies have focused on
understanding how children and adults differ in their ability to predict action consequences (e.g.,
Franchak, 2019; Perchet & Garcia-Larrea, 2005) and adapt behaviour in response to sensory
feedback (e.g., Tahej et al., 2012; Scheerer et al., 2016). Conversely, few studies have directly
examined the manner in which the forward model system develops across adolescence (Quatman-
Yates et al., 2012; Barlaam et al. 2012; Dahl et al. 2018). Hence, the primary aims of the current
thesis were twofold:

1. Based on past literature (e.g., Van Gerven et al., 2016), the first goal of this thesis was to
test the idea that the ability to form accurate action-outcome predictions improves with age
from childhood to adulthood.

2. Inaddition, the second goal of this thesis was to evaluate the suggestion that the ability to
appropriately update learned action-outcome associations in light of post-action feedback
improves with age from childhood to adulthood, as suggested by past research (e.g., Master
et al., 2020).

By accomplishing these two initial goals, it was reasoned that the ultimate thesis aim could be

achieved:

3. To assess the assertion that SOA matures at a linear rate from childhood to adulthood, as
suggested by past child studies (e.g., Cavazzana et al., 2014; 2017) and neuroimaging
research (e.g., Blakemore et al., 2012), in light of the contradictory evidence presented by
Aytemir and Levita (2021).
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Summary of Major Findings and Their Implications for the Forward Model Development

Literature

Attention will now turn to discussing how the primary aims of the thesis were investigated within
each empirical chapter, the key findings that were obtained, and how these findings extend our
knowledge on how the functionality of the forward model system changes with age from childhood
to adulthood.

Summary of Chapter 3

Beginning with chapter 3, this chapter aimed to determine how sensorimotor continuation changes
with age across childhood, adolescence, and young adulthood. Sensorimotor continuation refers
to an individual’s ability to maintain a specified inter-response-interval when producing a series
of isochronous motor responses (McPherson et al., 2018). Sensorimotor continuation was
measured using a synchronisation-continuation task. Participants aged 4-25 years first made
keypresses in time with a series of isochronous tones played at either a high, medium or low
frequency. They then continued making keypresses at the same pace after the tones were removed.
To accurately and consistently replicate the set response pace, participants had to use their forward
model to predict the precise time at which to make their next response and correct any disparities
between their produced inter-response-interval and the target inter-response-interval (Maes, 2016).
Therefore, the greater the accuracy and consistency with which participants could maintain the
target response pace, the better their ability to both form veridical forward model predictions and
make appropriate updates to their forward model in light of tactile feedback from their keypress.

Hence, the results of this study answer both of the two primary aims of this thesis.

It has been argued that evidence on how sensorimotor continuation changes with age from
childhood to adulthood is limited within past literature. Only two prior studies have investigated
how this ability reaches adult-like maturity, both of which failed to reach a consensus. One study
argued that sensorimotor continuation improves with age from childhood to adulthood (McAuley
et al., 2006), whilst the other concluded that adolescents and adults do not differ in their
sensorimotor continuation skills (Witt & Stevens, 2013). Hence, the purpose of chapter 3 was to
resolve this discrepancy, and thereby, advance our current understanding of how sensorimotor

continuation develops with age from childhood to adulthood. In agreement with the conclusion
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drawn by McAuley et al. (2006), the current research found that the accuracy and consistency of
participants’ sensorimotor continuation improved with age from childhood to young adulthood.
Furthermore, this suggests that the accuracy and consistency of participants’ forward model
predictions and their ability to appropriately amend their action-outcome knowledge both refine
with age. However, it should be noted that the findings may have been confounded by interactions
between age and participants’ working memory capacity (Gomes et al., 1999), time perception
(Droit-Volet et al., 2007), and experience of music training (Thompson et al., 2015). Hence, future
research is needed to verify whether the current findings can be replicated after the impact of these

potential confounds upon the results has been controlled.

Summary of Chapter 4

Building on the results of chapter 3, the aim of chapter 4 was to examine, in isolation, how the
tendency to form forward model predictions changes with age from childhood to adulthood. This
was achieved by interrogating the influence of age on predictive motor timing in children,
adolescents and young adults. Predictive motor timing refers to the ability to manipulate the timing
of an intended action such that its occurrence aligns with the predicted onset of an imminent
stimulus (Tanaka et al., 2021). This ability was measured using a cued reaction time task.
Participants aged 4-25-years were first presented with an amber cue stimulus, followed by a target
green stimulus after a variable interval. Participants’ objective was to respond as soon as the target

stimulus became visible.

Crucially, participants could achieve the task objective by either making an anticipatory
response or a reactive response (Braver, 2012). Anticipatory responses required participants to use
their forward model to predict when to respond in order for their keypress to temporally align with
the onset time of the target stimulus. Whereas, reactive responses were triggered by the onset of
the target stimulus, and thus, required no internal action preparation via the forward model in
advance of the target stimulus’ arrival (Burnett Heyes et al., 2012). Notably, an anticipatory
response would achieve a faster reaction time relative to a reactive response, meaning that
anticipatory responses were more advantageous for the task objective. Hence, the higher the ratio

of anticipatory to reactive responses, and the faster and more consistent the rate of rise in
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participants’ anticipatory decision process, the greater their tendency to form forward model

predictions.

Previous literature has tended to focus on comparing the performance of children and
young adults on cued RT tasks (Iselin & DeCoster, 2009), often reporting that the latter
demonstrate greater anticipatory response behaviour than the former (Brown, 2019; Perchet &
Garcia-Larrea, 2005). Whilst these findings appear to suggest that predictive motor timing skills
improve from childhood to adulthood, it has been argued that further empirical investigation is
needed to verify this assertion (Debrabant et al., 2012). To that end, the current research found that
the tendency to make anticipatory responses over reactive responses increased with age from
childhood to adulthood. Greater age was also associated with a faster and more consistent rate of
rise in the anticipatory decision process towards the threshold required for action execution. These
results extend the findings of previous research (Brown, 2019; Perchet & Garcia-Larrea, 2005), as
they suggest that predictive motor timing refines with age from childhood to adulthood. These
findings are consistent with the results of both behavioural (Van Gerven et al., 2016) and
neuroimaging studies (Killikelly & Sziics, 2013), which have also reported that the ability to
prepare responses in advance of anticipated stimuli improves with age from childhood to
adulthood. Subsequently, in congruence with the results of chapter 3, the current findings suggest
that the ability to conceptualise the outcome of a planned action using a forward model refines

with age.

Although, it should be noted that, less than a third of the responses made were anticipatory
across participants, which is lower than documented in previous research (e.g., Brown, 2019). This
jeopardises the legitimacy of the results, as it suggests that an aspect of the current task artificially
deterred some participants from preparing anticipatory responses. The precise factor that caused
this low average rate of anticipatory response behaviour to occur is difficult to identify
retrospectively. Hence, future research is required to determine why this transpired and verify
whether the results of the current study can be replicated in scenarios where a higher average rate

of anticipatory responding is observed across participants.
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Summary of Chapter 5

To further extend the findings of chapter 4, the goal of chapter 5 was to establish how the ability
to use appropriate prior knowledge to guide forward model predictions changes with age from
childhood to adulthood. There are numerous instances in daily life where individuals must shift
flexibly between different tasks, each with their own relevant action-outcome associations. To
facilitate this, relevant prior knowledge must be combined with available context cues so that the
most appropriate action can be selected for the current task (Berniker & Kording, 2011). Switch
costs are often recorded as an indicator of an individual’s ability to switch between action-outcome
pairings as the contextual information changes between trials. Whereas, mixing costs provide an
index of an individual’s ability to maintain, and select between, different action-outcome
associations (Kray et al., 2008). In both instances, lower costs indicate a lower frequency of errors
made when switching or selecting between different action-outcome associations, and hence,

greater accuracy in one’s forward model predictions.

Thus far, past research has failed to achieve a consensus on how the ability to maintain,
and switch between, different action-outcome pairings changes from childhood to adulthood.
Previous studies have predominantly found that children demonstrate higher switch costs and
mixing costs than young adults on task-switching paradigms (e.g., Davidson et al., 2006; Kray et
al., 2004; Kray et al., 2008). However, only two previous studies have included adolescents within
their sample, both of which failed to find conclusive evidence to support the existence of an age-
related decline in either switch costs or mixing costs (Manzi et al., 2011; Reimers & Maylor, 2005).
To rectify this issue, the current research measured the switch costs and mixing costs accrued by
individuals aged 5-21 on a goal-switching task. During the task, participants switched between
two objectives: when green stimuli appeared, participants made pro-saccade responses; whereas,

red stimuli warranted anti-saccades.

In agreement with some previous studies (e.g., Davidson et al., 2006), it was found that
older age was associated with lower switch costs. Therefore, this suggests that the ability to
flexibly switch between relevant action-outcome associations develops with age from childhood
to adulthood. This result is also consistent with the idea that the ability to inhibit previously

relevant action-outcome associations improves with age from childhood through to adulthood
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(Diamond, 2013), in line with the maturation of the frontoparietal network (Marek & Dosenbach,
2022). Unfortunately, the impact of age on the ability to maintain, and select between, different
action-outcome mappings could not be examined due to the fact that low mixing costs were
obtained across participants. Additionally, confidence in the reliability of the current findings was
undermined by concerns regarding the spatial acuity of the eye-tracking software used to measure
saccades and the lack of age-diversity in the recruited sample. Therefore, future research is needed

to verify whether the similar findings can be obtained once these issues have been resolved.

Summary of Chapter 6

Complementary to chapters 4 and 5, the aim of chapter 6 was to investigate, in isolation, how the
ability to make appropriate updates to learned action-outcome knowledge in light of post-action
feedback changes with age from adolescence to adulthood. In order to maintain an up-to-date
understanding of the probabilistic associations between actions and their effects, the feedback
observed after an action must be incorporated into the individual’s prior estimate (Berniker &
Kording, 2011). Crucially, the rate at which these amendments are made to learned action-outcome
associations must be modulated according to the volatility of the current context (Gershman,
2015). To recap, the extent to which the prior is modified in response to an observed outcome can
be expressed as a learning rate (Hohwy, 2017). The higher the learning rate, the greater the
influence of recent outcomes on the prior, relative to the wider history of observed feedback
(Eckstein et al., 2022). In a relatively stable context, where probabilistic action-outcome
relationships remain fixed over time, it is optimal to possess a low learning rate (Behrens et al.,
2007). Whereas, in a more volatile context, where action-outcome associations are subject to
frequent change, a high learning rate is favourable (Browning et al., 2015). By examining an
individual’s ability to optimally modify their learning rate according to the volatility of current

context, it is possible to measure their capacity to make appropriate updates to their forward model.

Few past studies have investigated how the ability to adapt one’s learning rate to the
volatility of the current context develops from adolescence to adulthood (DePasque & Galvan
2017). Furthermore, whilst some studies have reported that adults tend to successfully employ a
lower learning rate than adolescents within stable contexts (van den Bos et al., 2012; Jepma et al.,

2020), the evidence in regard to the learning rates employed within volatile contexts appear to be

176



more mixed. Some studies have argued that adolescents use a higher learning rate than adults
within volatile contexts (Hauser et al., 2015). This suggests that observed outcomes trigger a larger
update in adolescents’ prior compared to that of adults, regardless of the current contextual
volatility. Opposingly, other studies have argued the converse to be true; adults were shown to
utilise a higher learning rate than adolescents (Eckstein et al., 2020). This suggests that the ability
to correctly deflate one’s learning rate in a stable context, and inflate one’s learning rate in a

volatile context improves with age across adolescence.

In order to resolve the noted discrepancies between the findings of past studies, current
research measured adolescents’ and young adults’ ability to update action-outcome knowledge via
an outcome learning task. In both a stable context and a volatile context, participants aged 14-24-
years selected between two boxes with the goal of finding a reward. In conflict with the results of
past literature (e.g., van den Bos et al., 2012; Eckstein et al., 2020; Hauser et al., 2015; Jepma et
al., 2020), it was found that learning rate did not vary with age in either the stable or the volatile
context. Whereas, the degree to which individuals adjusted their learning rate differently for the
stable context relative to the volatile context increased with age. On the one hand, when taken
together with the findings of chapter 3, the results appear to suggest that the capacity to flexibly
modify action-outcome knowledge largely develops from childhood to adolescence, with minor
refinements in this ability occurring from adolescence to adulthood. On the other hand, given that
only 10% of the current sample were aged less than 18-years-old, the null results obtained from
this study could indicate that the true impact of age on the variation in participants’ learning rate
in each context was obscured. Hence, future research is required to verify whether these results

can be replicated with a more age-diverse sample.

Conclusions Drawn Across the Empirical Chapters

Drawing across the four empirical chapters, the results from chapters 3, 4 and 5 demonstrate that
the ability to generate accurate action-outcome predictions improves with age from childhood to
young adulthood. More specifically, the findings show that both the rate at which individuals
engage in action-outcome prediction to guide their actions (chapter 4) and the quality of those
predictions (chapters 3 and 5) improves with age across this developmental period. Ergo, the

results obtained from all three chapters successfully address the first aim of the current thesis.
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Furthermore, these findings are consistent with past studies which have suggested that, as
individuals move from childhood to adulthood, they shift from responding reactively to perceived
stimuli to preparing responses proactively in anticipation of expected stimuli (Braver, 2012; Van
Gerven et al., 2016) as a result of maturation in the brain (Smith et al., 2011; Vijayakumar et al.,
2014). Moreover, the current findings support the idea that the efficiency at which individuals can
predict the consequences of planned actions via a forward model develops with age from childhood

through to adulthood.

Whilst the results from chapters 3, 4 and 5 were effective in addressing the first aim of this
thesis, the findings from chapters 3 and 6 were successful in responding to the second thesis goal.
This may be said as, collectively, the results demonstrate that the ability to appropriately update
learned action-outcome associations in light of post-action feedback improves with age from
childhood to young adulthood. More precisely, the findings indicate that the accuracy (chapter 3)
and magnitude (chapter 6) to which individuals can update action-outcome knowledge in response
to sensory feedback refines with age from childhood to adulthood. These findings are congruous
with previous learning studies which have shown that the proficiency with which individuals can
incorporate past outcome evidence into their prior estimate and use this knowledge to guide current
action improves from childhood to adulthood (Barash et al., 2019; Chambers et al., 2018; Master
et al., 2020). Overall, the current findings reinforce the notion that the ability to alter one’s
constructed forward model in light of new outcome evidence continues to develop from childhood

through to young adulthood.

Imperatively, as evident across the empirical chapters, the majority of past studies which
have contributed to our understanding of forward model development have tended to compare the
capabilities of children and adults (e.g., Perchet & Garcia-Larrea, 2005; Davidson et al., 2006).
Whereas, few prior studies have explicitly sought to establish a consensus regarding the trajectory
at which the functional efficiency of the forward model system progresses across childhood,
adolescence and young adulthood (Quatman-Yates et al., 2012; Barlaam et al. 2012; Dahl et al.
2018). In addition, prior studies which have included adolescents within their sample have tended
to report contradictory conclusions on how the ability to maintain and/or operationalise action-

outcome knowledge changes with age (e.g., Hauser et al., 2015 and Eckstein et al., 2020, as
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discussed in chapter 6). To that end, the findings presented within this thesis provide a crucial
contribution to the forward model development literature, as they advance our understanding of
the trajectory at which the forward model develops as individuals progress from childhood to
adolescence to young adulthood.

Implications of the Current Findings for SOA Development Literature

To briefly recap, a SoA is believed to emerge as the result of an internal computation occurring
within a forward model where the level of concordance between expected and observed action-
outcomes is evaluated (Haggard & Chambon, 2012). Subsequently, the accuracy with which an
individual can experience a SOA over an observed sensory event is believed to be dependent on
the precision of their forward model predictions (Asai, 2017). In turn, the veridicality of those
predictions is thought to be reliant on the individual’s ability to maintain an up-to-date
conceptualisation of the action-outcome contingencies relevant to the current context (Berniker &
Kording, 2011). Therefore, the quality of one’s SoA experience is underpinned by the functional
efficiency of their forward model. For this reason, the implications of the present results for current

knowledge of how a SoA develops from childhood to adulthood will now be discussed.

Overall, the findings presented throughout this thesis suggest that the precision of the
forward model improves with age as individuals move through childhood, adolescence, and young
adulthood. This implies that the accuracy with which an individual can experience a SOA over an
observed sensory event also improves with age across this period, thus fulfilling the ultimate goal
of the current thesis. These findings extend our current knowledge on how SoA matures from
childhood to adulthood. As noted previously, whilst there has been past evidence to suggest that
children experience a reduced SoA compared to adults (e.g., Cavazzana et al., 2014, 2017), these
studies failed to consider how the precision of one’s SoA might alter across adolescence. Only two
prior studies included adolescents within their investigation of how the quality of one’s agency
experience matures with age (Aytemur et al., 2021; Aytemir & Levita, 2021). Thus, the studies

presented in this thesis are successful in extending our past SOA development knowledge.

When compared directly with prior literature, it can be said that the current findings are
consistent with the results of Cavazzana et al. (2014, 2017), as they support the idea that adults
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demonstrate a more precise SOA over the consequences of their actions compared to children. The
current results also partially align with the findings reported by Aytemdr et al. (2021). In research
conducted by Aytemdir et al. (2021), it was concluded that mid-adolescents (13-14) had a less
precise SOA compared to adults (25-28), as they demonstrated a larger outcome binding effect,
and hence, were more likely to subconsciously attribute the occurrence of a tone delivered 450ms
after their keypress to themselves than adults. To recap, the outcome binding effect refers to a
phenomenon in which an individual judges a sensory event to have shifted temporally towards
their action. This effect is believed to only occur when the individual believes that their action
caused the event to transpire (Render & Jansen, 2021). Hence, the larger the outcome binding
effect, the greater the individual’s SoA over the observed event (Borhani et al., 2017). Therefore,
the result reported by Aytemir et al. (2021) is congruent with the overall conclusion of the current

research.

The current findings are also partly consistent with the results reported by Aytemdr and
Levita (2021). Consistent with the current results, Aytemir and Levita (2021) concluded that
adults demonstrate a greater SOA over self-produced sensory events than late-adolescents. This
suggests that SOA improves from late adolescence to adulthood. However, Aytemir and Levita
(2021) also reported that the magnitude of agency experienced declines from childhood to late-
adolescence, with children actually experiencing a SOA comparable to that of adults. Taken
together, both findings contradict the conclusion of the current thesis, as they suggest that, instead
of maturing in a linear fashion from childhood to adulthood, SoA follows a U-shaped

developmental trajectory, with a marked decrement in adolescence.

The noted discrepancy between the results acquired by Aytemir and Levita (2021) and
those obtained from the current research can be explained by differences in the way in which
participants’ capacity to experience a SoA was indexed. AytemUr and Levita (2021) proposed that
children in their study failed to achieve an initial feeling of control over the tone due to a lack of
precision in their ability to predict the outcome of their action. Consequently, they argued that
children formed a retrospective JoA regarding the causal association between their keypress and
the tone. As a brief reminder, a JOA refers to a higher-order, introspective belief regarding the most

likely cause of an observed outcome that is produced through a process of conscious reasoning
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(Desantis et al., 2011; Weiss et al., 2014). This JoA was then believed to have inflated the outcome
binding effect demonstrated by children relative to late adolescents (Aytemir & Levita, 2021). As
prediction skills improve with age, Aytemiir and Levita (2021) argued that child participants’
reliance on retrospective JOA cues when attributing causality over the tone diminished. This is
reported to have caused the decline in the outcome binding effect from childhood to late-
adolescence. Adults’ heightened outcome binding effect relative to adolescents’ levels of outcome
binding was then said to be indicative of adults’ superior accuracy in predicting the outcome of

their action.

In support of the explanation posited by Aytemir and Levita (2021) to account for their
results, it has previously been shown that, when an action is performed involuntarily, and thus, no
prediction of the most probable action outcome is available, the magnitude of the outcome binding
effect can be modulated by participants’ retrospective beliefs regarding their control over the tone
(Dogge et al., 2012). This suggests that the outcome binding effect can be driven by a JOA made
post-action when pre-action prediction cues are either unreliable or unavailable. In addition, it has
been argued that children tend to attribute observed events to their own actions when the true cause
of the event is ambiguous or probabilistic (Kushnir et al., 2009). Therefore, it is plausible that the
finding of an increased outcome binding effect in children relative to late adolescents resulted from
a greater tendency to rely on a retrospective JOA within childhood, in absence of the prediction

skills required to compute a reliable FoA.

The outcome binding measure used in research by Aytemir and Levita (2021) assessed the
extent to which participants attributed the occurrence of the tone to their own keypress. In contrast,
as the current research used the functional efficiency of the forward model system as a proxy
measure of agency, the degree to which participants felt control over their action-outcomes was
not directly interrogated. This suggests that, unlike the results obtained by Aytemir and Levita
(2021), the current findings could not be directly affected by participants’ retrospective agency
beliefs, as they were unrelated to the goal of each task. This explains the disparity between the
conclusions of this thesis and those reported in research by Aytemiur and Levita (2021).
Furthermore, both the results of research by Aytemiir and Levita (2021) and the current findings

suggest that an individual’s ability to predict the consequences of their actions improves from
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childhood to adulthood. Moreover, the current results make vital contribution to the SoA literature,
as they advance our understanding of how the precision at which a SoA can be experienced

develops with age across childhood, adolescence, and young adulthood.

General Strengths and Limitations of the Current Research

The current research possessed a number of strengths and limitations, each of which will now be

discussed.

General Strengths of the Current Research

To begin with the strengths, it may be argued that the tasks employed within the current research
demonstrate an effective means of assessing the capacity to compute a reliable FoA, in absence of
any contamination from one’s JoA. Prior to the current research, a FOA had predominantly been
indexed using the intentional binding effect in past studies (e.g., Haggard & Clark, 2003). To recap,
the intentional binding effect refers to a temporal compression which occurs between the perceived
timing of an action and its sensory effect when the effect is thought to be self-authored (Haggard,
2017). As noted previously within this chapter, it has been argued that the intentional binding
effect can also reflect an individual’s JoA over a sensory event in situations where outcome
predictions are unavailable (Aytemir & Levita, 2021; Dogge et al., 2012; Synofzik et al., 2008).
Therefore, this suggests that the intentional binding effect does not necessarily provide a reliable
means through which to record the FOA exclusively. Conversely, as the current tasks examine the
functionality of the cognitive model underlying the FOA, it may be argued that they offer a more
direct route to assess the quality with which an individual can experience a FOA. Future research
can then use any of the current tasks in tandem with a JoOA measure to track how the FoA and JoA

are utilised differently throughout development to achieve one’s action goals.

Aside from establishing an effective method of assessing an individual’s capacity to
experience a veridical FOA, the current research was also successful in contributing to current
knowledge regarding the feasibility of online behavioural experiments. For instance, as discussed
in chapter 5 and consistent with prior literature (e.g., Papoutsaki et al., 2018; Semmelmann &
Weigelt, 2018; Slim & Hartsuiker, 2022), the current research noted that WebGazer software

lacked the spatial and temporal acuity required to reliably record peak velocity and saccade
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duration online. This implies that the breadth of eye-tracking data that can be collected online is
narrower compared to lab-based studies where it is possible to measure these variables with higher
precision (Semmelmann & Weigelt, 2018). Similarly, it was also found that younger participants
were worse at maintaining their position in view of the webcam and holding their gaze at the centre
of the screen at the start of each trial than older participants. This suggests that the online eye-
tracking tasks do not provide a suitable means through which to collect saccade data from children.
Ergo, the current results provide a valuable insight into the viability of utilising online studies to

collect behavioural data.

General Limitations of the Current Research

Attention will now turn to exploring the limitations of the current research. Admittedly, although
the tasks described within this thesis were selected with the intention of exclusively measuring
either individuals’ ability to predict action-outcomes or their capacity to update action-outcome
knowledge, these processes do not operate independently of one another (Wolpert & Flanagan,
2001). Forward model predictions are believed to be produced by combining prior knowledge with
current contextual information via Bayes’ theorem (Faisal et al., 2008). Consequently, an
individual’s ability to generate accurate predictions is dependent on their capacity to maintain an
up-to-date conceptualisation of relevant action-outcome contingencies (Wolpert & Ghahramani,
2000). For instance, one could argue that, in order to form effective predictions regarding the most
likely onset of the green light within the cued RT task (chapter 4), participants needed to
incorporate the amber durations observed on past trials into their prior estimate (Burke &
Roodenrys, 2000; although see appendix C for evidence contrary to this idea). This would then
maximise the informativeness of the prior estimate, and thus, lead to the construction of an accurate
prediction. Therefore, this suggests that the success with which participants could execute an
anticipatory response was directly determined by their ability to learn from past action experience.
Ergo, it can be argued that the current findings cannot, definitively, be attributed to the

development of either the prediction or the updating process in isolation.
In the real world, action decisions are seldom made without reference to the relative

valence of the outcomes associated with each option (Zheng et al., 2015). Indeed, the win-stay and

lose-shift choice strategy has been well-documented in past literature (e.g., Worthy & Maddox,
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2014). Previous research has reported mixed evidence on how the ability to learn from positive
and negative outcomes changes with age. For instance, some studies have reported a shift towards
a greater influence of positive over negative feedback on subsequent choice behaviour from
childhood to adulthood (e.g., van der Schaaf et al., 2011; Hartley & Somerville, 2015), whilst
others have argued the reverse to be true (van Duijvenvoorde et al., 2008). This suggests that the
degree to which an individual can learn from an observed outcome is modulated by the interaction
between their age and the valence of the observed outcome. Unfortunately, the majority of the
present studies either failed to investigate the relative influence of past win or loss outcomes on
participants’ subsequent predictions (chapters 4-6) or failed to offer any feedback on participants’
prediction accuracy (chapter 3). Therefore, future research should evaluate the comparative effects
of positive and negative action-outcomes on participants’ forward model predictions and how they

might vary with age in order to achieve results with higher ecological validity.

The lack of variability in participants’ age across all four empirical studies must also be
acknowledged as a limitation of the current research. For instance, only 28% of the final sample
reported in chapter 3 were aged less than 18-years-old, with similar numbers seen for the other
three chapters (chapter 4: 40%; chapter 5: 18%; chapter 6: 10%). This consistent lack of younger
participants can, at least partly, be attributed to the government-imposed restrictions on face-to-
face teaching introduced in response to the Covid-19 pandemic. As all face-to-face teaching was
suspended for many months during 2020 (Brown & Kirk-Wade, 2021), this decreased the number
of opportunities available for recruiting child and adolescent participants via schools. Arguably,
this lack of variance in age suggests that the current results are unlikely to be representative of the
full developmental timecourse from early childhood to young adulthood. Thus, future research is
needed in order to identify whether these findings can be replicated using samples with greater age

variance.

Throughout this thesis, participants’ data was fit exclusively to linear regression models.
However, it is important to acknowledge that a linear pattern is only one of the possible trajectories
that forward model development might follow. By taking a solely linear approach to fitting the
data, the current research ignored the possibility that an alternative growth pattern, such as a

quadratic model as suggested by Aytemir and Levita (2021), might have been a more suitable fit
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for the data. Furthermore, to conclusively assess whether the forward model does develop at a
linear rate, future research should compare how well participants’ data fit to a linear model relative
to alternative types of development models, such as quadratic (follow a U-shaped trajectory),
phase-change (progress through a series of categorical stages), and sigmoid (undergo a period of
rapid growth prior to reaching a plateau). From this, it will then be possible to draw more concrete
conclusions on the true trajectory at which the forward model develops throughout childhood,

adolescence and young adulthood.

Avenues for Future Research

In addition to the calls for further research that have made throughout this chapter, there are further
avenues through which future studies could build upon the findings presented within this thesis,

some examples of which will now be outlined.

Evidently, the findings of this thesis revealed the causal impact of an individual’s age on
the precision of their forward model. Arguably, this age-related change can, in part, be attributed
to the maturational alterations that occur within the brain from childhood to young adulthood
(Blakemore et al., 2012; Zito et al., 2017). However, the role of motor experience on the precision
of the forward model should also be acknowledged. For example, as discussed in chapter 3, past
research has shown that years of music training was positively associated with participants’ ability
to synchronise their finger-taps with a series of tones (Thompson et al., 2015). Experience of
learning to play a musical instrument is believed to offer individuals with the opportunity to
practice predicting when beats will occur (Slater et al., 2018) and adjusting the timing of
movements according to auditory cues (Krause et al., 2010). This suggests that greater experience
in performing a specific action, or activity, can result in a more precise forward model that is

specific to that context.

Indeed, the relevance of motor experience to the accuracy of the forward model is also
evident outside of music training. Research by Kretch and Adolph (2012) showed that infants who
were experienced walkers were more likely to avoid crossing over a 90-degree cliff edge compared
to infants who had only recently begun to walk. This reinforces the idea that, the greater the extent

to which participants’ possess prior knowledge relevant to the situation (e.g.., walking), the more
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reliable their prior estimate, and hence, the more precise their outcome predictions (Hohwy, 2017).
Intuitively, older individuals will have had a greater timescale in which to practice performing
specific actions and activities compared to younger individuals. Hence, it seems plausible that the
observed age-related improvement in forward model precision was, in part, due to greater motor
experience amongst older participants. Therefore, future studies should aim to untangle the relative
influences of age and motor experience on forward model development. Doing so would provide
a more comprehensive account of how the forward model, and thereby one’s capacity for agency,

becomes more sophisticated from childhood to adulthood.

Alongside exploring the unique influences of age and motor experience on forward model
development, future research can also expand upon the current results by examining how the
forward model differs between neurotypical individuals and those with neurological conditions
that have been shown to struggle with agency. For instance, past studies have shown that adults
with Tourette Syndrome demonstrate a diminished SoA compared to neurotypical controls
(Zapparoli et al., 2020). Therefore, it can be reasoned that individuals with this condition also have
a less accurate forward model. In support of this idea, Kim et al. (2019b) reported that, when
making a series of reach-and-return movements, adults with Tourette Syndrome were less accurate
in adjusting the direction of their return movement to account for discrepancies between the
expected and actual endpoints of their initial reaching action in comparison to neurotypical
controls. This suggests that adults with Tourette Syndrome lack the ability to maintain an accurate
forward model. The current results then provide a crucial comparison point which future studies
can use to identify how the developmental trajectory of the forward model differs in individuals

with Tourette Syndrome relative to neurotypical individuals.

Final Conclusion

To conclude, the purpose of the current thesis was to rectify the noted absence of adolescents
within prior SoA development literature (e.g., Cavazzana et al., 2017), and thereby, determine the
full trajectory at which the capacity to experience a veridical SoA develops from childhood to
young adulthood. Given the relevance of the forward model system to the construction of a SOA
(Haggard & Chambon, 2012), this aim was achieved by evaluating the impact of age on the

functional efficiency of the forward model using four online behavioural tasks. Taken together,
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the current findings suggest that the precision of the forward model improves with age from
childhood to young adulthood. More specifically, the ability to form accurate action-outcome
predictions and the capacity to update learned action-outcome associations appropriately were both
found to mature with age. This implies that the extent to which an individual can experience a SOA
over a self-authored event improves with age across childhood, adolescence, and young adulthood.
In order to solidify these conclusions, future research is needed to identify whether these findings

can be replicated using samples with greater age variance.

Overall, the findings presented within this thesis make four key contributions to current
knowledge. First, the current results extend our understanding of the trajectory at which SoA
matures from childhood to adulthood, which has been understudied in past literature (Choudhury
et al., 2007). Second, the current findings improve our knowledge of how the precision of the
forward model changes with across this period, which has also been predominantly neglected in
past research (Dahl et al. 2018). Thirdly, the tasks presented in this thesis each provide a novel
alternative to intentional binding studies (e.g. Haggard & Clark, 2003) as a means through which
to assess an individual’s capacity to compute a reliable FoA. Finally, the current research provides
a valuable insight into the viability of utilising online studies to collect behavioural data. Future
research can build upon the findings presented within this thesis by exploring the relative

influences of age and motor experience to forward model development.
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Appendices

Appendix A.

Edinburgh Handedness Inventory — Short Form (EHI-SF)
The Edinburgh Handedness Inventory — Short Form (EHI-SF) is a 4-item self-report scale used to
measure participants’ hand preference (Veale, 2014). Participants respond by indicating on a 5-
point Likert scale which hand they most often use when performing various daily activities.
Example items include, “using a spoon” and “throwing a ball”. Participants recruited through a
high school, RPS, or social media completed the EHI-SF when providing their demographic
information via a survey hosted on Qualtrics. Whereas, participants recruited through SSM
completed the EHI-SF during the left-hand vs right-hand task (see appendix B). Hand preference

was recorded to provide additional detail about the demographics of the current sample.
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Appendix B.

The Left-Hand vs Right-Hand Task
The left-hand vs right-hand task was used to measure hand preference in participants aged 4-12
recruited via SSM. The task was designed using PsychoPy (Peirce, 2019) and ran online via
Pavlovia (Peirce, 2022). Stimuli consisted of five 340x340 pixel white circles. Each circle
contained one Likert scale response option from the EHI-SF, such as “usually left” and “usually
right”. At the beginning of the left-hand vs right-hand task, participants first saw a black
instructions screen with details about how to complete the task. On each trial, participants saw a
black screen with an item from the EHI-SF presented at the top of the screen. In the centre of the
screen, five circles were shown. Each circle contained one Likert scale response option from the
EHI-SF, such as “usually left” and “usually right”. To respond, participants clicked on the circle
that best reflected their experience. There was no time limit for responses. The left-hand vs right-

hand task took approximately 1-minute to complete.
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Appendix C.

Chapter 4b: Determining How the Ability to Learn From Past Action Experience Changes
With Age From Childhood to Adulthood

Chapter Summary

The aim of the present chapter was to determine how the ability to acquire goal-related information
from past action experience and use this to inform future actions changes with age from childhood
to adulthood. To achieve this aim, a Bayesian learning model was fitted to the data obtained via
the experiment outlined in chapter 4. This revealed the weight that participants’ tended to attribute
to an average estimate of all past amber light durations (i.e., the prior) relative to the amber light
duration shown on the most recent trial (i.e., the likelihood) when predicting the most probable
time at which the green light would onset, and therefore, when best to respond (i.e., the posterior).
In accordance with typical learning tasks (Jacobs & Kruschke, 2011; Yu & Dayan, 2004), it was
expected that the weight on prior would increase over time as a greater number of amber durations
were observed. Unfortunately, it was found that all participants failed to construct a reliable
representation of the prior. This suggests that either the cued RT task was not suitable for this type
of analysis, or the Bayesian learning model used was incorrect. Hence, the influence of age on the
weight attributed to the prior and the likelihood was not examined. Suggestions for why this may

have occurred are discussed.

Introduction

Chapter 4 demonstrated that the extent to which individuals’ ability to form predictions about the
most likely outcome of their intended action develops from childhood to adulthood. The aim of
the current chapter was to extend the findings of chapter 4 by examining the extent to which
sensory information gained from past iterations of a target action are used to inform subsequent
forward model predictions. As a brief reminder of the cued RT task described in chapter 4,
participants were instructed to click the screen in response to the onset of a green target stimulus.
The target stimulus was preceded by an amber cue stimulus, which remained onscreen for a
variable interval. Participants’ objective during the task was to minimise the temporal discrepancy

between the target stimulus’ onset and their response time.
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Evidently, in order to determine when best to respond on a given trial, the individual had
to estimate the most probable duration of the current amber cue. From a Bayesian perspective, this
prediction is formed by weighting an average estimate of all past cue durations (i.e., the prior)
against the cue duration observed on the most recent trial (i.e., the likelihood; Vilares & Kérding,
2011). Given that the cue duration was drawn from a Gaussian distribution, the prior estimate will
be more informative of the most probable cue duration on the next trial than the likelihood.
Subsequently, this suggests that on average, it is more advantageous to attribute greater weight to
the prior than to the likelihood on the cued RT task. Ergo, by estimating the average weight to
which the participant attributed to the prior and to the likelihood, it is possible to determine the

extent to which they updated their prior knowledge in response to past action experience.

As noted in chapter 1, past research has argued that the acuity with which children can
perceive the duration of sensory stimuli is inferior compared to that of adults (Zélanti & Droit-
Volet, 2012). Consequently, in order to resolve the uncertainty introduced by these noisy sensory
estimates, it has been suggested that children place greater weight on the prior relative to the
likelihood in comparison to adults (Hallez et al., 2019). Interval reproduction tasks are often cited
in support of this idea. For example, Karaminis et al. (2016) presented children aged 6-14 and
adults with a series of visual stimuli, each presented for a varying duration of time. In response to
each stimulus, participants were instructed to reproduce the duration of the stimulus by holding
down a computer key. The task was administered to both autistic and neurotypical participants.
However, when focusing purely on the results obtained for the neurotypical participants, it was
found that the extent to which produced durations regressed towards the average presented
duration decreased with age. This suggests that the tendency to overweight prior observations
relative to the most recent sensory information when estimating the temporal duration of a target

stimulus declines from childhood to adulthood.

In opposition to the idea that the weight attributed to the prior decreases with age, it may
be argued that this finding is dependent on the objective of the task. Crucially, in an interval
reproduction task, the participant’s goal is to produce a response duration equivalent to the duration
of the target stimulus (e.g., Gooch et al., 2010). Arguably, unless the target durations presented on

each trial are drawn from a Gaussian distribution, the average stimuli duration observed across
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past trials will not be informative of the target duration. Therefore, biasing one’s duration estimate
more towards the prior than the likelihood will result in worse performance. Notably, the stimuli
durations presented by Karaminis et al. (2016) were not drawn from a Gaussian distribution.
Hence, it may be argued that the results obtained by Karaminis et al. (2016) do not indicate that
children bias their posterior towards the prior to a greater extent than adults. Instead, the results
merely demonstrate that adults are better than children at reducing the weight on the prior in
situations for which it is advantageous to do so. In contrast, to perform well on a learning task
where past observations are informative of the target stimulus, such as the cued RT task described
in chapter 4, participants need to bias their posterior estimates more towards the prior than the
likelihood (Jacobs & Kruschke, 2011; Yu & Dayan, 2004).

Given that children have been suggested to lack precision in their sensory perception
relative to adults (Droit-Volet et al., 2007; Jensen & Neff, 1993; Zélanti & Droit-Volet, 2012), it
may be argued that the quality of the outcome information that they are able to incorporate into
their prior after executing an action will be poorer than that of adults. This suggests that the
reliability of the prior, and thereby, the weight attributed to the prior over the likelihood, should
increase with age from childhood to adulthood. Indeed, past literature has shown that children rely
more heavily on the most recently observed trial outcomes than adults on learning tasks (Barash
et al., 2019). For instance, Barash et al. (2019) instructed children, adolescents and adults to
complete a probabilistic learning task with two alternative choice options. It was found that the
extent to which participants’ made optimal Bayesian decisions, where the full history of past
outcomes were used to guide choice behaviour increased from childhood to adulthood. This
supports the idea of an age-related increase in the weight attributed to the prior relative to the
likelihood from childhood to adulthood.

In criticism of the results obtained by Barash et al. (2019), it should be noted that age was
indexed by separating child and adolescent participants into four categorical bins based on their
current year of education. Notably, progression through the school system does not necessarily
coincide with motor and cognitive development. Therefore, this may have obscured the true
manner at which the ability to learn from past actions changes with age. Hence, further

investigation is needed in order to evaluate the conclusion drawn by Barash et al. (2019).
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The Current Study

The purpose of the current study was to determine how the ability to integrate past action feedback
into the prior changes with age from childhood to adulthood. This would indicate how the capacity
to update the forward model after action execution matures across this period. To achieve this aim,
a Bayesian learning model was fitted to the data obtained via the experiment outlined in chapter
4. For each trial, the fitted model parameters revealed the weight that participants attributed to an
average estimate of all past cue durations (i.e., the prior) relative to the cue duration on the most
recent trial (i.e., the likelihood) when predicting the most probable time at which the target stimulus
would onset (i.e., the posterior). From this, the average weight on the prior and average weight on
the likelihood across trials were calculated. To test the findings of Barash et al. (2019) against the

contradictory results obtained by Karaminis et al. (2016), two hypotheses were formed:

1. It was hypothesised that the average weight on the prior would be predicted by age, with
older age associated with greater average weight on the prior.

2. It was also hypothesised that the average weight on the likelihood would be predicted by

age, with older age associated with lower average weight on the likelihood.

Method

Design

An independent measures design was used in the current study. The independent variables were
age, sex and impulsivity. The dependent variables were the average weights attributed to the prior
and the likelihood across trials. Both dependent variables provided an indication of participants’
ability to learn from visual cues presented across previous trials and use this knowledge to enhance

the timing of their next action.

Participants, Materials and Procedure
In the current study, data presented in chapter 4 was re-analysed from a Bayesian learning
perspective. Hence, details about the sample, materials, and procedure used to collect this data can

be viewed in chapter 4.
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Data Analysis

To determine the estimated weight that a participant placed on the prior evidence in comparison
to the likelihood evidence on each trial of the cued RT task, their RT a data was fitted to a Bayesian
learning model, as outlined by Shi et al. (2013; see equation C1). The notation, a;.,_, in equation
C1 refers to the prior evidence available to the participant on a given trial of the task. To clarify, x
indicates the current trial number. Hence, the prior evidence consists of the mean amber duration
across trials ranging from the first trial to the trial that occurred two trials before the current trial.
Furthermore, wp denotes the weight placed upon the prior evidence by the participant. Whereas,
wl refers to the weight that the participant placed upon on the likelihood evidence. When
combined, wp and wl must equal 1, as this signifies the participant’s full capacity for weighting
evidence when forming a decision on how best to respond. Therefore, the value of wl may be given
through 1-wp. The notation, a,_,, represents the likelihood evidence, which was the amber
duration on the previous trial. Finally, y represents the RTa value that is produced by the model.
Note, all amber duration values inputted into the model were first converted into logarithmic form,
in keeping with Shi et al. (2013).

Y= Wp*Gyyp +Wlra,

(C1)

The model outlined in equation C1 computed RTa values as the weighted combination of
the prior evidence and likelihood evidence available to the participant on the current trial. The
likelihood evidence referred to the amber duration observed on the previous trial. Past studies
which have applied similar Bayesian learning models have often used information available to the
participant on the current trial as the likelihood evidence (e.g., Chambers et al., 2018). This
information is usually available to the participant before they are prompted to respond. However,
on the cued RT task, the amber light is likely to still be present whilst the participant is actively
forming their decision of when to respond. Therefore, knowledge on the current trial’s amber light

duration is not necessarily available to the participant when a decision to respond is made. For this
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reason, the amber duration observed on the previous trial was used as the likelihood evidence in
this task, as this was the most recent amber light duration information available to the participant.
In contrast, prior evidence consisted of the mean amber duration across trials ranging from the first
trial to the trial that occurred two trials before the current trial. For instance, on trial 10, the
likelihood evidence would be the amber light duration observed on trial 9. Whereas, the prior
evidence would be an average of the amber light durations observed on trials 1 to 8. Both the prior
evidence and likelihood evidence are then multiplied by a weight, and summed to produce a

simulated RTa value.

Initially, the weight on the prior evidence was given an arbitrary value of 0.2 and the weight
on the likelihood evidence was set at 0.8. A simulated RTa value was then produced for each trial
via the model using these initial weight values. Beginning at the third trial, the participant’s
observed RTa values were then entered into the model one trial at a time. It was necessary to begin
at the third trial as there was insufficient prior evidence available to the participant before this
point in the task. For each trial, maximum likelihood estimation was used to adjust the weights on
the prior and the likelihood such that the sum of squared error between the observed and simulated
RTa values was minimised. Through this process, it was possible to obtain an estimate of the
weight that the participant placed on the prior evidence and the likelihood evidence on each trial
of the task (see figure C1 for an example). Following this, the mean weight on the prior and the
mean weight on the likelihood across trials were calculated in order to capture whether participants
tended to base their decisions more heavily on knowledge accumulated throughout the task or on

recently observed information.
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Figure C1.

An example of the weight on the prior plotted across trials
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Note. A figure showing the estimated weight on the prior plotted across all 100 trials for
participant 148. An estimated weight closer to 1 indicates that a greater proportion of the decision
weight was attributed to the prior than the likelihood. Whereas, an estimated weight closer to 0
demonstrates that the opposite is true; greater weight was awarded to the likelihood information

over the prior evidence.

In a learning task, one would expect the weight on the prior to increase at a variable rate as
the trials progress and a greater volume of prior evidence is accumulated (Yu & Dayan, 2004).
Contrary to this idea, the weight on the prior tended to oscillate between 0 (no weight on the prior)
and 1 (maximum weight on the prior) for all participants in the current study, as illustrated in figure
C1. This suggests that participants failed to construct a reliable representation of the prior whilst
completing the cued RT task. Hence, participants did not make consistent use of their prior across

trials. This suggests that the Bayesian learning model outlined in equation C1 was not suitable for
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the data obtained from the cued RT task. For this reason, the influence of age on the weight

attributed to the prior and the likelihood cannot be examined.

On the one hand, it can be argued that participants’ failure to construct a strong prior
indicates that learning about the average amber duration was simply not necessary in order to
perform well on the cued RT task; accurate predictions could be made using the likelihood
evidence alone. On the other hand, it may be the case that it was incorrect to define the likelihood
evidence as the amber duration presented on the most recent trial. Bayesian learning studies have
tended to conceptualise the most recent sensory information as part of the distribution of prior
evidence (Kording & Wolpert, 2006). This suggests that the model used in the current study failed
to capture the true prior and likelihood estimates used by participants. Moreover, both suggested

reasons for the current results are speculative and warrant further research.

Additionally, it may be queried as to whether participants’ assumptions regarding the speed
at which stimuli can be presented online contributed to the lack of reliability in their prior. Garaizar
et al. (2016) argued that individuals tend to expect larger delays in the presentation of expected
stimuli when a behavioural task is presented online as opposed to offline. Crucially, the task
instructions used in the current study did not explicitly state that the amber light duration was
variable. This suggests that participants may have discounted some of the longer amber light
durations as merely unintended delays in the time taken for their internet browser to present the
green light. This would have then depleted the reliability of their constructed prior as a genuine
estimate of the most probable amber light duration on the next trial. Future research is needed to
evaluate the proposed influence of participants’ beliefs about the precision of stimuli timing online

on their performance in online relative to offline learning tasks.

To briefly conclude, the aim of the current study was to establish how the ability to update
prior action knowledge in light of the sensory evidence gained from past experience changes with
age from childhood to adulthood. Unfortunately, it was not possible to achieve this aim as all
participants, regardless of age, failed to make consistent use of the information learned from past
experience. Therefore, future research is required to determine how the ability to update prior

action-outcome knowledge develops with age using an alternative learning task.
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Appendix D

Participant Frequency as a Function of Age (Chapter 5)

40
35
30
25

20

Frequency

15

10

o LM mm I =] =]

5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

Age (years)

Note. A figure showing the frequency of participants as a function of age in years.
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