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This study investigates the role of speed-accuracy trade-offs in visual search and foraging behaviour
using evidence accumulation models (EAMs). The research explores how individuals adjust their
response thresholds when making decisions under varying accuracy and speed constraints.
Participants completed a multi-patch foraging task, where they were instructed to prioritise either
speed or accuracy across different experimental blocks. Results revealed no dominant search
strategy, suggesting that performance was primarily driven by response conservativeness rather than
specific search patterns. Modelling using the Random Walk Drift Diffusion Model (RDDM) further
demonstrated that response thresholds remained relatively stable between conditions, indicating
that participants did not significantly adjust their speed-accuracy trade-offs as instructed. These
findings align with optimal foraging theory and the marginal value theorem, suggesting that
decision-making in search tasks is guided by a balance of efficiency and conservatism. However,
methodological limitations, including task instruction adherence, may have influenced the results.
Future research should examine inherent individual differences in speed-accuracy preferences across
diverse age groups to determine whether foraging behaviours are primarily influenced by cognitive
control mechanisms or task constraints.
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In everyday life we are often presented with scenarios where we must perform a certain visual search.
This can be something as simple as finding misplaced keys. Let us take the hypothetical scenario
where an individual has lost their car keys and is certain that they are misplaced within their house.
There are a multitude of ways in which the individual can search for their lost keys. For example, the
individual can begin their search in the living room, then the bedroom and end in the hallway.
Alternatively, they can search in the reverse order. In any case, the precise way in which the
individual decides to search for their lost car keys is defined as their search strategy. The more places
there are to search, the more complicated the search strategy becomes. In all these types of scenarios
with multiple locations to search, there is a point in time at which the individual will stop searching if
they have not found what they are looking for in their present location and go search another
location. In our present example, this represents the time at which the individual stops searching one
room of the house to go search another.

In the search scenario presented there are two main forces driving performance: (1) the search
strategy used and (2) the point in time at which the individual stops searching one location and
begins searching another. However, two questions remain: which search strategy should the
individual use and at what exact point in time should the individual go and search a different
location? Both these questions refer to optimality and how best to maximise performance. Expanding
the second point we can find the existence of a speed-accuracy trade-off. In the present scenario we
know that the longer the individual spends searching in one of the rooms in the house, the higher the
probability that they will correctly assess if the car keys are or are not in that room. However, we also
know that the individual will not indefinitely search that one room. They may decide to search
another room at some point in time, as per their search strategy or they may decide to stop searching
altogether. In either case, a certain amount of time spent searching corresponds with a certain
amount of accuracy. The individual must decide if they want to trade time for accuracy (search for a
short period of time but with little accuracy), or trade accuracy for time (search with higher accuracy
but for a longer period of time). It is by exploring this speed-accuracy trade-off in visual searches
that EAMs can provide insights into what is the main driving force behind performance in these tasks.
As EAMs can successfully and robustly predict performance driven by speed-accuracy trade-offs
(Brown & Heathcote, 2008; Donkin et al., 2009). Nevertheless, let us begin by exploring the question
of what search strategy ought to be used to maximise the chances of a forager attaining what they are
searching for.

Search strategies

Boot et al. (2009) observed the oculomotor differences in a series of visual search tasks: dynamic dot
detection task, an efficient search task (a tilted line among vertical lines), an inefficient search task (a
T among Ls) and a change blindness task in which participants searched for changes in driving
scenes. On these basic visual search tasks, the researchers found that in the absence of any response
feedback, participants’ visual search strategies converged across the different tasks. Boot et al.,
(2009) propose that these findings indicate that in the absence of response feedback providing
information on maladaptive search strategies, a default strategy is employed. Boot et al. (2009)
subsequently replicated this experiment with the same participants but provided response feedback
at the end of each trial. In this variation, findings showed that feedback did cause a divergence in
employed search strategies in participants across tasks. In the context of optimising the speed-
accuracy trade-off, when participants were made aware of the maladaptive search strategies they
were using through feedback, they attempted to identify strategies that better optimised
performance. In essence, participants began to train their search strategy to yield optimal speed-
accuracy trade-offs and thereby improve performance. However, this process of training largely
applies to inter-task and not intra-task differences. Although inter-task search strategies were found
to eventually converge in the presence of feedback, intra-task search strategies remained spread
across a range of overt and covert strategies. Therefore, during intra-task searches there was no
singular identifiable search strategy used by all participants.

For instance, Boot et al. (2006) presented participants with a simple visual search paradigm. In this
search task participants were shown a display containing 24 continuously moving dots. During some
trials a new dot appeared in the display and participants had to press a button when this occurred.
The results found a surprisingly large variation in accuracy, with some participants almost always
detecting the new dot and others missing 50% of the time or more. As the researchers went on to
argue, large variations in accuracies were determined by a large range of employed search strategies
by participants. However, from an EAM perspective, this would be expected. EAMs define response

91



Psychreg Journal of Psychology - Volume 9 - Issue 1 - 2025
Prince Kouamelan Kouassi

time tasks like a visual search task as having two broad features: inherent properties of the task (the
amount of information that can be derived from the stimuli) and participant-controlled properties
(response conservativeness). The participant-controlled properties of the task are assumed to
directly impact the response threshold value (response conservativeness) in EAMs and relate to a
participant’s attempt at adjusting their speed-accuracy trade-off. In a visual search task, search
strategies are set to optimise the underlying speed-accuracy trade-off. However, this does not imply
that only a single search strategy is capable of optimising the underlying trade-off. Instead, a set of
different search strategies may be capable of optimising the underlying trade-off. Consequently,
equal weight is given to the usage of any of the search strategies in this set. Therefore, a wide range of
covert and overt search strategies being used in a visual search task would be expected, as found in
Boot et al. (2006). The only relevant aspect is the amount of evidence required before deciding on a
particular response. This is explicitly different from search strategies that are primarily concerned
with searching patterns

From an EAM perspective the precise search strategy used during a visual search is dependent on and
reflects the underlying speed-accuracy trade-off. In the context of the results by Boot et al. (2006),
this would explain why even though there was a varied set of search strategies between participants,
their individual performances were largely similar. That is, although search strategies varied between
participants, the underlying speed-accuracy trade-offs may have been similar and it was this that
ultimately drove performance. For example Nowakowska et al. (2017) presented participants with a
compound search array divided into two sections and made up of line segments. The left side of the
visual array was heterogenous, such that the line segments were randomly orientated. The right half
of the visual array was homogeneous, such that line segments were largely orientated in the same
direction. The target stimulus was a line orientated 45 degrees to the right and was located on both
sides of the entire visual display. Using eye tracking to monitor saccade patterns, the researchers
found that even though participants could identify the target stimuli on the homogeneous side with
peripheral vision (as found in the pilot results), direct fixations on the stimuli were still being made.
The researchers argue that this sub-optimal search strategy resulted from participants trading speed
for a perceived (but not actual) gain in response certainty. In effect, participants’ speed-accuracy
trade-off setting determined their search strategy.

Results by Nowakowska et al. (2017) further highlight the EAM perspective that the most significant
indicator and driver of performance on a foraging task is how the speed-accuracy trade-off is set. The
researchers found that the dominant search strategy in the experiment involved more saccades
within a region of the visual display that corresponded with participants trading accuracy for speed.
In other words, participants’ response conservativeness for the homogeneous target remained
sufficiently high that more information regarding the target had to be gathered beyond that gathered
through peripheral vision (the optimal strategy). This resulted in a search strategy that largely
resembled the search strategy for the heterogenous target. However, questions remain as to whether
or not participants are attempting to optimise their speed-accuracy trade-off, if optimisation is even
possible and how an optimal trade-off can be identified.

Giving-up times and the marginal value theorem

Solutions to such problems have their background in empirical work relating to giving-up times
(GUTSs). During field observations of carrion crows by Croze (1970), it was found that crows spent a
constant amount of time foraging for and consuming foods in any given region. Only after a fixed
amount of time did crows leave the region to begin foraging in another region. Furthermore, the
observed crows moved onto another foraging region after some fixed amount of time, even if more
edible food sources were present in the region. Croze's (1970) observations led to the notion of GUTs,
that are defined as the time from finding a food item to abandoning the food item. The forager’s aim
is to maximise the average amount of food consumed over a series of N patches, assuming that each
patch has diminishing returns. Food consumption here is the reward index for the foraging carrion
crow and functions as a unit of measurement for the task’s reward. A variety of reward indexes can be
selected and primarily depend on what the reward for performing a particular task is (Starns &
Ratcliff, 2010). Generalising from this, GUTSs can be seen as the total amount of time that should be
spent actively performing a relevant task in order to maximise performance and subsequently the
reward (Lima, 1977; Pyke et al., 1977). In relation to the example at the start of this chapter, GUTs
represent the total amount of time the individual should spend searching one of the rooms in their
house for the lost keys before searching another room. The probability of finding the lost car keys is
the reward index.
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GUTs were first formalised through the marginal value theorem (MVT) by Charnov (1976). The MVT
states that there exists an optimal amount of time that an animal should spend foraging for a
resource in a region that diminishes over time. This predefined time is optimal because giving-up
before or after this point does not maximise average returns across a series of similar tasks with
diminishing returns. Therefore, the MVT provides a solution to the question: how long should one
spend on each individual task with diminishing returns, in order to maximise average returns over a
series of similar tasks? The MVT states that the answer is given by the amount of time that
corresponds with when the instantaneous rate of reward equals the average rate of reward for any
given patch searched, t*. Generalising from the MVT, when the average reward over time spent
acquiring the reward is equal to the rate of change of this average, an optimal decision strategy is
identified for the relevant task. In other words, this strategy is the GUT. Before this point, the average
return over a series of tasks per unit of time spent acquiring the return is sub-maximal. Therefore, to
maximise average returns while minimising costs associated with doing so, one must stop (give-up)
the task they are performing at time = t+. The MVT thereby provides a precise answer to the question
of at what point in time a different location should be searched. (Green, 1984). Furthermore, GUT's
and the MVT constitute a larger body of literature on optimal foraging theory (OFT), that asserts that
foraging behaviour is primarily driving by the optimisation or sub-optimisation of GUTs explicitly
and not search strategies.

Optimal Foraging Theory

OFT is an extension of the initial empirical field work conducted by Croze (1970); Smith and Dawkins
(1971); Charnov (1976) and others. Overall, OFT is a theoretical framework that aims to show how
animals forage in a way that optimises performance (Kamil, 1983; Smith & Dawkins, 1971). Animals
seek to maximise their reward index while minimising the costs associated with doing so, in order to
maximise overall returns (Engen & Stenseth, 1984). This amounts to optimising the associated
speed-accuracy trade-off. Animals seek to maximise their accuracy on the task, while minimising the
amount of time spent performing the task. This is similar to the previously discussed MVT, where the
derived optimal decision strategy, t+, maximises returns while minimising costs associated with
doing so. The identified optimal search strategy for a task is defined as the optimal decision rule in
OFT and can be derived through the MVT, for example (Krebs et al., 1978; Pyke, 1984). Essentially, all
optimal decision rules are optimal decision strategies, in that they maximise some desired return
while minimising costs associated with doing so (Engen & Stenseth, 1984; McNamara & Houston,
1985). However, more recent experimental results have emerged demonstrating that humans also
seem to abide by such optimal decision rules. Moreover, these findings are most apparent in the
domain of perceptuo-motor and perceptual decision-making.

Optimal human decision-making

Cain et al. (2011) assessed whether the direct principles of OFT are applicable to human participants in
visual search tasks. Cain et al. (2011) presented three groups of participants with a visual search task
in which they had to identify a geometric T-shape among several distractor stimuli. Within each trial,
40 items were shown, made up of a mixture of both target and distractor stimuli, with 012 of the
stimuli being targets on each trial. Participants could choose when to stop searching for targets and
move onto the next trial. Each group contained different proportions of trials within which targets
could be found. On each of the three groups, 25%, 50% and 75% of the trials contained targets
respectively. However, as the proportion of trials with targets increased, the number of displayed
targets to be found decreased on those trials. Participants were assumed to maximise the number of
targets found, T. A variant of the MVT was used to derive participants’ GUTSs, t*. The MVT states that
once the rate of return for the current location is equal to the rate of return for the environment, the
animal (or individual) should abandon the task at hand in the current location. After such a point,
they should then move onto the next location in the same environment. Given that participants could
choose to end a trial when they saw fit, they could therefore choose when to stop searching for targets
at their discretion. As such, given the MVT and assuming participants use optimal decision strategies,
participants should stop searching for targets on a given trial once I' for that trial is maximal.

Cain et al. (2011) found that within the 50% condition participants performed near optimally, in that
they were able to nearly maximise I'. That is, participants stopped searching for targets and moved
onto the next trial when the rate of return for the current trial was equal, or near equal to the rate of
return for the experiment. However, participants in the 25% and 75% condition had relatively
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suboptimal performance, due to them not adjusting their responses according to target distributions.
These results demonstrate mixed support for applying the MVT to the domain of human visual
searches. However, even though this study does lend some support to the feasibility of applying the
MVT to human visual searches, there is little further literature to support these findings. Not much
literature exists on the use of the MVT by human decision-makers. As previously discussed, GUTs and
the MVT relate to speed-accuracy trade-off optimisation. Consequently, it is not clear if the
performance of human decision-makers is explicitly driven by the optimisation of their speed-
accuracy trade-off in visual searches. However, other researchers have found evidence for a more
general use of trade-off optimisation in human decision-makers.

For example, Navalpakkam et al. (2010) presented participants with a maximisation problem.
Participants were presented with a series of stimuli with several distractors and two targets whose
value and saliency were systematically varied. Participants were then instructed to identify the target
stimuli as rapidly as possibly on each trial. Navalpakkam et al. (2010) wanted to assess how
participants combined stimulus information to maximise the expected reward on each trial. Results
showed that participants behave according to an ideal Bayesian observer who combines both (value
and saliency) factors of the stimuli, to maximise the expected reward on each trial. As such,
participants’ RTs for stimulus recognition were optimal or near optimal for maximising expected
rewards. In conjunction with OFT, this demonstrates the successful application of the optimal
decision rule in the human-perceptual domain and therefore the successful optimisation of the
speed-accuracy trade-off.

Similarly, Navalpakkam et al. (2009) tasked participants with searching and identifying as rapidly as
possible the presence of a target object in a cluttered scene containing several distractor stimuli.
Participants were rewarded according to task performance. Results showed that a significant
proportion of participants displayed optimal or near optimal decision-making strategies.
Specifically, participants’ search patterns and RTs per trial were near optimal. Consequently,
participants’ expected rewards per trial were at or near their theoretical optimum. Similar findings
were observed in a variant of the experiment involving perceptual and perceptuo-motor decision-
making tasks (Trommershauser et al., 2004; Whiteley & Sahani, 2008).

These findings support the argument that human-decision makers are capable of finding
theoretically optimal speed-accuracy trade-offs in visual search tasks. It appears as though human
decision-makers are able to optimise their speed-accuracy trade-off in visual search tasks. However,
it is currently unclear as to what precise features of the stimuli or the participant are controlling the
setting of the speed-accuracy trade-off. Results by Nowakowska et al. (2017) suggest that trade-off
manipulation was under the direction of participants seeking getter accuracy by increasing response
conservativeness. However, research by Bogacz et al. (2006) provided an analysis of optimal
decision-making behaviour in two-alternative forced-choice (TAFC) tasks using an EAM, to
determine if the rate of information processing was critical to maximising a reward index. Bogacz et
al. (2006) elaborated on the Pure Drift Diffusion EAM (pDDM) and its relation to decision-making in
TAFC tasks. Like all EAMs, the pDDM assumes that individuals accumulate evidence in support of
choosing one of two choice alternatives over a period of time. The choice that is the first to receive
enough evidence to satisfy the response threshold is the response that will be chosen.

Bogacz et al. (2006) further investigated how the reward index for a given TAFC task trial would vary
as a function of A: the rate at which information is gathered about the stimuli, called drift rate.
Results showed that reward rates depended on drift rate non-linearly. The stimulus presented on
each trial for the TAFC task gives no information if A = 0. In this case, the optimal decision strategy is
to make a response immediately, as prolonging response times will yield no greater information from
the stimulus. As the drift rate increases and more information becomes available, it becomes more
advantageous to integrate this information to decide when to respond. In this instance, longer
response times would be of greater benefit, as they would provide more relevant information to
increase the probability of making a correct response. However, as the drift rate increases it becomes
more probable that the information gathered is contaminated. This is because higher drift rates result
in more information about the stimuli being gathered and processed. Although this gathered
information is in favour of one of the two task responses, the increase in the total volume of
information gathered can overload the processing system and lead to errors in understanding all this
information and relating it together. Therefore, RTs at this stage or beyond decrease the probability
of a correct response and therefore overall returns. Refer to Figure 1 below for an illustration of how
the reward index varies according to drift rate.
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Figure 1
The curve shows the non-linear relationship between the arbitrarily scaled variables of reward rate and changes in drift A.
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This non-linear relationship has also been observed between mean reward and participants' RTs on a
task. For instance, Jarvstad et al. (2012) tested an experimental paradigm that captured individuals'
ability to behave optimally in simple decision-making tasks. Jarvstad et al. (2012) investigated
whether a perception-cognition gap could be observed in timing decisions. That is, whether the
optimal decision strategies used by participants mainly in lower level perceptual -motor tasks and not
higher-level cognitive tasks applies to timed decisions. The researchers used a two-stage
experimental paradigm that allowed them to assess how the relationship between accuracy and time
affects overall task reward. To do this, two consecutive experimental stages were used: the
assessment and decision-making stage. On each trial of the assessment stage participants were
presented with a descriptive scenario such as a hunter is tracking prey through a forest. In his path
lies a pond. Would it take him longer to pass the pond by going to the left or to the right? All presented
scenarios were altered versions of this original scenario and all had two outcomes: success or failure
in choosing the right path. During this stage participants were imposed six different RT windows in
which they could give a response. Varying sequences of tones were used to indicate to participants the
length of the time window in which a response has to be given. Results showed that during this stage
of the experiment, accuracy on the task varied as a function of participants' RT. That is, the more
time participants spent on the task, the greater the probability of them giving a correct response.
However, beyond a certain amount of time, more time spent assessing the task did not increase
accuracy. This is illustrated by a sigmoidal function of accuracy against RT, see Figure 2 below.
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Figure 2
The relationship between RT and accuracy
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During the decision-making stage participants had a fixed time window in which to complete as
many individual trials of a mental arithmetic task as they saw fit. Consequently, quicker response
times yielded more trials during this stage. During each trial of this stage of the experiment,
participants were shown two positive integers. Both integers were chosen so as to sum up to an
integer within the range of 90-110, excluding 100. On each trial participants were tasked with
determining as rapidly as possible, whether the two integers summed up to less or more than 100.
Furthermore, a neutral reward structure was used for a correct response on a trial (reward = +1 point)
and an incorrect response on a trial (penalty = —1 point). Overall rewards were then multiplied by the
participants’ overall performance during the second stage of the experiment. Jarvstad et al. (2012)
then determined how well participants performed on the task for a given RT: efficiency function.
Refer to Figure 3 below. The efficiency function for each participant was derived by taking into
account the participant’s time-accuracy function (Figure 2) and the reward structure for each trial.

Jarvstad et al. (2012) further examined whether participants' choices related to their efficiency
functions (Figure 3). As efficiency functions are a method of determining which response time for a
given participant maximises expected returns for the experiment, they can be used to identify
optimal decision strategies. In other words, the researchers attempted to assess if participants were
able to optimise their speed-accuracy trade-offs when different components of the trade-off were
emphasised. Results showed that the majority of participants had used optimal or near optimal
decision strategies. That is, participants were largely able to identify average RTs during the
decision-making stage which maximised their expected returns per trial and therefore overall
returns. This can equally be interpreted in terms of participants applying the MVT. Participants gave
responses at specific times on each trial when the average rate of reward for that trial at a given
response time equalled the rate of reward for the entire task. What these results reveal is that tasks
involving a speed-accuracy trade-off have instances where performance can coincide with more
optimal trade-offs. From an EAM perspective, the optimisation of this trade-off assumed to control
task performance should also coincide with increased performance.

Figure 3

The overall task performance for a given participant varies with response time. The red star indicates the response time
associated with optimising overall performance on average.
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In the context of foraging behaviour, a comprehensive EAM perspective provides a detailed account of
performance drivers while providing tractable parameters. The perspective assumes that
performance on foraging tasks is driven explicitly by changes in the speed-accuracy trade-off.
Performance is not driven by changes in search strategy. Furthermore, increased performance should
coincide with more optimal speed-accuracy trade-offs. These assumptions are testable EAM
predictions and the main objective of this chapter. In order to assess this, I presented participants
with a multi-patch foraging task. Participants were instructed to perform the task in two parts:
during the first part of the experiment participants had to focus on accuracy and in the second part
participants had to focus on speed. The aim was to produce a paradigm that allowed for a clear
distinction in behaviour between the two parts of the speed-accuracy trade-off. The changes in
participants’ behaviour could then be studied in relation to the various EAM features. That is, if the
EAM response threshold parameter drives the speed-accuracy trade-off in this task, changes in this
parameter should be represented in accuracy and RT performance as participants focus on different
aspects of the trade-off. Furthermore, if the task is based on an intra-task design with response
feedback, regardless of the trade-off, there ought to be no dominate search strategy (Boot et al.,
2006). In which case, changes in the underlying speed-accuracy trade-off should be more clearly
reflected in performance. To clarify, the hypothesis is that performance on the foraging task will be
driven by explicit changes in the speed-accuracy trade-off and not by search strategies.

METHOD
Participants

In total, 6 participants were recruited to take part in the experiment. The participants were recruited
from the online participation platform Prolific and were paid approximately £15 each for their
participation. A total of 6 participants were recruit, as preliminary analyses revealed that the
experimental paradigm had fundamentally failed to functioned as intended and therefore did not
merit further data collection. This is further discussed later in the chapter.

Design and procedure
The experiment was based on a within participants design with three factors: the number of foraging

patches in a trial (V1), location of the target acorn (V2) and the speed-accuracy focus of the block. Vi
had three levels: single patch, three patch and five patch trials. V2 had two levels: absent or present in
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single patch trials and one of three or five locations in multi-patch trials. V3 had two levels: at the
start of the block participants were asked to either focus on responding as quickly or as accurately as
possible. All factors were measured for their effect on search strategy, the amount of time
participants spent searching the different patches and accuracy.

All trials commence with each foraging location identified by a 200px x 200px image of a tree. To
begin foraging, participants must move their cursor over the image of the tree. This will then reveal a
4x6 grid of 25px x 25px multi-coloured leaves. If participants move the cursor beyond the boarder of
the initial tree image, the grid of leaves image will be replaced by the tree image. On single patch trials
participants are presented with a single image of a tree, refer to Figure 4 A and B. Participants must
then identify whether or not there is a 25px x 25px image of an acorn amongst the leaves, refer to
Figure 4 C. Participants indicated their response by either clicking the “Present” or “Absent” button
onscreen. For three and five patch trials, foraging patches are presented in an evenly spaced semi-
circular configuration, refer to Figure 4 D and E. For three and five patch trials, an acorn is always
present in one of the foraging patches. For these trials participants provide a response by clicking the
button onscreen containing the same label as the foraging patch they believe to contain the acorn.
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Figure 4
A) single patch trial; B) single patch trial revealing the hidden grid of leaves image with a low opacity level; C) enlarged
image of the target acorn; D) three patch trial; E) five patch trial

A

The experiment was presented in a fixed sequence of three consecutive blocks. The first block
included the calibration stage of the experiment. During this block participants were shown an
indefinite number of trials containing a single foraging patch and given 4 seconds to provide a
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response before the trial ended. The initial calibration block trial had both the image of the tree and
the underlying grid of leaves image displayed with maximum opacity: opacity was initialised at 1 and
had a range of 1—0 (1 = completely opaque, 0 = fully transparent). If participants provided an incorrect
response, the opacity of the underlying grid of leaves image and the acorn was increased by 0.1. If
participants provided a correct response, the opacity of the underlying grid of leaves image and the
acorn was decreased by 0.1. If participants took more than 4 seconds to respond in a trial, an incorrect
response was recorded and opacity increased by 0.1. If the current opacity level reached blow 0.5 and
participants provided three separate responses on consecutive trials identified as incorrect-correct-
incorrect, the calibration block ended and the opacity value of the underlying grid of leaves and acorn
image for the remainder of the experiment was set to the value of the last calibration trial.

In the subsequent first experimental block, 15 single patch trials were shown with an acorn present
and 15 trials with an acorn absent. Each foraging location on three patch trials was shown 10 times
with the acorn present. Each foraging location on five patch trials was shown six times with the acorn
present. This yielded 30 single patch trials, 30 three patch trials and 30 five patch trials, with a total of
90 trials for the first experimental block. This block, along with the second experimental block had no
response time constraints. Single, three and five patch trials were randomly presented. During this
block of trials participants were instructed to respond as accurately as possible. The second
experimental block was identical to the first experimental block. During this block of trials
participants were instructed to respond as quickly as possible. Participants were also shown their RT
after each trial. Therefore, the experiment had 180 trials in total.

RESULTS
Experimental results

The results show that for all participants no singular search strategy dominated. A strategy is defined
as the order in which a search is performed. In relation to the present task, this corresponds to the
order in which the different patches were searched: e.g., A then B and then C, and A again. It is
important for the reader to note that on three and five patch trials there were an infinite number of
ways for participants to search the different patches in respect to order and duration. Specifically, the
number of times the most used search strategy was used as a proportion of the total number of times
all the different search strategies were used across each block and trial type was never greater than
50% for each Participant. Please refer to Table 5.1 below. This indicates that the most used search
strategy was used relatively infrequently. As such, these results appear to confirm that participants’
foraging behaviour was not explicitly driven by a specific search strategy.

Table 1
Percentage distribution by patch type and block (no 1-patch condition)

Participant Block 1 - 3 Patch Block 1 -5 Patch Block 2 — 3 Patch Block 2 - 5 Patch
1 10% 10% 23% 20%
2 13% 13% 16% 10%
3 27% 20% 24% 13%
4 23% 17% 14% 13%
5 17% 10% 23% 14%
6 30% 17% 30% 20%

Table 2 below shows summary statistics for STs for all participants across the different trial
conditions.

Table 2
Response times (in seconds) by participant, patch type, and block
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Participant Block 1 -1 Patch Block 1 -3 Patch Block 1 -5 Patch Block 2 -1 Patch Block 2 —3 Patch Block 2 -5 Patch

1 2.15s 8.02s 10.46s 1.59s 4.41s 6.70s
2 3.19s 7.22s 7.91s 2.89s 8.38s 8.17s
3 2.93s 6.97s 7.76s 1.97s 8.04s 7.78s
4 2.41s 5.71s 10.39s 2.27s 7.94s 7.11s
5 2.87s 10.48s 8.38s 2.04s 5.17s 8.91s
6 2.62s 8.38s 9.11s 2.51s 9.65s 10.60s

Table 3 shows summary statistics for accuracy rates for all participants across the different trial
conditions.

Table 5.3.
Accuracy rates for all three trial types across the two blocks for each participant

Participant Block 1 -1 Patch Block 1 -3 Patch Block 1 -5 Patch Block 2 —1 Patch Block 2 — 3 Patch Block 2 -5 Patch

1 70% 77% 77% 80% 77% 60%
2 70% 87% 53% 87% 77% 70%
3 80% 97% 80% 90% 90% 53%
4 73% 60% 37% 63% 63% 37%
5 100% 77% 80% 100% 97% 77%
6 93% 97% 97% 93% 100% 100%

Next, we wanted to assess whether instructing participants to emphasise different parts of the speed -
accuracy trade-off in the different blocks produced observable differences in STs and accuracy. As the
data was not normally distributed we performed a 2(block) x 3(trial types) Friedman Test to
determine if there was a significant difference in STs across trial types between blocks. The results
showed that there was a non-significant effect of trial type and block on overall STs. We additionally
performed a 2(block) x 3(trial types) Friedman Test to assess if there was a significant difference in
overall accuracy across trial types between blocks. The results showed that there was a non-
significant effect of trial type and block on accuracy. Methodologically, results suggest that the
experimental paradigm failed to produce the desired behavioural results. Specifically, there was no
evidence confirming the expectation that participants would emphasise accuracy over speed in block
1 and speed over accuracy in block 2. Furthermore, the inferential analyses show no significant
difference in behavioural responses between blocks.

I believe that the lack of a significant difference in STs between three and five patch trials may be due
to a lack of clarity in the initial instructions for the experiment. As discussed later in the chapter, it
became clear that participants were not following the instructions and just followed idiosyncratic
aspects of a speed-accuracy trade-off. That is, participants were instructed to emphasize speed in the
first block and accuracy in the second block. Instead, the results indicate that participants were using
a uniform and non-specific strategy throughout the experiment. As participants were not following
the task instructions, individual participants may have fixed their speed-accuracy trade-off across
trial types and blocks (i.e., followed an idiosyncratic strategy), resulting in similar performance
across trials and blocks.

At this stage it became clear that the averaged dataset was not producing the desired behavioural
responses. Therefore, I wanted to assess whether the behavioural responses for each participant in
each block reflected a difference in the underlying information processing architecture, that possibly
resulted in similar behavioural responses in both blocks. It may be the case that although the
observed behavioural responses were not significantly different across the blocks, they may be
significantly different in terms of the underlying parameters used in the information processing of
the stimuli in each block. In order to assess this, an individual level modelling approach was used
given the small size of the dataset.

Modelling results
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The present experimental results indicated that the current experimental paradigm did not merit the
collection of additional data. This resulted in a relatively small dataset that provided insufficient data
to produce satisfactory model fits to the data for standard EAM fitting procedures. Additionally, a
closed form expression for the likelihoods could not be derived. Therefore, standard model fitting
procedures were not applicable to our dataset. The subsequently defined model was therefore fitted to
the data by estimating parameter values for the model that would produce datasets that most closely
resembled the real data.

An EAM was used to access the underlying information processing architecture of the present task.
This was because EAM parameters easily capture the speed-accuracy trade-off of tasks and require
relatively less computational power to do so. The precise model used was the Random Walk Drift
Diffusion Model (RDDM). The drift diffusion model belongs to the same class of models as the
previously discussed LBA model in the previous chapter. The primary difference between the two
models is that the trajectory for the evidence accumulator is not linear, as it is in the LBA model.
Instead, the evidence accumulator alternates its trajectory between two separately defined response
thresholds in a random manner, until the accumulator reaches one of the two response thresholds to
trigger a response. As the response thresholds are separately defined in a RDDM, they better facilitate
computational modelling where the goal is to separately manipulate two response thresholds in a
model. This is contrary to the LBA, where the two response thresholds are defined as being at an equal
distance from each other (Brown & Heathcote, 2008).

In this experiment, it is assumed that the different response thresholds in the RDDM represent the
different response thresholds for the acorn is present and the acorn is absent responses. It is assumed
that the response threshold for the acorn being absent in any given patch is higher than the response
threshold for the acorn being present in any given patch. The assumption here is that uncertainty is
greater for a decision regarding whether an acorn is absent within a particular patch, than deciding if
an acorn is present in a particular patch. Consequently, this uncertainty increases the amount of
accumulated evidence required to trigger the response that the acorn is absent. Additionally, it is
assumed that the response thresholds for the acorn being absent or present in block 2 of the
experiment are both lower than in block 1 of the experiment. The assumption here is that the
emphasise placed on the speed component of the speed-accuracy trade-off in block 2, causes
participants to forego the need to accumulate higher levels of evidence in support of a particular
response in order to provide a quicker response. This therefore lowers the response thresholds in
block 2 of the experiment relative to block 1. In effect, on three and five patch trials it is assumed that
participants initially search each patch once, with the duration of the search and accuracy defined by
the model parameters. The first patch searched on a trial is assumed to be random. If the target is
believed to be present in a patch, the trial ends, and accuracy and RT is determined. If the target is
believed to be absent in a patch, the participant moves onto another yet unsearched patch. If all
patches on a trial are searched and believed to not contain the target, another randomly chosen patch
is searched until the target is believed to be present in a patch. Refer to Figure 5 below for an
illustration of the RDDM logic for each trial type.
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Figure 5
Logic schemes used by the RDDM algorithms to determine responses and RTs. (A) One-patch trials; (B) Three-patch trials;
(C) Five-patch trials.
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The simulation model algorithm was created with 8 parameters: a response threshold for when the
acorn is absent and when the acorn is present response across both blocks; a separate drift rate for
when the acorn is present and when the acorn is absent; a sampling noise parameter; a non-decision
time parameter.

As previously mentioned, due to the relatively small dataset collected for this experiment, the
standard model fitting procedure could not be applied in this instance. Additionally, a closed form
expression for the likelihood functions could not be derived. As such, an estimation procedure was
used to fit our RDDM to each participant individually. Specifically, this procedure estimates the best
fitting parameters for the RDDM model for each participant. The estimation procedure used was the
Approximate Bayesian Computation (ABC) method.

ABC is fundamentally based on a simple rejection algorithm, comprising a series of steps (Csilléry et
al,, 2010, 2012; Wegmann et al., 2010): (1) Summary statistics are produced for the collected dataset;
(2) A simulation model is created and multiple iterations are ran with starting parameters initially
picked from a uniform distribution; (3) The simulation results for each iteration are turned into
summary statistics equal to those produced for the collected dataset; (4) If the difference between the
summary statistics of the collected dataset and simulated dataset for a particular iteration is within a
rejection threshold, the simulation model parameters that produced the simulation summary
statistics for that specific iteration are kept. The other simulation model parameters are rejected; (5)
The simulation parameters kept for each model parameter are then transformed into new parameter
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distributions; and (6) The process is repeated from step 2 with parameters now picked from the new
parameter distributions and with a lower rejection threshold.

The primary function of ABC is to update the prior information available on the parameter
distributions of the simulation model, by refining it through the rejection algorithm. The aim is to
obtain a more narrowly defined posterior distribution range for the model parameters that better
estimate the true parameter values (Csilléry et al., 2010).

The summary statistics used for step 1 were five RT quantiles (10%, 30%, 50%, 70% and 90%) for
both correct and incorrect responses across all conditions. For the present experiment step 2 was ran
with 500 iterations and a set of uniform parameter distributions were defined based on trial-and-
error. The difference between the real data and the simulated data summary statistics in step 4 was
calculated as the square root of the squared difference between the collected and simulated summary
statistics. The rejection threshold used in step 4, defined as ¢, ranged from 7.5—-0.5 and decreased in
intervals of 0.5. This gave a total of 15 resampling steps for the ABC algorithm used. In step 5 the new
parameter distributions were created through a Gaussian kernel transformation. The specific ABC
estimation procedure used in this modelling exercise was a subset of the rejection algorithm: Partial
Rejection Control (PRC). The ABC-PRC algorithm is similar to the ABC procedure outlined above,
expect that step 5 involves resampling and weighting the parameter distributions (Sisson et al., 2007,
2009).

The parameter values selected from the ABC posterior distributions for the model parameters were
based on the mean value of these distributions. Refer to Figure 6 below for a sample illustration of the
posterior distributions produced for the various model parameters by the ABC fitting procedure.

Figure 6
Posterior parameter distributions for seven model parameters from one participant. Red circles indicate peak density
points.
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Table 4 provides summary statistics for the estimated response thresholds.

Table 4
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Mean estimated parameter values by target presence, with HDIs from the model fitting procedure

Parameters Mean Estimates HDIs
Block 1 — Present: 6.05 2.17-8.55
Block 1 — Absent: 7.45 2.45-9.06
Block 2 — Present: 6.16 2.47 - 8.64
Block 2 — Absent: 7.80 2.15-8.79
Drift — Present: 0.11 0.09-0.80
Drift — Absent: 0.04 0.04-0.81

In order to assess whether changes in the speed-accuracy trade-off between blocks were determined
by changes in participants’ response thresholds across the blocks, we performed a 2(blocks: 1 & 2) x
2(response threshold: present & absent) Friedman Test on the data as it was not normally distributed.
This was done to assess whether there was a significant difference between present and absent
response thresholds across blocks. As the present assumption is that the speed-accuracy trade-off is
determined by changes in response thresholds and not changes in the rate of information processing,
previous findings that participants’ behaviour did not significantly differ across blocks should be
reflected in response thresholds. That is, if changes in response thresholds determine the speed-
accuracy trade-off and inferential results show no indication of a speed-accuracy trade-off being
implemented, there should therefore not be a significant difference between response thresholds
across blocks. Results showed that there was a non-significant main effect of block and response
threshold. These results are therefore consistent with the findings from the experimental results that
a speed-accuracy trade-off was not successfully implemented methodologically.

DISCUSSION

The experimental results show that a speed-accuracy trade-off paradigm was not successfully
implemented in this experiment. Conclusions on whether changes in the speed-accuracy trade-off
drive foraging behaviour could not be made. However, descriptive results do support the assumption
that search strategy alone does not drive foraging behaviour. Results showed that all participants
utilised numerous search strategies throughout the experiment. For example, for any given block and
trial type, the most used search strategy never represented more than 30% of all search strategies
used by a participant. Although no significant behavioural differences were observed between blocks,
it remained to be seen if there occurred significant differences between participants’ response
conservativeness between the experimental blocks. Participants’ response conservativeness (speed -
accuracy trade-off) was modelled as a participant’s response threshold using a series of RDDMs and
fitted to the experimental data using ABC. The results showed that there was no significant difference
in participants’ response thresholds between blocks.

The non-significant experimental and modelling results found are as expected. As if the experimental
paradigm failed to implement a speed-accuracy trade-off, non-significant results are to be expected.
However, I do not believe this extends to the descriptive results on search strategy. In conjunction
with the results found by Boot et al. (2009), the intra-task nature of the present experiment did not
produce a convergence of search strategies. These results are to be expected if foraging behaviour is
assumed to be driven by the manipulation of the speed-accuracy trade-off (modelled as response
conservativeness). Even though the present experiment showed no significant difference in response
thresholds between blocks or trial types, a convergence of search strategies did not occur to attempt
to drive behaviour in this task. As such, the similarity in behaviour between both blocks of the
experiment could have been driven by a similarity in participants’ response conservativeness
between both blocks. Therefore, it is assumed that a significant difference in participants’ response
thresholds between blocks would consequently represent a significant difference in behaviour
between blocks.

Methodologically, the implementation of a speed-accuracy trade-off was based on instructions. The
experimental paradigm depended on participants strictly following the presented instructions to
empathise a different aspect of the speed-accuracy trade-off in different blocks. Although these
instructions were intended to be carefully followed by participants, there was no obligation or
incentive for participants to do so. As such, a second experimental paradigm is proposed, whereby the
implementation of the speed-accuracy trade-off is not dependant on the properties of the task, but
on the inherent properties of the participants.

105



Psychreg Journal of Psychology - Volume 9 - Issue 1 - 2025
Prince Kouamelan Kouassi

The literature has robustly shown that the speed-accuracy trade-off is emphasised in different ways
by different age groups (Berchicci et al., 2012; Tiedemann et al., 2007; Zaal & Thelen, 2005). For
example, young participants have been found to emphasise the speed component and more senior
participants found to emphasise the accuracy component of the speed-accuracy trade-off (Berchicci
et al., 2012). Ratcliff et al. (2004) applied the drift diffusion EAM to the data generated by younger
college age participants and older (60—75) participants on a recognition memory task. The results
found that older participants were characterised by higher response conservativeness (trading
accuracy for speed) compared to the younger participants. Furthermore, these inherent
characteristics of participants of different age groups have been found across a variety of different RT
tasks (Zaal & Thelen, 2005). Another example of this effect is found in the Trial Making Tests. These
tests are a neuropsychological instrument used as a method for identifying neurological and
cognitive decline. They involve individuals connecting a series of approximately 25 enclosed numbers
or letters in numerical or alphabetical order (Wagner et al., 2011). Clinical results have found that
older samples have increased competition times relative to older participants, even in the absence of
motor, sensory or non-age-related cognitive deficits (Bowie & Harvey, 2006; Wagner et al., 2011).
This again is indicative of how different age groups intrinsically emphasise different aspects of the
speed-accuracy trade-off on tasks.

The proposed second experimental paradigm will be identical to the first, except that the experiment
will be ran using a mixed method and there will be no explicit speed-accuracy trade-off emphasis.
Instead, three separate groups of participants will be tested, categorised by age group: 18 -30, 35—-45
and 50-65. The three groups will represent young, middle aged and senior participant groups. The
assumption is that the younger age group (18-30) will inherently emphasise the speed component of
the speed-accuracy trade-off and therefore have lower response conservativeness. The senior group
(50—-65) will inherently emphasise the accuracy component of the speed-accuracy trade-off and will
therefore have higher response conservativeness. The middle-aged group will represent a balance
between the two groups. As such the proposed associated differences in response conservativeness
associated with the different components of the speed-accuracy trade-off will be most salient
between the young and senior group.

The aim of the second experiment remains identical to the first, except that the speed-accuracy
trade-off will now be implemented through the inherent characteristics of the different participant
groups.

CONCLUSION

This study aimed to examine whether performance in a multi-patch visual foraging task is influenced
by changes in the speed and accuracy trade-off, represented through response thresholds in an
evidence accumulation framework. Although the experimental design instructed participants to focus
on either speed or accuracy in separate blocks, the results indicated no significant behavioural or
computational differences across these conditions. Participants appeared to rely on consistent and
individualised response strategies throughout the task, which suggests either a lack of compliance
with instructions or limitations in the task’s ability to produce the intended behavioural variation.

Several limitations must be acknowledged. The primary issue was the dependence on participants
following verbal instructions to adjust their decision-making approach, without reinforcement or
motivation tied to their performance. This likely weakened the intended manipulation. The small
sample size also restricted the generalisability of the findings and reduced the precision of parameter
estimation in the computational models, which had to rely on simulation rather than standard fitting
techniques. In addition, although the absence of a dominant search strategy aligns with previous
literature, it limited the ability to explore systematic relationships between strategy use and
performance outcomes.

Future studies should consider adopting a revised design that takes into account inherent individual
differences, such as those related to age, which are known to influence how people prioritise speed
versus accuracy. A mixed-methods design involving separate age groups may better capture natural
variations in response conservativeness. It would also be beneficial to introduce performance-based
incentives or real-time feedback to encourage participants to adjust their behaviour in line with
experimental demands. Finally, the use of larger samples and more advanced modelling techniques,

106



Psychreg Journal of Psychology - Volume 9 - Issue 1 - 2025
Prince Kouamelan Kouassi

such as hierarchical Bayesian methods, would strengthen the reliability and interpretability of future
results. These refinements can provide greater clarity on how decision-making processes are
governed by the balance between speed and accuracy during complex visual search and foraging
tasks.
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